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ABSTRACT 

Understanding how vegetation growth and seasonality will change as a result of climate 

change is imperative for the development of targeted mitigation strategies by governments 

and non-governmental organizations (NGOs). Iraq is a country that is teetering precariously 

under the current climate regime and political instability. However, little environmental 

research has been carried out, and as such relatively little is known about the interaction 

between Iraq’s vegetation and climate. The United Kingdom (UK), although a more 

economically and politically stable country, too, has areas that will be affected by future 

climate change, including increased risk of flooding and extreme temperatures and sea level 

rise. The main aim of this thesis is to develop a robust model that provides high-resolution 

data, which can predict future phenological growth in regions with different climate regimes 

(Iraq and the UK).  

This thesis sets out to test a modified Growing Season Index (GSI) model and to answer the 

following questions: RQ1) What is the relationship between the Normalized Difference 

Vegetation Index (NDVI) from the MODerate-resolution Imaging Spectroradiometer 

(MODIS) and two climatic factors (precipitation and air temperature)?: RQ2) Does the use 

of precipitation as a variable make the GSI phenological model more robust? And RQ3) Can 

the model be used to predict future phenological changes? The study areas (Iraq and the UK) 

contain a number of climatic and environmental zones. The proposed model is tested across 

the whole of Iraq and in three climatically and environmentally different regions: 

Sulaymaniyah, Wasit and Basrah. The model is also tested in the UK  for comparison with 

Iraq. 

First, the relationship was investigated between the MODIS NDVI and two climatic 

variables, precipitation and air temperature, over the last decade (RQ1). The results show 

that there is a strong link between temporal patterns of NDVI and precipitation, and a weak 

link with air temperature, thus indicating that precipitation is the primary factor in 

germination with air temperature acting as a secondary driver. Further, an extant 

phenological model, the GSI, is modified by adding the new precipitation variable, to better 

quantify relationships between weather and vegetation canopy dynamics across the various 

semi-arid regions of Iraq (RQ2). It is found that the correlations are more robust with the 

modified model. The model is then used to test the applicability of the GSI model in 

predicting future phenological changes (RQ3) using climate change scenario datasets for the 
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period (1951-2098). The results show that the modified GSI model performs well in 

predicting future phenological changes. 

The model is tested across the UK for comparison with Iraq. The results show that the 

modified model is far more robust when the new variable of precipitation is added. It 

performs well in comparison with the past NDVI datasets. It also simulates well in 

comparison with other climate scenario models and can be confidently used to predict future 

climate change, particularly in areas with insufficient infrastructure and political stability 

leading to a dearth of ground survey data. In addition, the thesis investigates the duration of 

maturity of the vegetation and monitoring wheat cropland growth in a specific region of the 

UK (Duxford) over a limited time span, using a new remote sensing dataset (Sentinel S-1 

images) and applying the Differential Interferometry Synthetic-Aperture Radar (DInSAR) 

technique, with a comparison with MODIS NDVI data. The results show that there is real 

potential in using the DInSAR technique and remotely sensed data (MODIS dataset) to 

estimate the crop height and to calculate the area of crop distribution. 
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CHAPTER 1 

 

INTRODUCTION 

 

1.1 Background and motivation 

The prediction of changing vegetation phenology due to climate change is becoming more 

and more crucial for agricultural researchers, farmers, foresters, designers of phenological 

models and agricultural planners, because climate plays an important role in many biological 

processes such as seasonal vegetation, the risk of frost damage and carbon balance in 

ecosystems, while vegetation is a vital feedback factor in the climate system (Lieth, 1974; 

Regniere, 1982; Schwartz, 1998; Menzel, 2000; Rutishauser et al., 2007; Chen and Xu, 

2012; Cleland et al., 2012; Richardson et al., 2013; Zhao et al., 2013; Fu et al., 2014; 

Fitchett, 2015). The design of phenological models needs to be robust, utilising multiple 

climatic variables to cope with the uncertainty of climate change – the more variables that 

are used, the more detailed and accurate the modelling becomes. Phenological phases of 

plants, such as leaf unfolding and leaf colouring changes in trees, and faunal cycles, such as 

the migration of birds, are mainly driven by environmental factors. Factors influencing plant 

phenology are primarily biological and include: competition, soil factors, diseases, pests, age 

and genetics. However, weather conditions and photoperiod are the most important factors 

during the actual, past and dormancy vegetation periods (Schnelle, 1955; Defila, 1991; 

Menzel, 2000; Diez et al., 2014). As such, hindcasting phenological changes for the past and 

future decades provide crucial information about the influence of climate change on 

vegetation (changes in the temperature during winter and spring, precipitation, and vapour 

pressure deficit).  

Recently, the number of climate change impact studies has increased significantly. Studies 

on the impact of climate change on vegetation using phenological models such as Growing 

Season Index (GSI) by Jolly et al. (2005) help to diagnose the state of vegetation by using 

three major climatic drivers serving as surrogates for underlying controls on vegetation 

phenology: low temperature, evaporation demand, and photoperiod. However, such studies 
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are still limited in terms of the number and scope due to the significant difficulties that 

challenge researchers in this field. For example, running a phenological model requires 

meteorological variables with extraction threshold limits for each variable (Jolly et al., 2005, 

Stöckli et al., 2011, Förster et al., 2012). Additionally, thresholds limits for bioclimatic 

indices vary from one location to another. The use of climate change scenarios directly as 

input data in phenological models for predicting future phenological changes are still limited, 

particularly for the Middle Eastern region. 

The deficiencies in GSI phenological models can be dealt with by using different methods, 

for instance by constructing an enhanced phenological model through the addition of a new 

bioclimatic index and using different limits of thresholds for each climatic variable. 

Furthermore, the phenological transition points range for the Normalized Difference 

Vegetation Index (NDVI) from the MODerate-resolution Imaging Spectroradiometer 

(MODIS), which correspond to the duration of maturity of the vegetation, can also be used. 

Analysis of NDVI variability in response to climatic factors (precipitation and air 

temperature), for instance, was undertaken in order to determine whether or not NDVI is a 

sensitive indicator of the inter-annual variability of precipitation and found that precipitation 

is the primary factor in germination while air temperature acts with a lesser effect – this 

analysis helped in the decision to add the new bioclimatic index in the developed GSI model.    

The processed (i.e., bias corrected) climate model data (precipitation, temperature, and 

relative humidity) can be used as input for the phenological model to assess the impact of 

the future climate on vegetation. Additionally, processed observed NDVI (MODIS) data can 

be used to compare with predicted GSI values in order to find correlations and 

correspondence (i.e., matches) between the predicted GSI values and NDVI values. Such an 

assessment could help to identify where and how vegetation may be negatively impacted by 

climate changes (i.e., rising temperatures), thus necessitating the implementation of 

mitigation strategies. This analysis can also assist in developing region-specific versions of 

phenological models. 

However, in vegetation impact studies, there are many different issues that need to be taken 

into account. For instance, there is the choice of a climatic variable with high impact 

(efficiency) to improve the performance of the phenological model. The selection of 

threshold limits for specific climatic variables (minimum temperature, or vapour pressure 

deficit, daylength, or precipitation) is also important and requires increases or decreases of 
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limits in the running of the phenological model until the final best output of the phenological 

model is reached. The correlation between predicted GSI values against satellite-derived 

estimates of the NDVI may be not significant in some years and this has to be addressed 

carefully – is it an issue of data quality or unusual weather conditions? Any issues need to 

be addressed in order to improve the robustness of the model to predict future vegetation 

processes.  

However, although most phenology models are designed to analyse and / or to predict future 

trends in response to climate change, a holistic bioclimatic index that includes precipitation 

as a dominant control has not been adequately considered in the existing literature (Jolly et 

al., 2005; Stockli et al., 2011; Förster et al., 2012). One simplification that the original GSI 

made was to use vapour pressure deficit (VPD) as a surrogate for seasonal changes in water 

availability and daily precipitation measurements were not considered.  In semi-arid regions, 

precipitation directly controls seasonal canopy variations (Jolly & Running, 2004) and the 

use of VPD as a surrogate may not be sufficiently robust to capture the range of potential 

plant responses during extended dry periods. A more generalized version of GSI should, 

therefore, include a direct precipitation control to improve predictions in semi-arid regions.  

Although the phenology model posited by Jolly et al. (2005); see also Stockli et al. (2011); 

Förster et al. (2012) was applied for a specific period, the GSI model could also be applied 

to predictions over future time periods with some modifications such as the application of 

linear regression analysis as was done for this research.  

In this thesis, I addressed the main issues that emerge in the process of running the 

phenological model to determine what drawbacks are present at each stage. I also discussed 

how to overcome these drawbacks and improvements that can be done. These issues and 

discussions form the basis of my research questions, which will be discussed in more detail 

below and the study is based on research questions instead of hypothesis based. (albeit they 

are related to the relevant hypotheses). 
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RQ1) What is the relationship between the Normalized Difference Vegetation Index 

(NDVI) from the MODerate-resolution Imaging Spectroradiometer (MODIS) and two 

climatic factors (precipitation and air temperature)? 

In terms of the relationship between vegetation and multiple climatic factors, including 

precipitation and air temperature: these are very important to study in order to decide which 

variable has more influence on vegetation. This chosen variable will then be added to the 

phenological model. Because little environmental research has been carried out in Iraq, and 

relatively little is known about the interaction between Iraq’s vegetation and climate, I 

attempted to identify the climatic factors that have more impact on vegetation. This step 

serves to fill this knowledge gap by investigating the relationship between the NDVI and 

two climatic factors (precipitation and air temperature) over the last decade. The related 

hypothesis is that precipitation is more important than air temperature in influencing the 

local vegetation NDVI in a water stressed country such as Iraq. 

 

RQ2) Does the use of precipitation as a variable make the GSI phenological model more 

robust?  

Although most phenology models can analyse and predict future trends in response to 

climate change, these models often perform poorly in semi-arid regions where precipitation 

is limited. The related hypothesis is that adding precipitation will make the GSI phenological 

model more accurate. Because of this, I modified an existing phenology model, the Growing 

Season Index (GSI), to better quantify relationships between weather and vegetation canopy 

dynamics across various semi-arid regions of Iraq. A modified GSI was created by adding a 

cumulative precipitation control to the existing GSI framework. Both unmodified and 

modified GSI values were calculated for the whole study area (Iraq) and three selected test 

sites (Sulaymaniyah, Wasit and Basrah). A country-wide mean and the running mean daily 

unmodified and modified GSI values for these study areas were also calculated and 

compared to the NDVI (obtained from MODIS). The country-wide median inter-annual 

correlations between GSI and NDVI more than doubles with the addition of the precipitation 

control and within-site correlations also show substantial improvements. 

 

RQ3) Can the model be used to predict future phenological changes? 

Accelerated climate change exerts great pressure on the environment and livelihoods of 

people, particularly in the Middle East, which is prone to droughts and crop failures. Iraq, 



Chapter 1. Introduction  

 

5 

 

especially, is experiencing serious socioeconomic and ecological problems due to the 

changing climate. It is, therefore, crucial to analyse and predict phenological changes as 

these data will enable policymakers and non-governmental organizations (NGOs) to better 

manage resources and implement mitigation strategies for the present and the future.  

However, one the most important drawbacks of designing a phenological model is the short 

time periods (one year or ten years) for the inputs of meteorological variables that are used 

to predict the vegetation. To my knowledge, there are no studies that evaluate this new 

processed climate data in Iraq. 

The related hypothesis is that the model can be used to predict future phenological changes. 

Therefore, I developed the GSI model and tested the applicability in predicting future 

phenological changes using climate change scenario datasets for the period (1951-2098). 

Also, I calculated the Effective Growing Season Length (EGSL) shows the number of days 

each year when plants are likely to grow. I calculated the daily GSI values and then 

multiplied the monthly GSI values by the days in the month and summing up for each year, 

giving a cumulative annual metric of growing season length that is much easier to analyse 

for trends. 

Previous phenological studies have exposed earlier beginning of spring events, for example, 

the flowering of plants in Estonia or Hungary or the arrival of migrant birds in Estonia and 

in the United Kingdom (UK) (Menzel, 2000). An extended growing season in Europe was 

recently described by Menzel & Fabian (1999). However, there are still limitations in 

applying the phenological model for the UK to predict future phenological changes.  

Thus, I investigated the duration of maturity of the vegetation in the UK, using the 

Differential Interferometry Synthetic-Aperture Radar (DInSAR) technique and compare it 

with MODIS NDVI data. A thorough literature review shows that there is no research in this 

field (especially using Sentinel S-1 images). Then I tested the developed GSI model and 

predict the NDVI values for the future. Afterwards, I calculated the EGSL values.  

Finally, I compared phenological studies between two different regions, the Middle East 

(Iraq) and Europe (the UK). The climates are very different between the two. There has been 

no similar comparison between predicted future phenological changes for these two areas 

over the long term.  
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1.2 Scope and objectives 

This research aims to understand climate change impact in relation to vegetation and to 

investigate and fill the knowledge gaps. The following three main research themes and two 

additional themes are addressed in this thesis: 

(1) Investigation of the relationship between the NDVI and two climatic variables, 

precipitation and air temperature, over the last decade through:  

a. Processing of the historical observed data, precipitation and air temperature 

datasets from the Water and Global Change Forcing Data ERA-Interim 

(WFDEI), and the MODIS NDVI dataset extracted at 250 m spatial resolution 

and 16-day temporal resolution and 16-day temporal resolution.  

b. The interannual, intra-annual and seasonal variability for each region is analysed 

to compare the different responses of vegetation growth to climatic factors.  

c. Correlations between the NDVI and climatic factors are also calculated;  

d. Exploration of the optimum number of months for phenological transition points 

(corresponding to the duration of maturity of the vegetation) that can be used to 

improve the correlation between vegetation and climatic factors; 

e. Investigation of which climatic factors have more influence on vegetation. 

 

(2) Development of the phenological model – the GSI is modified through:  

a. Processing of the high-resolution regional climate model PRECIS (precipitation, 

minimum temperature, average temperature, maximum temperature, and relative 

humidity); 

b. Adding the new precipitation variable, to better quantify relationships between 

weather and vegetation canopy dynamics across various semi-arid regions.  

c. Calculation of the vapour pressure deficit (VPD) and photoperiod.  

d. Examination of different threshold limits for all climatic variables.  

e. Investigation of the relationship between GSI values and observed MODIS 

NDVI data.  

 

(3) Development of the phenological model – the GSI is modified through:  

a. Processing of the historical observed and climate modelled data (minimum 

temperature, maximum temperature, average temperature, relative humidity) 

through: 
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b. Calculation of the VPD and photoperiod. 

c. Performance of the developed GSI model in predicting future phenological 

changes; 

d. Predicted NDVI was correlated with future changes in GSI;   

e. Calculating the EGSL, which shows an interesting multi-decadal cycle in the 

climate change scenarios; 

(4) Investigation the duration of maturity of the vegetation in the UK and a comparison 

with MODIS NDVI data, through: 

a. Monitoring cropland using Sentinel-1 SAR data: A case study in the Duxford 

area, UK; 

 

(5) Evaluation of the performance of the developed GSI model in the UK and a 

comparison with the results from Iraq.  

a. Processing of the historical observed data; the precipitation and air temperature 

datasets are from the WFDEI, and the MODIS NDVI dataset was extracted at 

250 m spatial resolution and 16-day temporal resolution.  

b. The interannual, intra-annual and seasonal variability for each region is analysed 

to compare the different responses of vegetation growth to climatic factors.  

1.3 Thesis layout and structure 

The contents and the detailed description of each chapter of this thesis are depicted in Figure 

1.1. Following the introduction to the thesis presented in this chapter, the literature on the 

impact of climate change on the vegetation is reviewed in Chapter 2. The descriptions of the 

datasets and study sites are presented in Chapter 3. The thesis mainly focuses on four aspects. 

The first part introduces the analysis of NDVI variability in response to precipitation and air 

temperature, which is described in Chapter 4. The second part is the developed and extended 

GSI phenological model, which is illustrated in Chapters 5 and 6. The following Chapter 7 

presents cropland monitoring using Sentinel-1 SAR data: a case study in the Duxford area, 

UK (this is a step to verify the mature vegetation in the UK). Then the developed GSI model 

is applied to predict future phenological changes using climate change scenarios. The last 

part, Chapter 8, compares predicted vegetation phenology between Iraq and UK. Finally, in 

Chapter 9, the main conclusions and recommendations for future work are presented. 
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Figure 1.1  Layout and structure of the thesis. 
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CHAPTER 2 

 

BACKGROUND REVIEW 

 

2.1 Introduction 

As discussed in Chapter 1, this thesis focuses on developing a phenological model and filling 

in the knowledge gaps on the impact of climate change on vegetation cover. This chapter 

presents the current knowledge on how to assess the impact of climate change on vegetation; 

analyses of NDVI variability in response to climate change; the existing phenological 

models and how to develop them; and how to study the prediction of future phenological 

changes.   

The chapter is organised as follows: First, a brief history of phenology is explained in Section 

2.2. Next, phenology and climate change are presented in Section 2.3. Then, phenological 

measurements and remote sensing of vegetation are explained in in Sections 2.4 and 2.5, 

respectively. This is followed by an explanation of the basic concepts of global climate 

models, regional climate models and the very high-resolution regional climate models are 

explained in Sections 2.6. A method of analysis of NDVI variability in response to climatic 

factors (precipitation and air temperature) using MODIS vegetation indices is presented in 

Section 2.7, while the literature of existing phenological models and methods and how to 

develop models are discussed in Section 2.8. Then, the impact of climate change on 

vegetation and the interpretation of the prediction of future phenological changes using high-

resolution regional climate are discussed in Sections 2.9 and 2.10, respectively. Finally, 

Section 2.11 a briefly concludes this chapter. 

 

2.2 A brief history of phenology 

‘Phenology’ refers to the timing of cyclical biological events, such as the start of flowering, 

budburst or bird migration and how these are affected by seasonal and inter-annual changes 

in climate (Caldararu, 2013), in addition to habitat factors (such as altitude). Phenological 

dates and observations have been recorded for millennia (e.g., agricultural texts from 
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Mesopotamia, Varro’s Rerum Rusticarum and the 6th century Chinese, agricultural texts, 

Qimin Yaoshu) mostly for agricultural purposes and to mark festival dates. One well-known 

example is the festival of first cherry blossom in Japan – records of which extend back to 

the 9th century AD (Puppi, 2007; Aono and Kazui, 2008). Detailed observations and long-

term records of spring dates in Europe were recorded by natural historians, such as Robert 

Marsham and Gilbert White, over decades (White, 1789; Marsham, 1789). In the mid-19th 

century, Charles François Antoine Morren coined the term, ‘phenology’ (Puppi, 2007) and 

more focused and scientific approaches to phenology and the formation of a phenological 

committee via the Royal Meteorological Society (Clark, 1936; Puppi, 2007), with similar 

studies taking place elsewhere in Europe, become a trend in the late 19th century (Defila and 

Clot, 2001). The existing records were studied more closely and related to meteorological 

observations, with a view towards scientific understanding (Margary, 1926, 1927). The 

phenological changes in spring and autumn dates and growing season length plays a key role 

in understanding the current and future effects of global warming on terrestrial ecosystems 

and the carbon cycle (IPCC, 2001 a, b).  

 

2.3 Phenology and climate change  

It is believed that spring phenological cycles are triggered by temperature. The French 

physicist Rene de Reaumur established in 1753 the first formal relation (Reaumur, 1753), 

stating that the date of leaf budburst is determined by the number of days with a temperature 

above a certain threshold. Because of this, a model, known as the growing degree days, is 

widely used today. The observed and modelled projected climate changes and increases in 

temperature clearly show that temperate phenological cycles will most likely be indicated in 

terms of spring budburst coming earlier (IPCC, 2001b; Sparks and Menzel, 2002). An 

approximate advance of spring by two days per decade is shown when the existing 

phenological records are analysed (Parmesan and Yohe, 2003; Root et al., 2003; Menzel et 

al., 2006; Schleip, 2009). However, the biological triggers for budburst are more complex 

than a simple linear relation with spring temperatures. Variations include chilling 

requirements and photoperiod but the simplest phenological models only use degree-day 

parametrisation (Korner and Basler, 2010). A model that also takes into account chilling 

stipulates that trees require a given number of days with temperatures below a certain 

threshold before leaf out, in order to prevent any budburst occurring after warm periods in 
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winter (Hanninen, 1990; Chuine and Cour, 1999; Linkosalo, 2000; Chuine, 2000; Caldararu 

et al., 2014). A negative consequence of climate warming on spring phenological cycles can 

be caused by the chilling requirement because warmer winters can delay budburst 

(Linkosalo, 2000). Daylength, also known as photoperiod, is another type of constraint on 

leafing date. Leaf out occurs only after the daylength has exceeded a given number of hours. 

Such a constraint implies that budburst cannot start before some point in time, even with 

exceedingly elevated temperatures (Korner and Basler, 2010). Existing ecosystem models 

describe vegetation phenology using a combination of these parameterisations (more detail 

can be found Richardson et al. (2013). The paucity in intensive studies on the change in 

autumn phenology (Sparks and Menzel, 2002) has led to a lack of understanding. As such, 

some studies show that leaf senescence is strictly triggered by day length (Keskitalo et al., 

2005), while others show that the trigger is related to the lower temperatures in autumn or a 

combination of the two factors (Hänninen et al., 1990). The second explanation would lead 

to a later autumn and hence a longer growing season under global warming, as shown by 

Menzel (2000). 

The impact of climate change on leaf phenology is of interest because of more than 

phenology itself (Caldararu, 2013), as the leaf area, which is directly determined by the start 

of the growing season, is a crucial driver for terrestrial carbon assimilation, biosphere-

atmosphere exchanges, as well as a factor in global climate through changes in surface 

roughness and albedo (Schwartz, 1992; Hogg et al., 2000; Theurillat and Guisan, 2001). 

Modelling plant phenology depends on a solid understanding of the dominant climatic 

controls that govern phenological processes, however these models are often developed and 

calibrated for a single region and they lack a solid, theoretical foundation. Early studies have 

argued that extant phenology models, based mainly on satellite canopy coverage imagery, 

sparse phenological ground observations and various mathematical formulae, needed to be 

combined with surface weather data in order to create a more dynamic representation of the 

vegetation over large areas. The researchers pursued to develop a simple phenological model 

for challenging the hypothesis that there is such a set of conditions of public climatic that 

interaction to limit foliar phenology at the global scale (Jolly et al., 2005). Jolly et al. (2005) 

proposed a simple approach that combined daily minimum temperature, vapour pressure 

deficit (VPD), and photoperiod (daylength) into a simple index of vegetation canopy 

development called the Growing Season Index (GSI). Other studies used satellite data to 
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calibrate the phenological GSI model to better predict vegetation phenology cover globally 

across Plant Functional Types (PFTs) ‘is a system used by climatologists to 

classify plants according to their physical, phylogenetic and phenological characteristics as 

part of an overall effort to develop a vegetation model for use in land use studies and climate 

models’ (Stockli et al., 2011). The GSI approach applied by Förster et al. (2012) to simulate 

water balance at meso- and macro-scale. These studies were the direct application of the 

existing phenological GSI model and the improvement on the model itself had not been 

implemented. Although most phenology models are designed to analyze and / or predict 

future trends in response to climate change, the comprehensive bioclimatic index, which 

includes precipitation as a dominant control, has not been adequately considered in current 

phenology models. One simplification introduced by the original GSI model was the use of 

VPD as an alternative to seasonal changes in water availability and daily rainfall 

measurements were not taken into account. Changes in precipitation may change humidity 

systems. For more details about the development of the phenological GSI model can be 

found in Section 2.8. 

Soil erosion, salinity, acidity, and other physical and chemical factors may be affected as 

well. All these factors are closely related to vegetation growth. For example, with global 

temperature projected to rise to 3°C by the year 2030, this could cause sea levels to rise by 

0.8–1.8 m over the next century mainly due to thermal expansion of water and the melting 

of glaciers (Theurillat and Guisan, 2001). A 1-m rise in sea level could jeopardise one-third 

of the world’s cropland either through direct flooding or through salt water intrusion and 

would enhance the emission of greenhouse gases further. In semi-arid regions, precipitation 

directly controls seasonal canopy variations (Jolly & Running, 2004) and the use of VPD as 

a surrogate may not be general enough to capture the range of potential plant responses 

during extended dry periods. A more generalised version of GSI should, therefore, include 

a direct precipitation control to improve predictions in semi-arid regions.  

Understanding the effect rising temperatures and increasing / or decreasing precipitation 

might have on ecosystem primary production requires an extension of phenological models, 

as the date of budburst is no longer sufficient for understanding large scale carbon uptake. 

While the concept of the start of the growing season is unchanged, the scale of the 

observations changes, both spatially, extending from species to the landscape (Morisette et 

al., 2008, 2009) and temporally, as the entire seasonal cycle needs to be monitored. Such 
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phenological observations are concentrated on photosynthetic activity (Gu et al., 2003) and 

can be extended to: first, boreal forests which retain leaves throughout the year but only 

resume photosynthetic activity in spring. Second, tropical forests which retain both 

photosynthetic activity and leaves all year. 

 

2.4 Phenological measurements  

The eyewitness observation is the simplest phenological measurement of the first day of 

budburst or flower (see Section 2.2). Although such records provide information on long-

term trends, they are often unreliable and hard to correlate with meteorological data. 

Botanical gardens and field sites now provide similar observations of first budburst for one 

or several species across the globe, in North America (e.g., at Harvard forest (Richardson 

and O´ Keefe, 2009) and Hubbard Brook Experimental Forest (Richardson et al., 2006)) and 

in Europe through the International Botanical Gardens project. The project uses cloned 

individuals of the same species at various gardens throughout Europe (Menzel, 2000; 

Chmielewski, 2008), giving a reliable relationship between climate and tree phenology.  

Using warming experiments in which plants (either individual plants or larger plots) are 

artificially exposed to higher temperatures is another way to quantify spring response to 

higher temperatures. Despite the fact that these experiments are often limited to herbaceous 

species (Beuker, 1994; Sherry et al., 2007), these types of plot experiments at larger scales 

can be made using either passive warming through closed or open-top chambers (Repo et 

al., 1996; Norby et al., 2003; Kilpelainen et al., 2006; Walker et al., 2006) and night shading 

(Van Wijk et al., 2004) or active warming through, for example infra-red heaters (Morin et 

al., 2010). Data from such experiments suffers from certain biases such as unequal day to 

night warming and unwanted increases in temperature but they nevertheless have the major 

advantage of a controlled temperature increase on the scale of that predicted for future 

warming during the experimental period. An advance in spring in response to higher 

temperatures, with few exceptions, is shown by most of these experiments; ambivalent 

responses (Norby et al., 2003) or no response at all are also seen (Jones et al., 1997). There 

is a variation regarding the response in autumn senescence dates, ranging from a later date 

(Norby et al., 2003) to an early autumn (Kilpelainen et al., 2006) and to a no-observed 

response (Jones et al., 1997). 
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However, no adequate information of canopy development is offered via observations of 

budburst dates for one species or individual (Caldararu, 2013). Implementing optical or 

radiometric measurements of canopy development at flux tower sites can be achieved by 

continuous monitoring. Utilising digital cameras (Richardson et al., 2007; Crimmins and 

Crimmins, 2008) to provide information on leaf development; vegetation indices as a more 

quantitative approach based on leaf optical properties and absorbed and reflected 

photosynthetically active radiation (Moore et al., 1996; Huemmrich et al., 1999) or CO2 

fluxes to determine growing season dates (Gu et al., 2003; Richardson et al., 2010) are some 

methods that can be used. A very high temporal resolution is vital feature of such 

observations and is available at a large number of field sites (e.g., the FLUXNET network, 

Baldocchi et al. (2001)). A distinctive drawback, however, is the failure to capture 

phenological behaviour on regional or global scales (Richardson et al., 2007). 

For the purpose of testing the predictive quality of the developed phenological GSI model 

in phenological studies, which are often on sub-regional, or regional, or global scales, a much 

larger, spatially and temporally continuous dataset, obtained by MODerate-resolution 

Imaging Spectroradiometer (MODIS) Normalized Difference Vegetation Index (NDVI) 

observations from is needed for comparison with predicted GSI values (Jolly et al., 2005; 

Förster et al., 2012).   

 

2.5 Remote sensing of vegetation  

Earth observations, i.e., acquisition information of Earth’s chemical, physical, and biological 

characteristics by remote sensing methods, can be used to make a range of quantitative 

measurements related to vegetation canopy structure and function. The capabilities of Earth 

observations for mapping, even indirectly, canopy state and function over decadal time-

scales and over wide areas allow for research on phenological cycles changes, anthropogenic 

impacts, and disturbance responses to climate change (Xie et al., 2008; Huete et al., 2010; 

Disney, 2016). Large scale continuous information for phenological studies can be obtained 

through using Space-borne observations of vegetation. Remote sensing data was used as 

early as the 1970s for meteorological measurements and atmospheric using instruments on 

board both aircraft (Hovis et al., 1970) and satellites (Yates, 1970), as well as for measuring 

other environmental variables such as detection of algal blooms (Strong, 1974) and sea 

surface temperature (Maul and Sidran, 1972). Landsat 1 was the first satellite instrument to 
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be used for terrestrial vegetation measurements, launched in 1972, closely followed by 

Landsat 2 in 1975 and Landsat 3 in 1978 (Wulder et al., 2008; Loveland and Dwyer, 2012; 

Gebrehiwot, 2016). The Landsat family of instruments has been used widely for biomass 

and greenness measurements (Goetz and Prince, 1996; Chen and Cihlar, 1996). The longest 

standing time series of vegetation indices were derived from the NOAA/AVHRR (National 

Oceanic and Atmospheric Administration’s Advanced Very High Resolution Radiometer) 

(Goward et al., 1985; Myneni et al., 1997; Moulin et al., 1997; Shabanov et al., 2002). Other 

satellite platforms that are used for monitoring of vegetation involve, but are not limited to, 

the SPOT (Satellite Pour l’Observation de la Terre) VEGETATION, first launched in 1978 

followed by another five SPOT satellites (SPOT 6 was launched in 2012); and the MODIS 

(Moderate Resolution Imaging Spectroradiometer) on board the Terra and Aqua platforms, 

launched in 1999 and 2002 respectively. The vegetation index products (see below) that can 

be obtained from these instruments have a range of spatial and temporal resolutions 

depending on the compositing method and particular index used; the spatial resolution varies 

from 30 m to 1ᴼ grid cells while the temporal resolution is generally 10 days to a month.  

Remote sensing of vegetation is based on the optical properties of leaves, in particular the 

different absorption in the near infrared (0.75-1.35 μm) and red (0.6-0.7 μm) wavelengths 

(Tucker, 1979). This difference is caused by the optical properties of chlorophyll, the main 

photosynthetic pigment, which has its absorption maximum at 0.69 μm. This peak put 

together with the shortage of absorption in the adjacent near infrared region results in the 

observed sharp difference (Myneni et al., 1995b). This difference is the basis of various 

vegetation indices that describe the amount of greenness over a given area (Caldararu, 2013). 

The simplest such indices are the Simple Ratio (SR) and Normalized Difference Vegetation 

Index (NDVI), which are based on the ratio between the red and near infrared bands. Another 

widely used index is the Enhanced Vegetation Index (EVI), which includes background soil 

reflectance and corrections for atmospheric interference (Kaufman and Tanre, 1992; Liu and 

Huete, 1995; Gao et al., 2000), but this can only be computed using data from newer 

instruments (e.g., MODIS) as it requires blue band reflectance (Huete et al., 2002). Less 

used vegetation measures comprise indices that have a soil correction factor such as the Soil 

Adjusted Vegetation Index (SAVI) ‘The index is a transformation technique that 

minimizes soil brightness influences from spectral vegetation indices involving red and 

near-infrared (NIR) wavelengths’ (Huete, 1988), and non-linear indices (Jackson, 1983; 
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Pinty and Verstraete, 1992) and the weighted difference vegetation index (Clevers, 1989). 

A spatial and temporal continuous record of vegetation is provided by using remote sensing 

of vegetation, though its number of error sources are still more likely to occur. Noticeably 

and most importantly, as the signal measured by all space-borne instruments must pass 

through the atmosphere, atmospheric interference can consequently affect the outcome. As 

for the vegetation indices, for instance, the absorption or scattering of radiation in the 

wavelengths by either aerosols or clouds lead to retrievals with a much higher uncertainty 

(Holben et al., 1986; Baret and Guyot, 1991). To account for this effect, the following 

methods can be implemented. First, when calculating the vegetation index itself, as is the 

case with the MODIS EVI and leaf area index (LAI) products, a correction factor can be 

included.  Second, empirical functions or reflectance in a different band can be used (e.g., 

blue for EVI) (Kaufman and Tanre, 1992). Another way of correcting the atmospheric effects 

is by using the data filtering and only use cloud-free pixels, or pixels with a cloud level that 

is lower than a given threshold. Similarly, a smoothing which is often dependent on the 

specific problem and dataset for the observed time series, can also be used as a correction 

method (Reed et al., 1994). A technique in which only the best data point in a given period 

of time is kept, is the temporal compositing (Holben, 1986; Huete et al., 2002). When 

calculating the vegetation indices some effects are often considered. Changes in light 

absorption in the canopy structure and soil interference, which changes the background 

reflectance, can affect the quality of vegetation indices (Justice et al., 1998; Yang et al., 

2006). The quality of remotely sensed data is affected by the presence of snow. Such impact 

is particularly obvious in boreal and high-altitude regions. As a result, unreasonably low 

values are produced; correlating to the quality of the data (Beck et al., 2006; Rautiainen et 

al., 2012). Hence, rectifying such type of impact is viable by not using pixels with snow 

cover. However, in forested areas snow presence is often hard to identify leading to further 

errors (Klein et al., 1998) so that measurements at higher latitudes can often have a poor 

quality. While vegetation indices provide relative information on the temporal and spatial 

variations in vegetation, to gain further insight into ecosystem functions and to integrate into 

ecological models, it will be needed to be related these indices to ecological meaningful 

variables (Caldararu, 2013). Leaf area index (LAI), which is the ratio of one-sided leaf area 

to ground area, and the fraction of absorbed photosynthetically active radiation (fAPAR) are 

the two measures of greenness that are most commonly used and have been shown to 
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correlate well with NDVI (Price, 1993; Myneni et al., 1995a) and EVI (Huete et al., 2002). 

When measuring leaf area using NDVI there would be the caveat of is that it saturates for 

high LAI values (above 4) such as those observed in moist tropical forests  (Asner et al., 

2003), an issue which can be partially addressed by using EVI (Huete et al., 1997; Justice et 

al., 1998; Xiao et al., 2003). Reflectance data from the MODIS instrument was used to 

develop LAI and fAPAR products, the determination of LAI is further improved by 

including corrections for soil reflectance and canopy structure (Shabanov et al., 2005; Yang 

et al., 2006; Ganguly et al., 2008). Other ecosystem measures that can be estimated using 

vegetation indices include photosynthetic capacity and primary productivity (Sellers et al., 

1992; Rahman et al., 2005). To study seasonal cycles in both tropical and temperate regions, 

remotely sensed vegetation data can be used. Subsequently, various methods to determine 

the start and end of the growing season have been proposed. Simply, specifying an arbitrary 

threshold for the specific vegetation index is advantageous as the beginning and end of the 

vegetated period (Lloyd, 1990; Fischer, 1994). On the same perspective, a threshold based 

on the ratio between the observed maximum and minimum is also a beneficial method that 

is better suited for application across different sites (White et al., 1997). Reed et al. (1994) 

and Moulin et al. (1997) have developed another method to identify the inflection point on 

a fitted sinusoidal or bell-shaped curve. More recently satellite-based datasets have also been 

used for tropical (Huete et al., 2006; Myneni et al., 2007) and boreal (Rautiainen et al., 2012) 

systems. In addition to all the above, the most important step in using remote sensing data, 

such as MODIS vegetation indices (NDVI or EVI), for phenological purposes is to use the 

data as input for regional and global models that require seasonal vegetation information. 

However, in this thesis the quality assessment for MODIS NDVI dataset was applied to 

further ensure the accuracy of the data (more details can be found in Section A.1 in Appendix 

A).   

 

2.6 Climate models 

2.6.1 Global climate models 

A key tool for future climate projections is the global climate model (GCM). The dynamics 

and processes of the atmosphere, ocean, terrestrial, and earth’s land surface, which follow 

the fundamental laws of physics, are mathematically simulated through the use of GCMs 

(Brovkin et al., 2002; Krinner et al., 2005; Randall et al., 2007; Ghosh and Mujumdar, 2008). 
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At the cutting edge of climate science are the terrestrial biosphere models that simulate 

changes in terrestrial carbon sources and sink into fully coupled climate models. A 

benchmarking trajectory in this field of study since the Intergovernmental Panel on Climate 

Change (IPCC) Third Assessment Report (TAR) is the inclusion of carbon cycle dynamics 

– including vegetation and soil carbon cycling. Though it is not yet incorporated routinely 

into the Atmosphere-Ocean General Circulation Models (AOGCMs), it is used for climate 

projection (Dufresne et al., 2002; Randall et al., 2007). However, despite the discrepancies 

and differences among the GCMs models, the numerical techniques adopted, the horizontal 

and vertical scales used to run the models, and the way the oceanic, terrestrial and 

atmospheric models interact, they remain noteworthy (Randall et al., 2007; Flato et al., 2013; 

Provenzale, 2014). In the same regards, the simulated climate dynamics and the sensitivity 

of GCMs to external forcing (e.g., by greenhouse gases (GHGs)) are also different. In order 

to produce different scenarios that can be used for climate impact studies, several GCMs are 

being developed continuously and are now freely available (Chakraborty, Tiedemann, & 

Teng, 2000; Cramer et al., 2001; Theurillat & Guisan, 2001; Sitch et al., 2008). One such 

example is the Coupled Model Intercomparison Project, which is now in its sixth phase 

(CMIP6) and which has been widely adopted in recent studies (Flato et al., 2013). 

The use of the GCMs in the simulation of precipitation and temperature is more stringent 

due to its dependence on parameterised processes. The link to the surface fields’ factors such 

as topography, coastline, and vegetation, create a challenge in obtaining greater spatial 

heterogeneity at regional scales (Adler et al., 2003; Flato et al., 2013). Despite the viability 

of the GCMs to capture the global precipitation and temperature patterns, there are still some 

discrepancies between modelled and observed data (Provenzale, 2014). Hence, there is 

correlation in the magnitude of observational uncertainty for precipitation that could vary 

region-wise. Consequently, a number of studies have used several precipitation estimates. 

Large-scale features are yielded by the multi-model method. Examples include the 

maximum precipitation in central and eastern tropical Pacific to the north of the equator and 

the minimum rainfall in Northern Africa arid areas (Dai, 2006). There are, however, 

persistent biases in GCM simulations, even when many large-scale features, for instance of 

tropical circulation patterns, are well simulated. Another example, in line with the ocean-

atmosphere feedbacks, is a very low precipitation along the equator in the Western Pacific, 

indicating the equatorial cold tongue (Collins et al., 2010). Moreover, empirical data show 
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excessive precipitation in tropical convergence zones south of the equator in the Atlantic and 

the Eastern Pacific (Lin, 2007; Pincus et al., 2008). 

However, one of the main drawbacks of GCMs is that they are unsuitable for hydrological 

analyses because of their coarse spatial (100 by 100 km) and temporal (more than daily) 

resolution, (Arnbjerg-Nielsen et al., 2013; Mugume et al., 2013). What can help to correct 

the biases and problems is the use of statistical and dynamic downscaling methods to 

overcome the coarse resolution. To illustrate this, the rainfall discrepancy can be corrected 

through finer resolutions obtained by the statistical downscaling methods. Thus, it has helped 

establishing a relationship between the model’s climate variables and the observed rainfall. 

The implementation of this method can produce results at finer scales in line with the climate 

variables (temperature, rainfall, relative humidity, solar radiation, wind speed). The reason 

behind this is the fact that the GCM represents the boundary conditions and covers part of 

the earth–atmosphere system. For phenological purposes, the GCMs could be used as direct 

inputs that work within a global scope – a side of the above-mentioned the limitations,  

coarse spatial and temporal resolution at less than 100 by 100 km or, 50 by 50km, or 25 by 

25 km and a daily scale, respectively (Jolly et al., 2005; Stockli et al., 2011, Förster et al., 

2012). 

 

2.6.2 Regional climate models  

While GCMs with their coarse spatial resolution cannot provide for regional climate impact 

studies, regional climate models (RCMs), on the other hand, can serve this purpose. Regional 

climate models are nested within GCMs through dynamic downscaling. In other words, they 

have a finer spatial resolution of 10–25 km. This method represents a viable alternative in 

terms of providing a proper representation of convective rainfall through numerical 

simulation (Rummukainen, 2010). 

The main limitation of RCMs, however, is that they cannot be used directly as inputs into 

hydrological models. This is because of systematic biases, including over/under estimation 

in the output of climate variables. This is evident in the case of extreme rainfall where the 

seasonal variation of rainfall is incorrectly projected (Christensen et al., 2008; Terink et al., 

2009; Teutschbein & Seibert, 2010). Another significant pitfall is the lack of matching 

between the observed and the simulated precipitation or the wet day frequency. Empirically 
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speaking, the number of the latter shows high level in the modelled rainfall in comparison 

to the observed rainfall (Ines & Hansen, 2006; Kim et al., 2015, 2016). 

However, RCM output can be post-processed to correct this bias by using different 

techniques ranging from simple linear scaling method to the more sophisticated distribution-

based scaling method (Piani et al., 2010; Chen et al., 2011a, 2011b; Johnson & Sharma, 

2011; Teutschbein & Seibert, 2012). Teutschbein & Seibert (2012) assessed the performance 

of four bias correction methods for rainfall factor trying to identify the advantages and 

drawbacks of each method. They concluded that these methods are able to correct biases to 

some extent and note that the distribution-based scaling method is the best.  

However, the temporal resolution produced by RCMs is still too coarse to be used for climate 

change impact studies especially in smaller-scale urban areas, therefore, statistical 

downscaling is used in order to get higher resolutions. But, the main disadvantage of 

statistical downscaling (as in Section 2.6.1) is its inapplicability to climate variables (such 

as temperature, relative humidity, and solar radiation) outside of precipitation. Thus, these 

variables are assumed to be constant temporally and/or spatially. To overcome this 

disadvantage of statistical downscaling, a combination of different methods can be used, 

known as ensemble downscaling (especially useful for small scale regions like urban areas). 

Three types of statistical downscaling methods are utilised: stochastic modelling, resampling 

methods and empirical transfer functions (see Willems et al. (2012) and Mugume et al. 

(2013) for more details).  

Despite the above mentioned but in the phenological model for global or regional or sub-

regional scale can be used RCM as input directly. In addition, recently has been reduced 

high-resolution regional climate models especially for Middle East (ME) regions, this can 

be seen in the next section (Section 2.6.3). These types of models that do not need to correct 

for temporal (for e.g., disaggregation) or spatial resolution (for e.g., downscaling), can be 

used directly as inputs in phenological models.  

 

2.6.3 Very high-resolution regional climate models 

In the past few years, the RCM resolution has been increased from 100 km to around 25–50 

km, and now RCMs are starting to approach true local scales, reaching even higher 

resolutions of around 10 km or better. Preliminary results show further improvements in the 

representation of spatial detail and extremes (Christensen & Christensen, 2007; Halenka, 



Chapter 2. Background review 

 

21 

 

Huszar, & Belda, 2008; Kanamitsu & Kanamaru, 2007). However, some of the drawbacks 

and complications, in terms of computational cost, include limited spatial availability of 

suitable observational data on such high resolution. Increasing resolution also warrants 

changes in the representation of the dynamical and physical processes in the models. 

Nevertheless, the prospects are promising, in terms of both research on local climate 

processes (and their impact on larger scales) and provision of impact and adaptation 

applications (Christensen et al., 1998; Suklitsch et al., 2008; Lucas‐Picher et al., 2012).  

One of the high-resolution models is PRECIS (Providing Regional Climates for Impacts 

Studies) driven by A1B scenario, 0.22-degree latitude, and longitude runs (LBC: 

HadCM2Q0 A1B) in the EMME (Eastern Mediterranean and the Middle East). This model 

can be used directly as inputs in the phenological model that includes daily precipitation, 

temperature, and relative humidity (Hadjinicolaou et al., 2011; Lelieveld et al., 2012). 

 

2.7 Analysis of NDVI variability in response to climate change 

As the main component of terrestrial ecosystems on earth, vegetation plays an important role 

in the water, energy exchange, and biogeochemical cycles (Peng et al., 2012; Ning et al., 

2015). In addition to its importance in linking soil, atmosphere, and moisture (Godínez-

Alvarez, Herrick et al., 2009), it has an irreplaceable role in maintaining climate stability, 

regulating the carbon balance and reducing global-scale greenhouse gases (Piao & Fang, 

2003). A vital issue in global change in terrestrial ecosystems (Fu et al., 2010) is vegetation 

dynamics and the responses to climate changes and monitoring vegetation dynamics at large 

scales can be provided by remotely sensed data with high spatial and temporal resolutions 

and accuracy. NDVI data based on red and near-infrared reflectance (Rouse et al., 1974) 

have been frequently used for studying vegetation dynamics. The reason for this is the high 

correlation with the leaf area index, biomass, photosynthetic capacity and the net primary 

productivity (Li et al., 2014; Liu et al., 2015).  

NDVI values range from −1 to 1, with higher positive NDVI values corresponding to higher 

vegetation coverage and activity (Fang et al., 2004). Negative NDVI values indicate the 

presence of clouds, snow, water, or a bright, non-vegetated surface (Yin, et al., 1997). 

Moreover, the NDVI has been widely used to assess the net primary productivity of 

vegetation (NPP) (Piao et al., 2006; Liu et al., 2015) and crop production (Rembold et al., 

2006; Mkhabela et al., 2011) and to highlight feedback effects of vegetation on local 
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climates (Jingyong et al., 2003; Gong & Shi, 2003). In addition, the NDVI has also been 

used to improve predictions and impact assessments related to disturbances, such as droughts 

(Gong & Shi, 2003) and floods (Wang et al., 2003a). Extensive research has conducted over 

the past 20 years on surface vegetation coverage at different spatial and temporal scales 

based on NDVI time series data. Myneni et al. (1997) and Xiao & Moody (2005) have shown 

in their research that global vegetation activity has been gradually increasing, especially in 

northern middle-high latitude regions. Similar results were obtained from the Tibetian 

Plateau (Liang et al., 2007), the Loess Plateau (Wang et al., 2010; Xiao & Moody, 2014) 

and over southwestern, central, and northwestern China (Schnur et al., 2010; Piao & Fang, 

2003; Chen & Yu, 2007). Conversely, decreasing NDVI trends have been detected in many 

regions, including southwestern United States (Djebou et al., 2015), northeastern Thailand 

(Thavorntam & Tantemsapya, 2013), the upper catchments of the Yellow River (Cao et al., 

2014), and the Lancang River source region (Liu et al., 2014). In addition, the relationship 

between the NDVI and climatic factors has been explored by scholars at both local and 

regional scales since the 1980s. However, the mechanisms of the vegetative response to 

climate change are uncertain (Wang et al., 2003b), and the results from previous studies have 

varied due to different vegetation characteristics, regions, and study methods. For example, 

Schultz & Halpert (1995) found that the global-scale NDVI data are not highly correlated 

with precipitation, although they did not correlate the data with temperature. Liu et al. (2015) 

reported that vegetation coverage in the arid, western regions of north-eastern Asia exhibits 

a strongly positive correlation with precipitation, while spatial changes in the NDVI, which 

are influenced by temperature in the region, are less pronounced. He et al. (2012) examined 

the seasonal and inter-annual relationships between vegetation and climate data from 1985 

to 2007 over Canadian ecosystems. Their results suggested that the relationship between the 

NDVI and temperature is stronger than that with precipitation (He et al., 2012; Chuai et al., 

2013). 

Clearly, the key climate factors impacting the NDVI vary by region. Therefore, it is essential 

to conduct regional-scale research. Iraq, which is located in the Middle East (ME), has a 

semiarid climate with an annual mean precipitation of 300 to 500 mm and an annual mean 

temperature range from 0°C to 39°C (although temperatures in the 40s have been recorded). 

This region is subject to climate change as well as socio-political instability, which has lead 

to high pollution levels and anthropogenic accelerated climate change. Both environmental 
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pollution and changes in climate, which can be linked to human activities, have seriously 

altered surface conditions. As is clear from the above discussion, the vegetation response to 

climatic factors is a hot topic in global change research. However, research on vegetation in 

the Middle East is still limited, especially at the regional and sub-regional scale. It is 

important to highlight the interactive relationship between vegetation variation and climatic 

factors in a semi-arid region like Iraq, which might provide some scientific basis for 

comprehensive climate management and developing phenological models (a more detailed 

explanation of the analysis of NDVI variability in response to two climatic variables 

(precipitation and air temperature) in different regions of Iraq, using MODIS vegetation 

indices is discussed in Chapter 4). 

 

2.8 Phenological models and methods and developing the GSI model 

As shown above, there is ample evidence that plant phenology has an important impact on 

earth system processes. The timing of phenological events can be best predicted using 

mathematical models. There are two main approaches in designing these models. One is 

physiologically based and takes into account cause and effect relations between biological 

processes (i.e., accumulation of grow promoting and grow inhibiting compounds) and 

driving external forces, most often climatic (Hänninen, 1995; Linkosalo et al., 2006). 

Another approach is statistical, which uses correlations between phenophase onset of 

different species (Andersen, 1991; Linkosalo, 2000) or correlations between selected 

phenophases and meteorological variables (Cenci & Ceschia, 2000). Observed data are used 

to obtain model parameters using various fitting methods, more or less complex (Ruml & 

Vulić, 2005). Most of the existing models are designed to predict onset of different 

phenophases according to the air temperature (Kramer, 1994; Synder et al., 1999; 

Wielogalski, 1999). Some of them consider only the heat requirements, while others take 

into account chilling requirements, too. During the winter, the activity of orchard and 

deciduous forest species is reduced. Although, the term dormancy is in the way self-

explaining, there are various definitions of it. According to Lang et al. (1987), dormancy is 

a state of reduced or stopped activity or development of specific plant tissues that will resume 

in the future. Many authors divide dormancy into two periods: ‘rest period and quiescence’, 

(Sarvas, 1974; Hanninen, 1990; Linkosalo, 2000; Vulić et al., 2004) where rest period is 

biological dormancy due to the physiological conditions of plants, and quiescence is 
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ecological dormancy, due to environmental conditions. The period of dormancy is usually 

determined by the number of chilling hours or chilling units. Chilling requirement can be 

calculated simply by adding the number of hours below a temperature threshold (chilling 

hours) or taking into account the fact that temperature’s effectiveness diminishes, when it 

departs from the optimum value (chilling units).  

Due to the significance of climate change mitigation, many countries have given it a high 

priority. Thus, the need to develop phenological models to measure recent climate and 

environmental changes and to predict future changes, become a necessity particularly, in 

fragile marginal environments such as semi-arid and arid regions, with large populations. 

Numbers of different models and methods (such as those based on remote sensing) have 

been applied to measure and predict present and future changes in temperatures (Hansen et 

al., 2010, Amanollahi et al., 2012), precipitation (Wu et al., 2011, Hawkins & Sutton, 2011, 

IPCC, 2014) and CO2 variation (Hanson et al., 2004; Meehl et al., 2007, Knorr et al., 2010; 

IPCC, 2014). All of these interrelated and interdependent variables could limit plant 

phenological and physiological processes that are dominated by climatic variations. 

Subsequently, the coupling between vegetation and the atmosphere can also be influenced. 

Observing and monitoring the recurring lifecycles events of plant and animals are at the core 

of the phenological studies. Subsequently, it is important to understand the biotic and abiotic 

forcings, due to their impact on the vegetative lifecycles variations (Lieth, 1974, 1975, 2013, 

Jolly et al., 2005). The carbon and water cycles have direct and influential relation with plant 

greenness. Hence, there is a reciprocal influence created by surface-atmosphere dynamics. 

In recent decades, there have been many changes in the timings and duration of the greenness 

cycle (Myneni et al., 1995, Menzel & Fabian, 1999, Schwartz & Reiter, 2000, Matsumoto 

et al., 2003), impacting soil capacity, microclimates and, on broad terms, the global carbon 

cycle (Jolly et al., 2005, Keeling et al., 2005, IPPC, 2014). Modelling plant phenology 

depends on having a solid understanding of the dominant climatic controls in order to govern 

phenological processes. These phenological models are often developed and calibrated for a 

single regional and lack a solid, theoretical foundation.  

One of the existing phenological models uses satellite canopy coverage imagery, sparse 

ground phenological observations, and various mathematical models (Jolly et al., 2005). The 

combination of this model with surface weather data creates a more dynamic representation 

of the vegetation over large areas. The researchers sought to ‘develop a simple, generalised 
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phenology model to test the hypothesis that there is such a set of common climatic conditions 

that interact to limit foliar phenology globally’. They proposed a simple approach that 

combined three climatic meteorological variables: daily minimum temperature, VPD, and 

photoperiod into a simple index of plant canopy development called the Growing Season 

Index (GSI). Stockli et al. (2011) used satellite data to calibrate the GSI model to better 

predict vegetation phenology globally across plant functional types. Förster et al. (2012) 

applied the GSI approach to meso- and macro-scale water balance simulations. These studies 

were the direct application of the existing GSI method but improvements to the method itself 

were not carried out.    

Although most phenology models are designed to predict and analyse future phenological 

trends in response to climate change, a holistic bioclimatic index that includes precipitation 

as a dominant control has not been adequately considered in the existing phenology models. 

One simplification that the original phenological GSI made was to use VPD as a surrogate 

for seasonal changes in water availability and daily precipitation measurements were not 

considered. In semi-arid regions, precipitation directly controls seasonal canopy variations 

(Jolly & Running, 2004) and the use of VPD as a surrogate may not be sufficiently general 

enough to capture the range of potential plant responses during extended dry periods. A more 

generalized version of GSI model should, therefore, include a direct precipitation control to 

improve predictions in semi-arid regions. In this thesis, I expanded the phenological GSI 

model to include a direct precipitation control as a new climatic variable and I evaluated the 

phenological GSI model across three semi-arid regions of Iraq with different climate and 

vegetation. I then tested the predictive quality of the phenological GSI model by comparing 

the unmodified and modified GSI models against satellite-derived estimates of the MODIS 

NDVI for a ten-year period (2001-2010). For a more detailed explanation of the development 

of the phenological GSI model and its implementation, please see Chapter 5. 

 

2.9 Impact of climate change on vegetation 

To study the impact of climate change on vegetation, a phenological model is needed, where 

the input data includes minimum temperature, vapour pressure deficit, precipitation, and 

photoperiod time series resulting from a climate model. The rainfall, temperature, VPD, 

daylength time series for the current and future climate can be simulated to account for the 

change in phenology. In a phenological model, the type of simulation adopted to project the 
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impact of the climate on vegetation depends on the purpose of the simulation. For example, 

identifying the length of season simulation is carried out when the modeller is interested in 

developing the phenological model (Jolly et al., 2005; Krinner et al., 2005). 

This type of simulation can be adopted when the vegetation grows in variable climate zones 

and is influenced by several climatic factors such as precipitation, temperature, and relative 

humidity. Examples of research that uses phenological model simulation to investigate the 

impact of climate change on vegetation include Jolly et al. (2005), Stockli et al. (2011), and 

Förster et al. (2012). 

However, whatever the purpose and type of simulation of the phenological model, the 

outputs should compare with real data (observations) to validate predicted values that come 

from the phenological model. Thus, all predicted outputs should be interpreted with caution. 

Usually the phenological model is calibrated and validated based on historical observations 

for vegetation index for a baseline period (i.e., 2001-2017) with limited temporal coverage. 

The changes in future vegetation compared to the vegetation of the current climate can be 

dampened or amplified through phenological model simulation. All the above-mentioned 

studies analysed the impact of climate change on vegetation with particular reference to 

extreme rainfall and temperature. However, there are other factors that can have a 

comparable effect to that of climate change on vegetation. Such factors are related to climate 

change itself, e.g., an increasing percentage of CO2 due to the decrease in precipitation and, 

consequently, increasing the degradation of plant growth (Ball, 1991; Brinkman & 

Sombroek, 1996; Munns et al., 1999; Geissler et al., 2009; Reddy et al., 2010). 

A large and growing body of literature has investigated the possible impact of atmospheric 

and climatic changes on plants and vegetation. According to a study by Beniston (1994), 

high mountain systems (such as the Alps) are likely to be particularly sensitive to climate 

change (see Aeschimann & Guisan (1995)). There is still considerable uncertainty regarding 

the potential impacts of this change on ecosystems and soils in the Alps, which can have 

severe economic and biological effects. It may be impossible to rely on a unique scenario 

for the entire Alpine series due to diverse climates with all possible gradients between 

continental, oceanic and Mediterranean influences (Beniston et al., 1997). In addition, 

climate change is very likely to affect differently the organisational levels of ecosystems, 

from population to landscape (Guisan, Holten, Spichiger, & Tessier, 1995; Guisan et al., 

1998). For many years, the European Alps has been subject to human impact factors such as 
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grazing, agriculture, and forestry. The effects have spread even in remote areas leading to 

modifying species’ distribution (e.g., Ozenda, 1985). As such, it is uncertain whether the 

present vegetation of the Alps is in a natural equilibrium between climate and ecological 

factors, and this is why palaeoecology is an important tool to understand vegetation 

equilibrium under reduced human impact. Förster et al. (2012) applied the phenological GSI 

model to compare the observed beginning of spring with a calculated one for three different 

sites in Lower Saxony. 

 

2.10 Predicting future phenological changes using climate change 

scenarios 

The study of the timing and the chronology of repetitive biological events e.g., leaf growth 

or shedding, leaf emergence and the length of time a deciduous tree spends in-leaf, is known 

as ‘phenology’. It is very important in understanding the effect of these events on the 

ecosystem constituents. For instance, the timing of leaf, flower and fruit production could 

have a great impact on the temporal behaviour of fructivorous wildlife; deciduous trees could 

also effect atmospheric carbon concentrations. In addition, since crop development or 

maturation is closely related to implementing optimal agricultural practices, it necessitates 

an understanding of phenology. In terms of plant physiology, biological events may vary 

based on some climatic changes. For example, leaf emergence and shedding can be 

determined by climatic cues. Thus, the former occurs earlier than shedding as winters 

become warmer. Other examples include budburst, dates of flowering and leaf fall, breeding 

times, etc., which all could be predicted by virtue of monitoring phenology. Rigorous 

observations of phenological events conducted by organised phenology groups, namely the 

Network in the USA and the UK’s Nature Calendar yield robust results, frequently allowing 

chronological extrapolation of information. However, the only pitfall is the limited recorded 

species quantitatively and geographically. To address this drawback and to facilitate 

phenological observations, the NDVI and EVI indices – standard vegetation measures – 

permit the development of typical chronological timelines to follow the temporal 

development of vegetation. Generally, the response was mainly to the quantity of overall 

vegetation within a particular study area. 

Land surface vegetation plays fundamental role within the climate system. For instance, 

atmospheric cloud cover is effected by plant moisture losses through transpiration; biomass 
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vegetation functions as a sink (or source) contributing to the atmospheric carbon budget over 

the seasonal to centennial timeframe (Keeling et al., 1996; Kramer et al., 2000; Körner, 

2003, 2006; Schaefer et al., 2005; Piao et al., 2007; Houghton 2007; Stöckli et al., 2011; 

Peichl et al., 2015); temperature and humidity regimes over the short term and long term 

(Heck et al., 1999; Tsvetsinskaya et al., 2001; Lu et al., 2001; Kim and Wang, 2005; Betts 

and Viterbo, 2005; Betts et al., 2007;  Stöckli et al., 2011). Physiological processes, such as 

respiration and photosynthesis, which are both dependent upon stomatal opening of leaves 

and leaf presence, are responsible of regulating water loss and carbon uptake (Sellers et al., 

1997; Schimel et al., 1997; Dow et al., 2014; Seyednasrollah et al., 2018). In this respect, 

diurnal temperature and radiation variations – local and short-term weather factors – can 

influence leaf physiology and, in return, stomata opening (Jarvis, 1976; Law et al., 2002; 

Larcher, 2003; Stöckli et al., 2011; Dow et al., 2014). From the phenological and 

chronological points of view, leaf appearance, presence, and senescence factors correlate 

with the larger scale seasonal to interannual climatic variability (Myneni et al., 1995; 

Schwartz & Reiter 2000; Scheifinger et al., 2002; Matsumoto et al., 2003; Menzel et al., 

2006; Peñuelas et al., 2009; Körner and Basler, 2010; Stöckli et al., 2011; Keenan and 

Richardson, 2015). 

It has been pointed out that land surface models (LSMs), which are used to simulate the 

terrestrial carbon and water cycles, are useful in examining the physiology and phenology 

of leaves. Over the last thirty years, a wide range of mechanisms for plant physiological 

pathways has been identified (Jarvis, 1976; Farquhar et al., 1980). However, whereas LSMs 

are used in highly empirical simulations of vegetative phenology (Foley et al., 1996; Cox, 

2001; Levis and Bonan, 2004; Jolly et al., 2005; Abramowitz et al., 2008; Stöckli et al., 

2011; see also Keenan and Richardson, 2015) for an evaluation of different LSMs), some 

LSMs phenologically operate ranging from leaf-level physiological pathways to the canopy-

level (8). At the landscape scale such simulations of LSM phenological modelling provide a 

continuous biophysical state of vegetation without considering the relevant chronology of 

species‐specific and local‐scale occurrences such as flowering or budburst. For the purpose 

of controlling climate zone studies, these details are maintained within long-term 

phenological recordings (Van Vliet et al., 2003; Rutishauser et al., 2007). Some of the 

significant pitfalls of the phenological model relate to subtropical and Mediterranean biomes 

since model parameters are frequently calculated from global-scale and temperate vegetation 
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data (Stöckli et al., 2008b; see also Seyednasrollah et al., 2018 and; Domec et al., 2018). 

Due to the temporal discrepancy provided by the model in spring, for instance, leaf 

emergence of the order of one to two months, unrealistic drought responses of LAI were 

simulated; giving detrimental predictions for terrestrial water and carbon cycling (Kucharik 

et al., 2006; Randerson et al., 2009; Ukkola et al., 2016).  

To avoid such drawbacks, the need to develop the LSMs with a mechanistic terrestrial 

carbon‐nitrogen cycling model becomes vital. This should permit coupling of the phenology 

and physiology of the leaves via prognostic carbon gain‐loss formulations. Another solution 

to overcome model limitations is through the use of acquiring satellite data, which is also 

useful in preventing the application of unrealistic parameters and in promoting realism 

within terrestrial biosphere models (Chase et al., 2000; Arora, 2002; Arora and Boer, 2006). 

Stöckli et al. (2008b) discussed the development of a local‐scale data assimilation 

framework based on the Ensemble Kalman Filter (EnKF) (Demarty et al., 2007; Mahadevan 

et al., 2008; Rayner, 2010; Knorr et al., 2010; Rüdiger et al., 2010). This was able to 

counteract various phenology model drawbacks through the re-evaluation of empirical 

model parameters using satellite-derived phenological observations. So that vegetation over 

a greater region can be presented with greater variety, incorporating ground weather 

information with phenology models is necessary, with the latter typically comprising of 

numerous statistical models, scant phenological surface measurements, as well as satellite 

imagery of canopy coverage (Jolly et al., 2005). In this regard, Jolly et al. (2005) aimed to 

establish an overarching phenology model, based on the proposition that internationally, 

foliar phenology is restricted based on a consistent collection of shared climatic variables. 

Therefore, the researchers devised the GSI, a basic foliar canopy growth index based on 

daily minimum temperature, VPD and photoperiod. Global satellite imagery of locations 

that showed differences in vegetation was well matched to the GSI. Moreover, Jolly et al. 

(2005) showed that the GCM findings could be used for standard meteorological factors in 

the model, thus permitting prospective differences in canopy coverage according to climate 

to be estimated, rather than the model being restricted to representing interannual variation 

in foliage in the present period. Additionally, according to the manner of plant function, 

interannual foliar phenology has been estimated more effectively through the GSI adjusted 

with satellite information (Stöckli et al., 2011). The water balance estimates at the macro- 

and meso-level have also been provided through GSI (Förster et al., 2012). However, as 
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mentioned above, amendments to the GSI were not made by these studies, rather they 

implemented the GSI in its original form. 

The existing phenology models suffer insufficient assessment measures regarding whether 

precipitation is the primary control variable within a general bioclimatic index. Despite the 

fact that the majority of phenology models tend to use climate change assessment and 

estimation to inform the reactions, indeed, daily precipitation was not incorporated into the 

standard GSI model. Rather, seasonal water accessibility variation was represented by VPD. 

However, long-term dry spells can result in varied plant reactions, which are potentially 

inadequately represented by VPD while, as Jolly & Running (2004) noted, canopy change 

across the years is directly affected by precipitation in semi-arid regions. Therefore, as a 

means of strengthening estimates for semi-arid areas, a direct precipitation measure must be 

included within a comprehensive GSI model. In this thesis, the GSI model is expanded to 

include a direct precipitation control and the model is tested across three semi-arid regions 

of Iraq with differing microclimates and vegetation. The predictive quality of the model was 

then tested by comparing the unmodified and modified GSI models against satellite-derived 

estimates of the NDVI for a ten-year period (2001-2010). Although the modified phenology 

model posited in the thesis (Chapter 5) was applied for a specific ten-year period, the 

modified GSI model could also be applied to predictions over future time periods after 

developing it to serve this purpose by using linear regression model. The modified GSI 

model was run and tested using regional climate model datasets (for different selected period 

‘past 1950-2000’, ‘baseline 2001-2017’, ‘near future 2018-2050’, and ‘far future 2051-

2098’) to predict the GSI values and to calculate the Effective Growing Season Length 

(EGSL) (see Chapter 6). 

As Jaradat noted back in 2002 (Jaradat, (2002)), investment in farming, infrastructure or 

environmental research in Iraq is very limited up to the present. Environmental studies are 

generally lacking, mainly due to current political instability and the fight against ISIS, the 

Iran-Iraq War (1980-1988), the constant turmoil and political upheaval have always posed 

problems and been a constant challenge. There was a short hiatus, though, in the early 2000s, 

where there was an increase in environmental studies (Beaumont, 1998, Jaradat, 2002, Agha 

and Şarlak, 2016, Najmaddin et al., 2017). Currently, environmental research in the region 

is increasing, particularly by the FAO (2013, 2016) but the primary focus is on the impact 

of constant conflict and political instability on farming and groundwater quality. Moreover, 
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researchers still are finding it challenging to carry out studies in certain locations due to 

ongoing political violence. Hence, more contemporary studies do not comprehensively cover 

the country. Therefore, the present study has adopted an improved phenological model that 

can analyse existing foliage coverage across Iraq, making estimating prospective foliage 

developments in the country unprecedented. Ultimately, approaches to tackle the dearth of 

food and water in Iraq, as a consequence of an ongoing reduction in vegetation and increase 

in desertification, will be examined through such a study method. For a more detailed 

explanation of the second stage of developing phenological GSI model and its 

implementation see Chapter 6. The developed GSI model was also applied in the UK with 

selected different thresholds for four indices of the model (see Chapter 7, Part 2), with a 

comparison in the prediction of phenological changes between Iraq and the UK (see Chapter 

8).  

 

2.11 Conclusions 

Although there have been advances in terms of the number of studies that have been 

conducted to develop phenological models and to examine the effect of climate change on 

vegetation by using these models, however, a significant knowledge gap in the current study 

exists and requires further research. 

The three main questions encapsulating the scientific understanding of limitations of the 

current study are (1) how can I improve/develop a phenological model? (2) how can the 

impact of climate change be quantified using a phenological model? and (3) how will 

vegetation respond to changes in climate, i.e., to the increase in the temperature and VPD 

and decrease in precipitation? Additionally, researchers have shown the importance of 

analysing of NDVI variability in response to climatic change that can help to understand 

which climatic variables has more impact on vegetation. Climate change can drive the efforts 

to identify the sorts of changes to the current vegetation cover that is needed and the types 

of solutions that can be implemented in the future to avoid the risks which the vegetation 

will be exposed. In addition, in the future there will be increasing demand for new 

infrastructures that take into account climate change, and such designs of phenological 

models must be co-optimised with other objectives for a good quality of environmental 

protection system. 
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CHAPTER 3 

 

STUDY SITES AND DATA SOURCES 

 

This chapter briefly describes the study areas and datasets used for this research. More details 

on both of these can also be found in Chapters 4, 5, 6, and 7. 

 

3.1 Description of the study areas 

3.1.1 Environment and climate of Iraq (first study area) 

Iraq is located in the Middle East (between longitudes 38–48°E and latitudes 29–37°N) and 

occupies an area of 437,072 km2 and is bordered by Iran, Turkey, Syria, Jordan, Saudi 

Arabia, and the Arabian / Persian Gulf (Figure 3.1). Iraq’s most significant environmental 

landscapes include a wide alluvial plain with associated marshlands, formed from the two 

famous rivers, the Tigris and the Euphrates, the desert in the south and southeast and the 

mountainous northern region where the Zagros mountains border Iraqi Kurdistan. Iraq is 

typically considered to possess a continental subtropical climate, with northern regions 

subject to a Mediterranean climatic influence (Jaradat, 2002, FAO, 2008). Summers are 

exceedingly hot with mean maximum temperatures of 43°C in the shade in July–August and 

no rainfall; winters are brief and cool (FAO, 2008, FAO, 2011). Most precipitation occurs 

during winter months, in the north from November–April as a combination of snow and rain 

and in the remainder of Iraq, as rain from December–February (FAO, 2008). Iraq is 

categorised into four distinct ‘agro-ecological zones’, by the Food and Agriculture 

Organization (FAO): the arid to semi-arid Mediterranean zone which represents the major 

part of northern Iraq (with mean rainfall in excess of 400 mm/year); the steppic zone (200-

400 mm of rain per annum, mainly in the Salelhadin region); the alluvial or irrigated zone 

between the Tigris and Euphrates (less than 200m rainfall per annum); and the desert zone 

(also less than 200mm per annum). The study areas selected for the current investigation 

represent the most agriculturally productive regions (FAO, 2003). Three regions in Iraq were 

chosen to test the modified GSI model: Sulaymaniyah in the north (Iraqi Kurdistan), Wasit 
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in the middle, and Basrah to the south (Figure 3.1). These three areas possess different 

climatic regimes and therefore offer a means to assess the model against temperature and 

precipitations variations and also permit examination of the amalgamated impact on 

vegetation greenness.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.1 Location of the study area (Iraq) and selected three test sites.  

 

Chapters 4-6 focus on Iraq as a whole study area and on the three selected sites. 

Sulaymaniyah is located in Iraqi Kurdistan (northern Iraq) and is one of the main population 

centres in the country. It is surrounded by the Zagros mountains in the east (bordering with 

Iran), and the Binzird, Baranan and Qara Dagh hills to the west and south. In the middle is 

the wide Shahrizor plain, which is used for agriculture (cereals and fruit) and grazing, and is 
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dissected by the Tanjero River (Altaweel et al., 2012). Sulaymaniyah’s climate is 

Mediterranean and is characterised by its cooler summer temperatures and its rainier winters. 

Average temperatures range from 0 °C to 39 °C (although temperatures in the 40s have been 

recorded) and precipitation rates can reach over 1000mm/year. There is some snowfall 

during the winter, especially at higher elevations.  

Wasit is located in central Iraq. It is bordered by the Zagros mountains and the Iranian border 

to the east, with Bagdad to the north. It is located in the alluvial plain created by the Tigris. 

The FAO (2011) indicates that there are two types of agro-ecological zones in Wasit: The 

Mandali and the Bagdad zones. The Mandali zone has low agricultural potential: there is 

minimal rainfall, the land is swampy, there are issues with salinity and irrigation is difficult. 

The Bagdad zone, in the west, has a higher agricultural potential, especially when irrigation 

is used (FAO, 2011). However, salinisation of soils is still a problem. Rainfall in the region 

is generally less than 200 mm/year.  

Basrah is located in the south of Iraq. It is characterised by an arid climate, with temperatures 

in the summer exceeding 50 °C. However, because of its proximity to the Persian Gulf coast, 

there is also high humidity. The FAO (2011) lists two agro-ecological zones in the Basrah 

region: the Basrah (mainly marshy) and Rutbah (desert) zones. Neither is agriculturally 

productive. There is very little rainfall in the region (usually less than 150 mm/year).    

 

3.1.2 Environment and climate of United Kingdom (second study area) 

The United Kingdom (UK) occupies a total area of approximately 248,532 km2 (95,960 sq 

mi), including outlying islands (Shetland Islands, Isle of Man, etc) (Pratt, 1996). The 

mainland areas lie between latitudes 49°N and 59°N. Chapters 7 and 8 focus on the study 

area of Duxford, which is located in Cambridgeshire, UK. Figure 3.2 shows an overview of 

the UK and the selected site. Duxford is a village situated about 10 miles (16 km) south of 

Cambridge (52.096°N 0. 1354°E) (Figure 3.2). In order to show the feasibility and the 

operational capability of DInSAR in crop height estimation, as a representative work, wheat 

fields located in Duxford were selected. I selected this site in the UK for two reasons: the 

first one was that this area is one of the regions in the UK which is famous for the cultivation 

of winter wheat and the second reason was that the SAR images that covering this area were  

available and this help to performance in applying DInSAR technique.  
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Figure 3.2 Location of the study area (UK) and the selected site (Duxford).  
 

3.2 Remote sensing dataset  

3.2.1 Moderate Resolution Imaging Spectroradiometer (MODIS) Normalized 

Difference Vegetation Index (NDVI) satellite observation data 

The monthly mean NDVI dataset was collected from the MODIS and was downloaded from 

NASA’s Land Processes Distributed Active Archive Centre (LP DAAC) 

(https://lpdaac.usgs.gov/data-access). MODIS is part of the NASA Earth Observing System 

https://lpdaac.usgs.gov/data-access
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(EOS) with 250m spatial resolution. MODIS-data covers the period from February 2000 

(composite 045) until 2017. Each original MODIS (.hdf) file from the Distributed Active 

Archive Centre (DAAC) contains the best NDVI value of a certain period, and so is called a 

composite. In this study, the MODIS Terra MOD13Q1 product from 2001 to 2017 was used, 

containing 16-day composites of Red, Near-Infrared (NIR), Mid-Infrared (MIR), and NDVI. 

A 17-year span of MODIS vegetation indices was chosen for both study areas (Iraq and UK).  

 

3.2.2 Sentinel-1 SAR images 

I used eight Sentinel-1 Interferometric Wide (IW) SLC images in Chapter 7 for a specific 

area and period in the UK. An example of four images is represented in Figure 7.1 (Chapter 

7), acquired from an ascending and descending orbit over a much shorter monitoring period 

between February 2015 to October 2017, (see Table 7.1, Chapter 7). All IW images were 

downloaded from the Sentinel-1 scientific data hub (ESA, 2014c), through the following 

link (https://scihub.copernicus.eu/dhus/#/home) and only the VV polarisation mode data 

were used in the processing (more details in Chapter 7). 

 

3.3 Hydrological dataset 

3.3.1 Meteorological Forcing Data (Water and Global Change (WATCH) Forcing Data 

ERA-Interim (WFDEI)) 

The meteorological datasets discussed in Chapter 4, cover the period of 2001–2015. The 

main dataset used is the Water and Global Change (WATCH) Forcing Data ERA-Interim 

(WFDEI) (including precipitation, bias corrected with Global Precipitation Climatology 

Centre’s GPCCv5 and GPCCv6 and air temperature (2m instantaneous air temperature)). 

This dataset was chosen because there is a high correlation between this dataset and in-situ 

observations in Iraq (see Section 4.3.1.2, Chapter 4). The data only cover the period 1979–

2012 (Weedon et al., 2014), and thus needed to be extended; I used the Climatic Research 

Unit (CRU) data for this purpose (Harris et al., 2014, see Section 4.3.1.3, Chapter 4). The 

spatial coverage of WFDEI is 0.5° x 0.5° global land (including Antarctica) and is available 

online through ftp://rfdata:forceDATA@ftp.iiasa.ac.at.  

Other precipitation and air temperature datasets for the period of 2001–2012 covering the 

study areas were collected from the Centre for Ecology and Hydrology (CEH), which 

provides records of eight meteorological variables at 3-hourly time steps, and as daily 

https://scihub.copernicus.eu/dhus/#/home
ftp://rfdata:forceDATA@ftp.iiasa.ac.at/
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averages (precipitation (Rainf), air temperature (Tair), instantaneous surface pressure 

(PSurf), 2m instantaneous specific humidity (Qair), long-wave downwards surface radiation 

flux (LWdown), short-wave downwards surface radiation flux (SWdown), snowfall rate 

(Snowf), and 10m instantaneous wind speed (Wind)).  

 

3.3.2 Tropical Rainfall Measuring Mission (TRMM), Climatic Research Unit (CRU), 

and Global Precipitation Climatology Centre (GPCC) datasets 

A number of other climate datasets were also used in this study for validation purposes (see 

Section 4.3.2.1, Chapter 4), including data from TRMM, CRU and GPCC. TRMM is a 

dataset used to study precipitation for a range of climate/meteorological purposes as 

discussed in Huffman et al. (2007).  

The 3B43 dataset is the monthly version of the dataset (available online 

http://mirador.gsfc.nasa.gov/), and covers the latitude band between 50° N to 50° S, using 

‘best estimates’ from global sources, including infrared data and rain gauge analyses (more 

information is available on NASA’s GES DISC website: https://disc.gsfc.nasa.gov). The 

TRMM dataset was used at a spatial resolution of 0.25º and with a monthly temporal 

resolution, to validate the other datasets over the period 1998–2015 (Huffman et al., 2010). 

The CRU datasets for precipitation and air temperature (available online 

https://crudata.uea.ac.uk/cru/data/hrg) have a spatial resolution of 0.5º and a monthly 

temporal resolution over the periods 1901–2015 for precipitation and 1901-2013 for air 

temperature (Harris et al., 2014). The TRMM data was standardised at 0.5 degrees as 

described in Section 4.3.2.1 (Chapter 4).  

The GPCC, (part of the National Meteorological Service of Germany, DWD) datasets 

consist of the analyses of global monthly precipitation data, based on rain gauge data 

collected from about 67,200 stations, with available resolutions of 2.5°, 1.0°, 0.5° and 0.25° 

(Schneider et al., 2014). Gridded datasets of GPCC are available online at: 

http://gpcc.dwd.de/. The 0.5° Full Data Reanalysis product used here is available for the 

period 1950–2001. In addition, some observational precipitation data over the short period 

1997-2008 were used, obtained from the meteorological centre in Baghdad, Iraq (The 

Ministry of Planning / Central Statistical Organization / Directorate of Environmental 

Statistics for 2008 in Iraq (CSO, 2008)). These data were used alongside WFDEI, TRMM, 

CRU and GPCC datasets. All the datasets used are described in Table 4.1 (Chapter 4).  

http://mirador.gsfc.nasa.gov/
https://disc.gsfc.nasa.gov/
https://crudata.uea.ac.uk/cru/data/hrg
http://gpcc.dwd.de/
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3.3.3 Meteorological data (AgMERRA Climate Forcing Dataset for Agricultural 

Modelling) 

Meteorological datasets were obtained through the Goddard Institute for Space Studies 

(GISS) from the National Aeronautics and Space Administration (NASA). The dataset used 

in Chapter 4 was the AgMERRA Climate Forcing Dataset for Agricultural Modelling, which 

includes precipitation (mm/day), mean, minimum and maximum temperatures (°C), solar 

radiation (MJ/m2/day), relative humidity at time of maximum temperature (%), and wind 

speed (m/s). The datasets are stored at 0.25°×0.25° horizontal resolution (~25km), with 

global coverage and daily values from the period (1980-2010) in order to form a ‘current 

period’ climatology and is described in detail in Bosilovich et al. (2006), Rienecker et al. 

(2011), Rosenzweig et al. (2013), and Ruane et al. (2015). AgMERRA Data is only available 

until 2010 and is available online at http://data.giss.nasa.gov/impacts/agmipcf/agmerra/.  

 

3.3.4 Centre of Ecology and Hydrology Gridded Estimates of Areal Rainfall 

(CEH_GEAR) and Climate Hydrology and Ecology research Support System 

meteorology (CHESS-met) dataset.  

The observed rainfall dataset used for the UK in Chapters 7 and 8 is the gridded daily 

precipitation product, created by the CEH_GEAR for the period 1890–2017 (Tanguy et al., 

2015; Keller et al., 2015). This gridded dataset has a spatial resolution of 1 km × 1 km and 

is based on different station densities for different periods. For the studies in Chapters 7 and 

8, the CEH rainfall data covering the study area/areas for the period 1950–2017 were adopted 

as the observed data. The gridded daily temperature data provided by the CHESS-met dataset 

(1961-2017) at 1 km spatial resolution are used in this thesis. Robinson et al. (2016) derived 

the CHESS-met air temperature for a reference height of 1.2 m by using the bicubic spline 

method to interpolate the Met Office Rainfall and Evaporation Calculation System 

(MORECS) air temperature from 40 km to 1 km resolution. Later the interpolated data at 

each 1 km grid cell were adjusted to its elevation depending on the Integrated Hydrological 

Digital Terrain Model (IHDTM). The CHESS-met temperature data for the period 1961-

2015 were adopted in Chapter 7 (Appendix G) as the observed dataset to bias-correct the 

climate temperature variable and for rainfall as well.  

The gridded daily specific humidity, air temperature, and air pressure data for UK provided 

by CHESS-met (1961-2015) at 1 km spatial resolution are used in this thesis as well. I used 

http://data.giss.nasa.gov/impacts/agmipcf/agmerra/
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these variables because the relative humidity data that is needed as input in the phenological 

model is not available as part of CHESS-met. However, it is possible to calculate it from the 

variables that are available: air temperature (tas), specific humidity (huss), and air pressure 

(psurf). Details of the calculation are in Chapter 7.  

3.4 Climate model dataset  

3.4.1 High resolution regional climate PRECIS (Providing Regional Climates for 

Impacts Studies) data for Iraq 

In this thesis, I used a high-resolution regional climate model, PRECIS, with data from the 

PRECIS Model (driven by A1B scenario) 0.22-degree latitude and longitude runs (LBC: 

HadCM2Q0 A1B) in an EMME (Eastern Mediterranean and the Middle East) domain that 

includes Iraq (daily data for the period 1951-2099, see Figure 6.2 in Chapter 6). The PRECIS 

RCM was developed at the UK Hadley Centre. It is a portable RCM that runs on a personal 

computer and is particularly aimed at countries that do not have the resources or the capacity 

to develop their own RCMs (Jones et al., 1995, 2004). The study uses the HadRM3P model 

and covers the Mediterranean/Middle East domain at a 25×25 km grid spatial resolution and 

nineteen vertical levels. Its ‘father’ model is the HadCM3Q0, a coupled ocean–atmosphere 

model which provided the initial and boundary conditions (Lelieveld et al., 2012; 

Hadjinicolaou et al., 2011). The daily precipitation and mean temperature dataset generated 

spans from 1950 to 2099 and was produced with the A1B emissions scenario (Nakicenovic 

et al., 2000). The simulated data were first compared to instrumental data using the 

ENSEMBLES dataset for the 1961–1990 period. In this thesis, data for the period 1951-

2098 was used as the first (1950) and last year (2099) had missing data, and for the variables 

of precipitation, minimum temperature, average temperature, maximum temperature, and 

relative humidity.  

 

3.4.2 Regional climate dataset for the UK 

In this thesis, I used the climate data from the Met Office Hadley Centre HadRM3 (Hadley 

Centre for Climate Prediction and Research, 2014) – the variables that are used are 

precipitation, temperature, and relative humidity. The Met Office Hadley Centre’s RCM 

HadRM3 uses the global climate model HadCM3 to project future climate conditions at a 

regional level (Murphy et al., 2009). The RCM data consist of an 11-member ensemble of 

one unperturbed member and ten members with various perturbations to atmospheric 
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parametrisations, all of which rely on the same historical emissions scenario, Special Report 

on Emissions Scenarios (SRES) A1B. 

Thirty-one parameters were selected for perturbation from the unperturbed ensemble 

member representing radiation, boundary layer, cloud, convection, atmosphere dynamics, 

land surface and sea ice (Collins et al., 2011). Table 3.1 shows the run ID and the name of 

RCM used by the Met Office Hadley Centre to describe the RCM ensemble member. Time 

series of climate data for the period 1950–2100 can be obtained from the HadRM3 Perturbed 

Physics Experiment Dataset (HadRM3-PPE-UK) at a resolution of a 25-km grid in space 

and day in time (Murphy et al., 2009).  

 

Table 3.1 HadRM3 run ID and RCM name. 

RCM run ID RCM name 

afgcx HadRM3Q0 

afixa HadRM3Q3 

afixc HadRM3Q4 

afixh HadRM3Q6 

afixi HadRM3Q9 

afixj HadRM3Q8 

afixk HadRM3Qk 

afixl HadRM3Q14 

afixm HadRM3Q11 

afixo HadRM3Q13 

afixq HadRM3Q16 

 

 

The precipitation data provided by the HadRM3 dataset was modified and downscaled by 

the Future Flow Climate data from the CEH (Prudhomme et al., 2012) due to systematic 

discrepancies from the observations for the historical period pre-2000. Such discrepancies 

are frequently produced by RCM outputs because the accurate reproduction of small-scale 

atmospheric processes is hindered by their coarse spatial resolution. This could have 

significant effects on the results if the data are used in hydrological studies such as model 

river flow and groundwater levels, so the HadRM3-PPE-UK daily outputs were adjusted to 
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ensure compatibility between their statistical qualities and those of the observations for the 

identical periods by applying a statistical method. Furthermore, the lack of spatial uniformity 

noted in precipitation in a 25-km grid was dealt with through spatial downscaling to 

1 km × 1 km (Newton et al., 2012). But there is a possibility to use these data directly as 

input in a phenological model, especially for the phenological studies at global or regional 

scales. Although modelled precipitation data were bias-corrected and downscaled by 

Newton et al. (2012) and could be use directly in the phenological models, the data still 

contains some discrepancies compared with the real climate (Prudhomme et al., 2012). Thus, 

Chapter 7 (Appendix G) the former period of RCM was adopted to correct the bias of the 

future precipitation data for the period 2069–2098 depending on the period 1950-2014. 

The UK study area is located in the 25-km grids of the climate grids. Thus, in Chapter 7, the 

future modelled temperature data at a reference height of 1.5 m (for all grids that covered 

UK and the period 2069–2098) were bias-corrected depending on the period 1985-2014.  

In summary, Table 3.2 presents the data and sources of the data used in this thesis.  

 

Table 3.2 Data description used in this thesis. 

 

Hydrological dataset 

Data Source data Unit Period Chapter 

Meteorological Forcing Data: Water 

and Global Change (WATCH) 

Forcing Data ERA-Interim (WFDEI) 

(precipitation and temperature) 

Water and 

Global Change 

(WATCH) 

mm/day 
January 1979– 

December 2012 
4 

Tropical Rainfall Measuring Mission 

(TRMM) 

(precipitation) 

NASA’s GES 

DISC 
mm/monthly 

January 1998–

December 2015 
4 

Climatic Research Unit (CRU) 

(precipitation and temperature) 

National 

Centre for 

Atmospheric 

Science 

(NCAS) 

mm/monthly 

January 1901–

December 2015 

(precipitation) 

January 1901–

December 2013 

1901–2013  

(temperature) 

4 

Global Precipitation Climatology 

Centre (GPCC) 

(precipitation and temperature) 

Centre for 

Ecology and 

Hydrology 

(CEH) 

mm/monthly 
January 1950–

December 2001 
4 

https://www.ncas.ac.uk/
https://www.ncas.ac.uk/
https://www.ncas.ac.uk/
https://www.ncas.ac.uk/
https://www.ncas.ac.uk/
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Observed precipitation from daily 

gauges 

Central 

Statistical 

Organization 

(SCO) 

mm/yearly 1997-2008 4 

Meteorological data (AgMERRA 

Climate Forcing Dataset for 

Agricultural Modelling) 

National 

Aeronautics 

and Space 

Administration 

(NASA) 

mm/day 

°C/day 

%/day 

January 1980– 

December 2010 
5 

Regional Climate Model (RCM) dataset 

High-resolution regional climate 

model PRECIS (Providing Regional 

Climates for Impacts Studies) 

(precipitation, temperature, relative 

humidity) 

PRECIS model 

mm/day 

°C/day 

%/day 

January 1951–

December 2098 
6 

Observed gridded  

(precipitation, air temperature, air 

pressure, specific humidity) 

CEH_GEAR 

CHESS-met 

CHESS-met 

CHESS-met 

 

mm/day 

K/day 

Pa/day 

kgkg-1/day 

1950-2014 

1961-2015 

1961-2015 

1961-2015 

7,8 

RCM precipitation HadRM3 mm/day 
January 1950–

December 2099 
7,8 

RCM temperature HadRM3 °C/day 
January 1950–

December 2099 
7,8 

RCM relative humidity  HadRM3 %/day 
January 1961–

December 2099 
7,8 

Remote sensing dataset 

MODIS Normalized Difference 

Vegetation Index (NDVI) satellite 

observation  

NASA’s Land 

Processes 

Distributed 

Active 

Archive 

Centre (LP 

DAAC) 

monthly and 

sub-monthly  
2001-2017 4,5,6,7,8 

Sentinel-1 SAR images 

European 

Space Agency 

(ESA) 

weekly  
February 2015 to 

October 2017 
7 
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CHAPTER 4 

 

1ANALYSIS OF NDVI VARIABILITY IN RESPONSE TO 

PRECIPITATION AND AIR TEMPERATURE IN 

DIFFERENT REGIONS OF IRAQ, USING MODIS 

VEGETATION INDICES  

 

4.1 Introduction 

Vegetation is an important and sensitive component in the earth ecosystem: it affects both 

weather and climate and influences the energy, water, and carbon exchange between the 

atmosphere and land surface (Rousvel et al., 2013). In particular, vegetation influences 

atmospheric water vapour through the process of evapotranspiration, changing both 

humidity and temperature. Vegetation also impacts the albedo effect, generally reducing the 

amount of heat reflected back into the atmosphere. Furthermore, plants play an integral role 

in reducing the atmospheric concentration of carbon because they use carbon dioxide and 

light energy for photosynthesis, which also partially mitigates against the impacts of human 

carbon emissions. Vegetation covers 20% of the Earth’s surface, however, increasing levels 

of deforestation are adversely affecting climate by disrupting the processes described above 

(Jones, 2013; IPCC, 2014). 

Since vegetation growth has such a considerable effect on the environment, it is a crucial 

aspect in the current climate change discussions (Rousvel et al., 2013; IPCC, 2014). The 

degree of vegetation response to climate change can be investigated through understanding 

the relationship between vegetation and climate change, which in turn provides helpful and 

important information on climate change adaptation (Hou et al., 2015). Researchers use 

remote sensing methods to monitor and quantify regional changes in vegetation, which are 

driven by both human actions and natural climate variation (Rousvel et al., 2013). Remote 
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sensing techniques are particularly useful in not only assessing large areas but also obtaining 

information on geographical regions that otherwise are inaccessible, such as high-conflict 

areas.  

Satellite-derived vegetation indices, such as the Normalized Difference Vegetation Index 

(NDVI), have been used in interactive biosphere and production efficiency models for a 

number of decades (Prince, 1991; Sellers et al., 1994) and researchers have investigated 

NDVI patterns across global and regional scales. For instance, Moulin et al. (1997) assessed 

vegetation dynamics on a continental scale; Wang et al. (2001) looked at the NDVI spatial 

patterns in the Central Great Plains in response to precipitation and temperature; Liu et al. 

(2003) extracted the NDVI index from the Advanced Very High Resolution Radiometer 

(AVHRR) sensors for China; and Hou et al. (2015) investigated the correlation between the 

interannual variations in the Growing-Season NDVI and climate variables in southwestern 

China. NDVI data has also been used in a range of applications incorporating time series 

analysis (Boyte et al., 2015): through time series analysis, the use of the NDVI data has been 

extended to highlight land surface climate interactions (Running et al., 2004), phenology 

(Lobo et al., 1997; Lee et al., 2002), landscape change (Lambin, 1996; Kastens & Legates, 

2002), and vegetation potential (e.g., drought) (Nicholson et al., 1990; Martínez & Gilabert, 

2009). NDVI time series data can also be used as climate/environmental proxies, such as 

precipitation and land surface temperature. For instance, NDVI indices are used to gauge 

drought and other weather impacts on agriculture (Dabrowska-Zielinska et al., 2002; Li et 

al., 2004), agricultural potential (Mkhabela et al., 2011) and vegetation in general (for 

example, Cuomo et al. (2001)).  

The Moderate Resolution Imaging Spectroradiometer (MODIS), located in the Terra and 

Aqua satellites, has a global NDVI product (MOD13Q1). National Aeronautics and Space 

Administration (NASA) and the United States Geological Survey (USGS) state that 

MOD13Q1 products are reliable for vegetation change observations as long as there is 

minimal cloud interference (https://lpdaac.usgs.gov). Because Iraq is generally cloud-free 

for most of the year, this product is suitable for this research. Iraq presents an interesting 

study area because it is situated in the subtropical region, with highly seasonal precipitation 

in the north and a large temperature range in the south. The northern part of Iraq (i.e., 

Sulaymaniyah) is comprised mostly of mountains and intermontane plains, with high 

precipitation (up to 1200mm/year). Wasit (central Iraq) and Basrah (southern Iraq) are 

https://lpdaac.usgs.gov/
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located in the alluvial plains of the Euphrates and Tigris rivers, where temperatures are 

generally higher and precipitation (100-200mm/year) is much lower (FAO, 2008). 

Therefore, vegetation growth/coverage will vary distinctly across the country dependent on 

local temperature and precipitation conditions. However, very little is known about the 

interaction between vegetation and climate in Iraq. 

In the last few decades, Iraq’s vegetation has changed dramatically because of natural 

environmental/climatic factors and human activities. Unfortunately, little vegetation data has 

been obtained from fieldwork due to the continuous conflict in Iraq. As such, remote sensing 

is the only viable method to assess the relationship between vegetation and climate. While 

there has been some research on vegetation and climate in Iraq (most research centres on 

water quality and pollution issues arising from the continued conflict), researchers 

concentrate on single variables and geographical areas, with little regional comparison (see 

Qader et al., 2015 and Section 4.5). Because Iraq’s environment is fragile, it is more prone 

to the effects of climate change. Therefore, understanding Iraq’s climate and vegetation is 

important in order to plan and implement mitigation strategies. Using multiple datasets and 

comparing across different environments provides policymakers with better and more 

nuanced information on vegetation-climate dynamics, enabling them to implement different 

strategies as needed across Iraq.  

As such, the aim of this study is to explore the relationship between NDVI and two climatic 

factors (precipitation and air temperature) in three different climatic locations across Iraq 

(Sulaymaniyah, Wasit and Basrah). This is the first attempt to compare climatically different 

areas in Iraq to better understand vegetation’s relationship with the two climatic indicators, 

precipitation and air temperature, and to determine which of these is more dominant in semi-

arid to arid environments. The results here can be potentially applied to other semi-arid 

regions due to its broad coverage of the areas and climate variables. In the next Section 4.2, 

the study areas are described. This is followed by a discussion on the datasets and methods 

used (Section 4.3). Section 4.4 “Results” details the results of the analyses, and is followed 

by Section 4.5 “Discussion”, which further discusses the results and their implications. 

Section 4.6 “Concluding remarks” concludes. It is worth noting that the results of this study 

will be very useful in Chapter 5 for taking the decision to add a new climatic variable to 

modify and develop the phenological GSI model.  
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4.2 The study areas: environment and climate of Iraq 

The three study areas are Sulaymaniyah in the north, Wasit in the centre and Basrah in the 

south of Iraq. These regions extend between latitude 34.548-36.528 N and longitude 46.349-

44.506 E, latitude 29.166-31.297 N and longitude 46.543-48.568 E, latitude 31.297-33.506 

N and longitude 46.564-44.482 E, respectively. They cover an area of approximately 122 × 

110 km2, 115 × 114 km2, and 75 × 120 km2, respectively. Iraq shares borders with Iran (east), 

Turkey (north), and Syria, Jordan and the Kingdom of Saudi Arabia (west); the Arabian Gulf 

is to the south (see Figure 4.1).  

Most of Iraq is covered by the expansive Mesopotamian alluvial plain, created by the Tigris 

and Euphrates rivers. The south and southwest is mainly desert, and the northern area 

(Kurdistan) is mountainous, with small intermontane plains. Iraq has two main agro-zones: 

the rain-fed north and the irrigated central and southern parts (FAO, 2003). Grasses and open 

woodlands characterise the northern highlands, while the rest of the country is characterised 

by open scrubland. Wheat and barley are grown in the winter and harvested in late spring, 

while sorghum, corn, millet and rice are grown in the summer and harvested in 

August/September (FAO, 2003; Schnepf, 2004). 

Iraq, generally, has a subtropical continental climate, but the north’s climate is more 

Mediterranean (Jaradat, 2002; FAO, 2008). The average annual precipitation is about 216 

mm a year for the whole country (FAO, 2008, 2011), but precipitation rates vary 

considerably depending on topography. The climatic variability (differences in precipitation 

and temperature) is affected by four factors: the nature of topographical features (particularly 

in the northern mountains of Iraq), the vegetation characteristics, the edaphic conditions, and 

natural climatic variability. Sulaymaniyah, Wasit and Basrah were chosen because they 

differ considerably in terms of climate and topography, with different temperatures, 

precipitation levels and NDVIs. As such, they provide an interesting comparative study. 
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Sulaymaniyah is located in Iraqi Kurdistan and is one of the largest cities in the country. It 

is situated in the Shahrizor plain, bounded by the Zagros Mountains and the Binzird, Baranan 

and Qara Daghs in Iraqi Kurdistan. The climate is Mediterranean, characterised by cooler 

summer temperatures (as compared with the rest of Iraq) and wetter winters. Average 

temperatures range from 0 °C to 39 °C (but higher temperatures have been recorded). 

Precipitation, as a mixture of rain and snow, occurs mainly between November and April 

and can reach over 1200mm per year (FAO, 2008). Irrigation is not needed for grain crops. 

Figure 4.1 Location of the study area and test sites with NDVI and Digital Elevation Model 

(DEM) images. 
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Wasit, located southwest of Sulaymaniyah, towards the centre of Iraq, has agricultural and 

industrial potential, however agriculture has been adversely impacted by increasing water 

salinity, lack of modern agricultural infrastructure, conflict in the region and migration from 

rural areas (IAU, 2009; FAO, 2011). The climate is subtropical continental, with hot, dry 

summers and somewhat cooler winters. The average temperatures range from 38 °C (August 

high, but temperatures can go higher) to 12 °C (January low), with the rainy season between 

December and February (average rainfall is less than 200mm/year). 

Basrah, located in the south, is very arid, with insufficient precipitation to sustain any 

substantial vegetation. Summer temperatures can exceed 50 °C, and precipitation levels are 

less than 100mm/year (FAO, 2008). Winter temperatures are milder, with an average high 

of 20 °C and occasional minimums below 0°C. Because Basrah is located near the Persian 

Gulf, humidity levels can exceed 90% (Kottek et al., 2006).  

 

4.3 Datasets and methods 

4.3.1 Datasets 

Some of the datasets listed below have been used in other climate studies (e.g., Agha & 

Sarlak, 2016; Najmadin et al., 2017), however, this is the first study to use these datasets 

together in Iraq. A number of datasets were used to ensure the robustness of both the data 

and the analyses. Additionally, different aspects of the data were examined, namely 

interannual and intra-annual/seasonal variability, to gain a more sophisticated understanding 

of the relationship between NDVI, precipitation and air temperatures in the different climatic 

regions in Iraq.  

 

4.3.1.1 Satellite Observation Data / Normalized Difference Vegetation Index (NDVI) 

Dataset     

The monthly mean NDVI dataset from the Moderate Resolution Imaging Spectroradiometer 

(MODIS) was downloaded from NASA’s Land Processes Distributed Active Archive Center 

(LP DAAC) (https://lpdaac.usgs.gov/data-access). MODIS is part of the NASA Earth 

Observing System (EOS) with 250m spatial resolution. MODIS-data covers the period 

February 2000 (composite 045) until 2016. Each original MODIS (.hdf) file from the 

Distributed Active Archive Center (DAAC) contains the best NDVI value of a certain 

period, and so is called a composite. 

https://lpdaac.usgs.gov/data-access
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Composite periods vary, depending on the product there are16-day composites, 8-day 

composites, and monthly composites. In this study, the MODIS Terra MOD13Q1 product 

from 2001 to 2015 was used because these years had complete datasets. This dataset contains 

16-day composites of the Red, Near-Infrared (NIR), Mid-Infrared (MIR), and NDVI. The 

data was downloaded from the USGS’s MRTWeb interface. The 15-year timespan for 

vegetation indices was chosen primarily because of the dynamic nature of Iraq’s vegetation, 

which changes annually due to natural and human factors.  

NDVI is calculated based on differences between wavelengths from reflected surfaces. The 

most important wavelengths to identify vegetation are the visible band (VIS) and near-

infrared (NIR), for which the reflectance from vegetation is distinctly different (strong for 

NIR and weak for VIS) (Bannari et al., 1995). This difference is exploited by the NDVI 

index, generally calculated as follows (Mennis, 2001):  

 

NDVI =
NIR reflectance − VIS reflectance

NIR reflectance +  VIS reflectance 
                                                                    (4.1) 

 

Because NDVI data is the key vegetation indicator, its data availability period is used to 

define the study period (2001–2015), however temperature data is only available until 2013. 

Therefore, the study period for precipitation is 15 years (corresponding to the NDVI period) 

but the study period for temperature is from 2001–2013 (13 years).  

 

4.3.1.2 Meteorological forcing data  

Various meteorological datasets have been used in this study, covering the period of 2001–

2015. The main dataset used is the Water and Global Change (WATCH) Forcing Data ERA-

Interim (WFDEI) (including precipitation, bias corrected with Global Precipitation 

Climatology Centre’s GPCCv5 and GPCCv6 and air temperature (2m instantaneous air 

temperature)). This dataset was chosen because there is a high correlation between this 

dataset and in-situ observations in Iraq as shown in Section 4.3.2.1. 

The data cover the period 1979–2012 (Weedon et al., 2014) and thus it needs to be extended 

by the Climatic Research Unit (CRU) data (Harris et al., 2014, see Section 4.3.1.3). The 

spatial coverage of WFDEI is 0.5° x 0.5° global land (including Antarctica) and is available 

online through ftp://rfdata:forceDATA@ftp.iiasa.ac.at. Other precipitation and air 

temperature datasets for the period of 2001–2012 covering the study areas were collected 

from the Centre for Ecology and Hydrology (CEH), which provides records of eight 

ftp://rfdata:forceDATA@ftp.iiasa.ac.at/
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meteorological variables at 3-hourly time steps, and as daily averages (precipitation (Rainf), 

air temperature (Tair), instantaneous surface pressure (PSurf), 2m instantaneous specific 

humidity (Qair), long-wave downwards surface radiation flux (LWdown), short-wave 

downwards surface radiation flux (SWdown), snowfall rate (Snowf), and 10m instantaneous 

wind speed (Wind)).  

 

4.3.1.3 Tropical Rainfall Measuring Mission (TRMM), Climatic Research Unit (CRU), 

and Global Precipitation Climatology Centre (GPCC) datasets 

A number of other climate datasets were also used in this study for validation purposes (see 

Section 4.3.2.1), including the data from TRMM, CRU and GPCC. TRMM is a dataset used 

to study precipitation for a range of climate/meteorological purposes as discussed in 

Huffman et al. (2007). The 3B43 dataset is the monthly version of the dataset (available 

online http://mirador.gsfc.nasa.gov/), and covers the latitude band between 50° N to 50° S, 

using ‘best estimates’ from global sources, including infrared data and rain gauge analyses 

(more information is available on NASA’s GES DISC website: https://disc.gsfc.nasa.gov). 

The TRMM dataset was used at a spatial resolution of 0.25º and with a monthly temporal 

resolution, to validate the other datasets over the period 1998–2015 (Huffman et al., 2010). 

Climatic Research Unit (CRU) datasets for precipitation and air temperature (available 

online https://crudata.uea.ac.uk/cru/data/hrg) have a spatial resolution of 0.5º and a monthly 

temporal resolution over the periods 1901–2015 for precipitation and 1901-2013 for air 

temperature (Harris et al., 2014). The TRMM data was standardised at 0.5 degrees as 

described in Section 4.3.2.1. 

Global Precipitation Climatology Centre (GPCC, part of the National Meteorological 

Service of Germany, DWD) datasets consist of the analyses of global monthly precipitation 

data, based on rain gauge data collected from about 67,200 stations, with available 

resolutions of 2.5°, 1.0°, 0.5° and 0.25° (Schneider et al., 2014). Gridded datasets of GPCC 

are available online at: http://gpcc.dwd.de/. The 0.5° Full Data Reanalysis product used here 

is available for the period 1950–2001. 

In addition, some observational precipitation data over the short period 1997-2008 were 

used, obtained from the meteorological centre in Baghdad, Iraq (The Ministry of 

Planning/Central Statistical Organization / Directorate of Environmental Statistics for 2008 

in Iraq (CSO, 2008)). These data were used alongside WFDEI, TRMM, CRU and GPCC 

datasets. All the datasets used are described in Table 4.1: 

http://mirador.gsfc.nasa.gov/
https://disc.gsfc.nasa.gov/
https://crudata.uea.ac.uk/cru/data/hrg
http://gpcc.dwd.de/
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Table 4.1 A summary of the climate datasets used in the study. 

 

No. Dataset 
Spatial 

Resolution 

Temporal 

Resolution  

Variables availability 
Period 

Precipitation Temperature 

1 

Meteorological 

Forcing Data: 

Water and 

Global Change 

(WATCH) 

Forcing Data 

ERA-Interim 

(WFDEI) 

0.5° Daily   1979–2012 

2 

Tropical 

Rainfall 

Measuring 

Mission 

(TRMM) 

0.25° Monthly    1998–2015 

3 

Climatic 

Research Unit 

(CRU) 

0.5° Monthly   

1901–2015 

(Precip.) 

1901–2013 

(Temp.) 

4 

Global 

Precipitation 

Climatology 

Centre (GPCC) 

0.5° Monthly   1950–2001 

5 Observations  - Yearly   1997–2008 
 

Note: ‘Period’ indicates the time period for which the data is available. The data analysis 

periods are different as explained in Sections 4.3.1 and 4.3.2. 

 

 

4.3.2 Methods 

4.3.2.1 Extraction of the WFDEI and NDVI Data 

The WFDEI and NDVI data were extracted for Sulaymaniyah, Wasit and Basrah. Grid data 

were extracted because individual rain gauge data has issues related to missing data and 

variable density of distribution of stations. Statistical analysis was performed for four types 

of precipitation datasets (WFDEI, CRU, GPCC and TRMM) and three types of air 

temperature datasets (WFDEI, CRU and GPCC) in order to test the validity of the WFDEI 

data.  

The four rainfall datasets for the study areas, GPCC, CRU and WFDEI at a resolution of 

0.5° and TRMM at a resolution of 0.25° (resampled to the resolution of 0.5°) were compared 
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with the observed datasets from the meteorological centre in Baghdad (Iraq) for the period 

1997–2008 (CSO, 2008). Additionally, the monthly and yearly values were calculated to 

match the temporal resolution. These data were processed and analysed using customised 

Matlab scripts and a trend analysis was implemented to track climate changes during this 

period. 

I also conducted an initial comparative study to identify the relationship between the four 

types of datasets (GPCC, CRU, TRMM, and WFDEI) and the observations, to further test 

the validity of using the WFDEI dataset for Iraq. Using observations as a reference, I 

computed the correlation coefficient (r) over the study areas for the common period between 

datasets (1998–2001). This analysis indicated that the WFDEI dataset had the highest 

correlation coefficient with the observed data over all regions for the same period (as shown 

in Table 4.2).  

 

Table 4.2 Correlation coefficient (r) of the observations for the yearly time series (1998–

2001) of four gridded datasets against observations. 

 

Gridded datasets against 

observations 

Correlation coefficient (r) 

Sulaymaniyah  Wasit Basrah 

GPCC 0.9728 0.4288 0.9818 

CRU 0.9678 0.7556 0.8483 

TRMM 0.9834 0.7555 0.9380 

WFDEI 0.9903 0.8463 0.9964 
 

 

 

4.3.2.2 Calculations for the precipitation and air temperature indicators 

Eleven precipitation and air temperature indicators were calculated. These indicators were 

calculated based on studies by Gessner et al. (2013) and Zoungrana et al. (2014) for 

precipitation and  Marszeleweski & Skowron (2006) for air temperature.  

Precipitation and air temperature indicators were computed on Excel. First, monthly rainfall 

data were listed in an Excel column. Then computations were listed in the next column and 

consisted of the calculated figures. With the figures of Time lag0, Time Lag1, Time Lag2, 

Time Lag3, Time Lag4, and Time Lag5, these calculated figures are the sum of the adjacent 

cell and the cell above; and  the figures for Time Lag-1, Time Lag-2, Time Lag-3, Time Lag-

4, and Time Lag-5, are the sum of the adjacent cell and the cell below (Table 4.3).  
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These indicators were selected because of their good correlations with vegetation temporal 

dynamics. The periods 2001–2015 and 2001–2013 were used to compute the monthly 

cumulated precipitation and air temperature, respectively. 

 

Table 4.3 Indicators characterising precipitation and air temperature variability in the 

study areas. 
 

No. Indicators Description 

1 
Tim Lag (0): Amount 1 

month 
Precipitation / air temperature of concurrent 

2 
Tim Lag (1): Cumulated 2 

months 

Sum of precipitation / air temperature of current and 

previous 1 month 

3 
Tim Lag (2): Cumulated 3 

months 

Sum of precipitation / air temperature of current and 

previous 2 months 

4 
Tim Lag (3): Cumulated 4 

months 

Sum of precipitation / air temperature of current and 

previous 3 months 

5 
Tim Lag (4): Cumulated 5 

months 

Sum of precipitation / air temperature of current and 

previous 4 months 

6 
Tim Lag (5): Cumulated 6 

months 

Sum of precipitation / air temperature of current and 

previous 5 months 

7 
Tim Lag (-1): Cumulated 2 

months 

Sum of precipitation / air temperature of current and 

earlier 1 month 

8 
Tim Lag (-2): Cumulated 3 

months 

Sum of precipitation / air temperature of current and 

earlier 2 months 

9 
Tim Lag (-3): Cumulated 4 

months 

Sum of precipitation / air temperature of current and 

earlier 3 months 

10 
Tim Lag (-4): Cumulated 5 

months 

Sum of precipitation / air temperature of current and 

earlier 4 months 

11 
Tim Lag (-5): Cumulated 6 

months 

Sum of precipitation / air temperature of current and 

earlier 5 months 

 

4.3.2.3 Formatting WFDEI and NDVI Data 

After extraction, the NDVI, precipitation, and air temperature (WFDEI) scales were 

standardised, in order to compare them on a common scale (0.5°). The following equation 

was used to standardise the data (Rousvel et al., 2013):  

 

𝑆𝑡𝑑(𝑥) =   
𝑋𝑖− 𝑋

𝜎𝑥
                                                                                                                         (4.2) 

  

where x represents the NDVI, precipitation or temperature under investigation, 𝑥 represents 

the mean and 𝜎𝑥 the standard deviation of the NDVI, precipitation or temperature over the 

observation period. To standardise the grids for the NDVI and WFDEI data, I used Ordinary 
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Kriging (OK) and Inverse Distance Weighting (IDW) interpolation methods provided by the 

Arc Map software toolbox (Childs, 2004). For inter-annual variability, the standardised 

values across the entire study period were analysed against each other. For intra-annual and 

seasonal variability, the average standardised values for each month were analysed against 

each other. Climatic seasons were then identified and analysed individually. The correlation 

between the absolute values was calculated and plotted across a range of monthly time-lags, 

ranging from -5 to +5. 

 

4.4 Results  

4.4.1 Spatial NDVI patterns and quality assessment 

The monthly NDVI data covers 15 years from 2001 to 2015 and is represented in Figure 4.2 

with the year 2015 as sample. Because MODIS is an optical/IR satellite, it cannot retrieve 

information when conditions are cloudy. Thus, the dataset contains some missing values that 

need spatial and temporal interpolation. I used the Time-Series Generator (TiSeG) software 

developed by Colditz et al. (2008), firstly to assess the quality of the MODIS product and 

secondly to correct invalid data and fill gaps by linear interpolation. I used the setting of 

UI5-C-S (Perfect-Intermediate, no Cloud, and no Shadow), as it gave the best results. I found 

that the data were of good quality and suitable for my analysis. More details about the 

procedure of quality assessment can be found in Appendix A (Section A.1).  
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 Figure 4.2 NDVI for 2015 with 250 m spatial resolution for the three regions, (a) Sulaymaniyah 

in the north, (b) Wasit in central Iraq, and (c) Basrah in the south. 
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Figure 4.2 (continued)  
 

 

One anomaly stands out: vegetation density in northeast Sulaymaniyah is higher compared 

to southern Sulaymaniyah. This is because of longer sun exposure in the south. As mentioned 

previously, Sulaymaniyah is located between the Zagros Mountains in the northeast and its 

foothills to the southwest. The southern foothills are more exposed to the sun, resulting in 

an increase of soil temperature and therefore in soil evaporation, which leads in turn to a 

decrease in available moisture for vegetation growth. Rainfall in Iraq generally occurs in 

March, April and May, so there is limited winter vegetation growth from November to 

February. This results in peak NDVI values in April and May. 
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4.4.2 Precipitation 

4.4.2.1 Analysis of interannual variability  

The interannual variability of NDVI and precipitation was studied for each region during the 

period 2001–2015 to examine their relationship. The result is illustrated in Figure 4.3, 

showing the temporal plots for the three regions.  
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Figure 4.3 Interannual variability of monthly averages of the NDVI (dashed line) and 

precipitation (solid line) for the period 2001–2015 for each region. (a) Sulaymaniyah, 

(b) Wasit, and (c) Basrah.  
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Figure 4.3 (Continued) 

 

Sulaymaniyah and Wasit have bimodal annual cycles for both NDVI and precipitation. The 

NDVI and precipitation in Figure 4.3 are correlated with coefficients of 0.8635 and 0.6274 

for Sulaymaniyah and Wasit (at Time lag 4), respectively, and 0.4190 for Basrah (at Time 

lag 3).  

The variance in correlation is mainly related to precipitation: there is a very strong linear 

relationship between NDVI and rainfall in Sulaymaniyah and slightly less in Wasit, in 

particular with a four-month time lag. This indicates that the vegetation does not respond 

directly to precipitation, but rather to increased soil moisture resulting from cumulative 

precipitation events. However, different types of vegetation have different growth rates. For 

instance, there are variations between deciduous and evergreen vegetation, which can affect 

correlations. In this study, since I relied on the density of vegetation in general, rather than 

classifications of vegetation types, the contrast in correlation here is mainly related to 

vegetation responding to increased soil moisture. It should also be noted different types of 

soils have differing moisture holding capacities, and that combined with evaporation rates 

will also impact soil moisture (see Discussion, Section 4.5).  

In addition, these regions are generally characterised by high NDVI values and a moderate 

vegetation cover, and this trend increases with distance to the north. The correlation 

magnitude of NDVI and precipitation is higher in Northern Iraq (Sulaymaniyah) than central 

 

 

 

2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015
-3

-2

-1

0

1

2

3

S
ta

n
d

a
rd

iz
e
d

 V
a
lu

e
s

 

 

NDVI

Precipitation
(c)



Chapter 4. Analysis of NDVI variability in response to precipitation and air temperature in different 

regions of Iraq, using MODIS vegetation indices  

 

 
59 

 

Iraq (Wasit). The response time (between adjacent maxima) of the NDVI to precipitation 

varies from 1 to 3 months in both regions.  

Basrah, on the other hand, is characterised by a dry sub-humid climate. A unimodal annual 

pattern for both NDVI and precipitation can be observed for most of the study period. 

Although there is a correlation between NDVI and precipitation in Basrah, in particular with 

a three-month time lag, the correlation is low compared to the other regions because of low 

rainfall. Also, it can be observed that in 2004, 2006 and 2009, the two parameters sometimes 

reversed, giving negative correlations: the NDVI decreased, precipitation increased, and they 

peaked at the same time. This might be due to a decrease in land surface temperature in 

autumn, with commensurate plant die-off. Additionally, there is high interannual climate 

variability within Iraq, as well as spatial variability, which can lead to changes within the 

thermal state. 

The response time between NDVI and precipitation is around four to six months. Notably, 

throughout the study period, both datasets exhibited high variance. 

 

4.4.2.2 Analysis of intra-annual and seasonal variability 

Intra-annual and seasonal variability were investigated to better understand the relationship 

between NDVI and precipitation. Figure 4.4 displays the intra-annual variability of the 

yearly averages of NDVI and precipitation for the 15-year period (2001–2015) in 

Sulaymaniyah, Wasit and Basrah. For NDVI and precipitation, the figure shows a bimodal 

seasonal cycle in Sulaymaniyah and Wasit and a semi-unimodal seasonal cycle in Basrah. 

In Figures 4.4(a) and 4.4(b), two mean peaks occur in both Sulaymaniyah and Wasit. The 

two peaks in Sulaymaniyah are in FMAMJ (February, March, April, May, June) and in 

SOND (September, October, November, December). The peaks in Wasit are in JFMA 

(January, February, March, April) and in SOND. The first part of the curve in Figures 4.4(a) 

and 4.4(b) picks up the dominant agriculture signal in these regions: the main agricultural 

growth (‘greeness’) starts in December/January and ends in June/July in Iraq. However, 

there is a second growing season between September and December: in some parts of central 

Iraq, it can be observed a growing season from September to March/April (i.e., an earlier 

start and end to the agricultural season). Furthermore, the two rainy seasons are characterised 

by a high precipitation variability followed by increased vegetation growth, especially in 

Sulaymaniyah. As such, because there is such intra-annual variability between the regions, 

analysing the NDVI and precipitation year-to year changes of the February–June and 
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September–December periods in Sulaymaniyah, and January–May and September– 

December periods in Wasit is useful. 

In Sulaymaniyah and Wasit, the distribution of NDVI and precipitation is relatively constant 

from June until September. The highest NDVI values occur in April and March respectively, 

with a four-month lag time due to vegetation responding to soil moisture rather than directly 

to individual precipitation events, as discussed above. It is important to note that from 

September until December precipitation increases in both of these regions. NDVI responds 

to this increased precipitation during the FMAMJ growing season in Sulaymaniyah and the 

JFMA growing season in Wasit. 

In Basrah (Figure 4.4), the distribution of NDVI and precipitation is almost constant 

from October through April. Two growing seasons can be observed: the first one between 

February and April and the second one between September and December. Precipitation also 

increases from September until December in this region. NDVI responds to this increased 

precipitation during the JFMA growing season. Then it can be noted fluctuations in rainfall 

between January and April, which impacts the NDVI, with falls then peaks in March. 

In Figure 4.4(a), the NDVI peaks in April, with precipitation in February, while in Figure 

4.4(b) and (c) these are shifted forward by one month; NDVI peaks in 

March with precipitation in January. On closer inspection, NDVI is generally a lagging 

indicator of precipitation. This lag in peaks throughout the year suggests that the inter-annual 

causal relationship asserted in the previous section is also valid at an intra-annual timescale. 

As such, the specific season’s variability will be analysed over the study period. 

Figure 4.5 shows the seasonal variability of monthly averages of NDVI and precipitation for 

the 2001–2015 period for the three regions: FMAMJ (February, March, April, May, June) 

for Sulaymaniyah (Figure 4.5(g)), SOND (September, October, November, December) for 

all regions (Figures 4.5 (a), (c), and (e)), JFMA (January, February, March, April) for all 

regions (Figure 4.5(b), (d), and (f)), and JASO (July, August, September, October) for 

Basrah (Figure 4.5(h)). 

Figures 4.5(a), (c) and (e) display the close NDVI response to precipitation in all the regions 

during the SOND growing season. This correlation is both in trend and in magnitude. 

Although Figure 4.5(g) displays an even closer correlation in Sulaymaniyah during the 

FMAMJ season, this may be due to the increased magnitude and frequency of precipitation. 

In Figures 4.5(b), (d) and (f), this correlation reverses during the JFMA season for all the 
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regions. 

Based on these observations, it can be concluded that NDVI responds well to precipitation 

for the FMAMJ seasonal variation in Sulaymaniyah and the SOND seasonal variation in 

Basrah, where the trend and the magnitude are almost identical. A good response for NDVI 

can also be observed in Wasit through JFMA and SOND seasonal variability. However, also 

it can be observed an opposing trend between NDVI and precipitation in most years through 

the JFMA seasonal variability in Sulaymaniyah. This may be due to precipitation falling as 

snow (see Discussion, Section 4.5). 

Basrah also has an opposing trend between NDVI and precipitation observed through the 

JFMA (as shown in Figure 4.5(f)) seasonal variability, for the years of 2004, 2005, 2006, 

2009, 2010, 2011, 2013 and 2015. The reasons behind this are far more complex. These 

negative correlations signal the differences in climate patterns and human activities: negative 

correlations in the JFMA seasons (precipitation) for Sulaymaniyah may be due to lack of 

soil moisture (increased snow) and for Basrah, they may be also due to lack of soil moisture, 

combined with increased use of irrigation and conflict. This is discussed in more detail in 

the Discussion (Section 4.5). 

Additionally, the JASO (July, August, September, October) season was analysed for Basrah 

(Figure 4.5(h)). Although it can be seen the NDVI response to precipitation, the response is 

not strong. This is due to lack of precipitation in July and August, which results in low 

vegetation growth. 
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Figure 4.4 Intra-annual variability of yearly averages of NDVI (dashed line) and 

precipitation (solid line) for the period 2000–2015 for each region. (a) Sulaymaniyah, (b) 

Wasit, and (c) Basrah. 
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Figure 4.4 (Continued) 

 

NDVI presents a clear response to precipitation in the FMAMJ and the SOND seasons in 

Sulaymaniyah and Wasit. However, this response is more pronounced in the FMAMJ 

season. One reason is that precipitation is higher and more regular throughout this season. 

Additionally, the NDVI and precipitation magnitude are slightly greater in the FMAMJ 

season. The maximum values are nearly constant, and the distribution is concentrated around 

the mean value for the SOND season. 

That vegetation responds to precipitation is more evident in the seasonal variability than in 

the interannual variability, and the response for the FMAMJ season is much stronger than 

the SOND season in Sulaymaniyah. The opposite can be seen in Wasit. The results show 

that these regions differ noticeably in their response to precipitation variability. Overall, 

NDVI demonstrates a clear response to precipitation (or lack thereof).  

To sum up, and for the purposes of this study, interpretation of these results helps to 

determine the efficiency at which rainfall is used by vegetation (the role of human activities 

is beyond the scope of this study). Long and intense rainfall, as occurs in the FMAMJ season 

in Sulaymaniyah, is favourable to vegetation growth, while a short rainy season combined 

with a long dry season, as in Basrah, is unfavourable. Essentially, this highlights the role of 

precipitation in soil moisture availability. Sulaymaniyah illustrates the strongest results, 

where there is a very correlated and immediate response of NDVI to the precipitation 
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variability. This is also somewhat true in Wasit. In Basrah, the relationship is less clear. This 

may have to do with additional factors (discussed further in Section 4.5). Also, it can be seen 

in the JFMA season in Sulaymaniyah, that there are some negative correlations between 

precipitation and vegetation. This can be explained by snow falling as precipitation, so while 

there is increased precipitation, vegetation growth is hindered by the frozen ground (causing 

a lack of soil moisture). 
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Figure 4.5 Seasonal variability of the monthly averages of NDVI (dashed line) and precipitation (solid 

line) for the period 2001–2015 across the regions. (a) SOND Sulaymaniyah, (b) JFMA Sulaymaniyah, 

(c) SOND Wasit, (d) JFMA Wasit, (e) SOND Basrah, (f) JFMA Basrah, (g) FMAMJ Sulaymaniyah, 

and (h) JASO Basrah. 
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Figure 4.5 (Continued) 
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4.4.3 Air temperature  

4.4.3.1 Analysis of interannual variability  

The relationship between NDVI and air temperature was investigated by studying the 

interannual variability for each region during the period 2001–2013. The results are 

illustrated in Figure 4.6, which shows the temporal plots for the three regions. 
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Figure 4.6 Interannual variability of monthly averages of Normalized Difference 

Vegetation Index (NDVI) (dashed line) and air temperature (solid line) for the period 

2001–2013 over each region. (a) Sulaymaniyah, (b) Wasit, and (c) Basrah.  
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Figure 4.6 (Continued) 

 

Sulaymaniyah is characterised by relatively cooler summers and wetter winters. During 

winter, there can also be a significant amount of snow. Figure 4.6(a) displays a unimodal 

annual cycle between NDVI and air temperature. The variables demonstrate opposite trends 

with a 3–4 month time lag. Additionally, there is a difference between the minimum and 

maximum of the two variables, which is seen in all regions (although this is most distinct in 

Basrah). Standardised NDVI peaks at about 2.5 with a minimum below −1.1, while 

maximum temperature peaks at 1.3 with a minimum around −1.3. This suggests that NDVI 

is more variable than air temperature, particularly at positive standardised values. 

Figure 4.6(b) presents Wasit, characterised by a subtropical climate, with a bimodal pattern 

for both air temperature and NDVI. The two parameters in Wasit have a strong negative 

correlation. The time lag between the sequential maxima of NDVI and air temperature is 

five to six months. NDVI reaches its peak at 2.3, with a minimum below -1.6, while 

temperature peaks at 1.4 and a minimum around -1.8. The NDVI and air temperature 

distribution for Basrah is characteristic of a hot desert climate, but the climate resembles that 

of Wasit. This is particularly evident in the air temperature pattern of Figure 4.6c. This region 

has bimodal annual cycles for both NDVI and air temperature, again with a negative 

correlation between the two variables.   
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There are some plausible explanations for the similarities between the NDVI pattern and air 

temperature in Wasit and Basrah over the whole period.  

First, growth conditions, such as temperature and humidity, are similar in both Wasit and 

Basrah. Second, there is a similarity in soil type and moisture content, which can be 

attributed to the alluviation patterns and microclimates of the Tigris and Euphrates rivers. 

Entisols are the dominant soil type in the middle and south of Iraq (Brady & Weil, 2000). 

Entisols are young, underdeveloped soils that are common in high erosion and deposition 

areas (see Section 4.5), such as the Iraqi alluvial plain. Additionally, the increasing 

salinisation of soils (due to both anthropogenic and natural factors) also hinders any 

development of deep soils, which are characterised by well-developed horizons. The 

problems are compounded by erosion. Relatively well-developed soils (such as Mollisols 

and Vertisols) are limited to areas in the eastern part of northern Iraq (i.e., Sulaymaniyah), 

where there is more precipitation and increasing variation in vegetation. 

Third, the characteristic NDVI signatures for both Wasit and Basrah are similar. Dense 

vegetation canopies typically have NDVI values between 0.3 and 0.6, while clouds, snow, 

oceans and other surface waters are 0 or less, and areas denuded of vegetation tend to be 

around 0.1 or less (Brady & Weil, 2000). 

NDVI and air temperature are negatively correlated in Wasit and Basrah (except for a few 

unusual years in Basrah, perhaps because it is such an extreme environment). Meanwhile, 

the correlation between these variables in Sulaymaniyah is shifted by a time lag. This 

difference may be due to the difference in crops that are cultivated: mainly winter crops are 

grown in Sulaymaniyah, a mixture of winter and summer crops are grown in Wasit and 

summer, drought-resistant crops are grown in Basrah.   

 

4.4.3.2 Analysis of intra-annual and seasonal variability  

Intra-annual and seasonal variability was studied to examine the relationship between air 

temperature and the NDVI. The intra-annual variability of the yearly averages of the NDVI 

and air temperatures for the period of 2001–2013 for the three regions is given in Figure 4.7. 

As was found from the inter-annual variability, the NDVI and air temperature intra-annual 

variability presents a bimodal seasonal cycle in all regions. The NDVI and air temperature 

is almost constant from June to August in Sulaymaniyah and from May to September in 

Wasit and Basrah (temperatures start to rise earlier in the south). In Wasit, the temperatures 

are slightly lower than in Basrah. 
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Figure 4.7(a) (Sulaymaniyah) shows a small increase in vegetation in January, with a higher 

increase following in February and March. This is a period of significant growth due to low 

but increasing air temperature progressing towards the summer months. In addition to 

increasing NDVI in agricultural areas, this growth also reflects areas of other vegetation (i.e., 

open oak woodland that covers about 80% of Sulaymaniyah and its surrounding region). A 

sharp decline in NDVI starts from April and the decline is greatest during the summer due 

to increasing air temperatures. Arable land is bare because winter crops, such as wheat and 

barley, have been harvested. The NDVI increases again in October, due to decreasing air 

temperature and increasing precipitation. This occurs across much Iraq as is shown in 

Figures 4.7(b) and (c). 

Wasit is characterised by average temperatures ranging from 38° C (August high, but 

temperatures can be higher) to 12° C (January low), with the rainy season between December 

and February (average rainfall is less than 200mm/year). Agriculture depends on run-off 

irrigation, especially in winter. Figure 4.7(b) shows that NDVI increases in spring, peaking 

in March, after which there is a rapid decline. This corresponds to air temperature that 

significantly increases in April and continues through July and August. Temperature peaks 

in summer correlates with low NDVI. The dominant agricultural crops in this region are 

winter crops, wheat and barley. Some fields are left in fallow during the summer to enable 

the soil to regain nutrients. 

Figure 4.7(c) represents Basrah, which is characterised by high temperatures in summer, 

which can exceed 50 °C, and very low precipitation (less than 100 mm per year). There is a 

long hot season, and the agriculture relies on mechanical irrigation using water from rivers 

and wells. NDVI remains relatively high from November through until March, 

corresponding with lower air temperatures. A sharp and significant decline in NDVI begins 

after March, with a minimum in May. This decline then reverses slowly because of the 

presence of summer crops, but there is also an increase in air temperature (from May until 

August, where the air temperatures reach the maximum values during June, July, and 

August). After the temperatures begin to drop between August and December, the NDVI 

increases more rapidly due to the growth of grasses and evergreen date palms across the 

region. The air temperature has a strong negative impact on the vegetation in this region, as 

with Basrah. 
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While previous studies classify NDVI into different vegetation classes (Rousvel et al., 2013), 

this is not necessary for Iraq due to the general uniformity of vegetation types within the 

given regions. Vegetation cover in Sulaymaniyah is dominated by open woodland, Wasit is 

dominated by wheat and barley, and date palms dominate in Basrah. 
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Figure 4.7 Intra-annual variability of yearly averages of Normalized Difference 

Vegetation Index (NDVI) (dashed line) and air temperature (solid line) for the 

period 2001–2013 over each region. (a) Sulaymaniyah, (b) Wasit, and (c) Basrah.  
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Figure 4.7 (Continued) 
 

 

The Interannual variability in Sulaymnaiyah (Figure 4.6(a)) suggests a lagged negative 

correlation between NDVI and air temperature. However, the intra-annual variability of the 

JFMAM season (Figure 4.8(a)) shows that there is a strong positive correlation. Meanwhile, 

in Wasit and Basrah, the intra-annual variability of JFMAM season (Figures 4.8(c) and (e)) 

is negatively correlated. In addition, there are specific years, for example 2005, 2007, and 

2009 as shown in Figure 4.6(a) (Sulaymaniyah) and 2004, 2006, and 2008 as shown in 

Figure 4.6(c) (Basrah), that show positive correlations between NDVI and air temperature. 

This may be due to the types of vegetation growing in those years, which were more suitable 

for the temperatures.  

The interannual variability of Wasit and Basrah (Figures 4.6(b) and (c)) is fairly consistent, 

although there are exceptions. The inconsistencies in the correlation between NDVI and air 

temperature may be due to the high temperatures that characterise this region, as mentioned 

previously. This leads to a decrease in the relative humidity and therefore high vapour 

pressure deficit, which depends mainly on the temperatures and relative humidity: if the 

temperature decreases, then the amount of water vapor which the air can hold decreases, thus 

saturation vapor pressure decreases. This, in turn, leads to an increase in relative humidity, 

which, in turn, affects vegetation growth.  
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In contrast to the JFMAM season, the intra-annual variability between NDVI and air 

temperature in Sulaymaniyah (Figure 4.8(b)) shows a negative correlation in the OND 

season and unlike the interannual variability, there is no lag in this correlation. Again, the 

correlation in Wasit and Basrah in the OND season is negative, consistent with the JFMAM 

season and intra-annual variability. It is worth mentioning that the difference in the 

correlation for seasonal variability in the north, and middle and south of Iraq for the same 

season, such as the JFMAM season, can be attributed to the different soil types in these areas. 

In Wasit and Basrah, the soils are very poorly developed due to high temperatures, lack of 

moisture and erosion. Salinisation, which results from irrigation and high temperatures 

(irrigation deposits more salts into the soils, and the high heat evaporates the moisture, 

leaving a higher concentration of salts), is also a major issue in these areas, inhibiting plant 

growth. In the north of Iraq, despite the high air temperatures, the main soil types, Mollisols 

and Vertisols, are more deeply developed and are able to retain moisture better. 
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Figure 4.8 Seasonal variability of the monthly averages of NDVI and air temperature for the 

period 2001–2013 across regions. (a) JFMAM Sulaymaniyah, (b) OND Sulaymaniyah, (c) JFMAM 

Wasit, (d) OND Wasit, (e) JFMAM Basrah, and (f) OND Basrah. 
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Figure 4.8 (Continued) 
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4.4.4 Correlation between precipitation and air temperature with monthly NDVI 

The linear correlation coefficient between monthly NDVI and precipitation and air 

temperature was calculated for each region. It was evaluated for concurrent monthly NDVI 

and precipitation and air temperature data and for different time lags between -5 and 5 

months, as suggested by Gessner et al. (2013) and Marszeleweski & Skowron (2006).  

Figures 4.9 and 4.10 show the values of the correlation coefficient for precipitation and air 

temperature, respectively. The period 2001–2015 was used to compute the monthly-

cumulated precipitation. 

Figure 4.9 shows that the highest correlation is with a 4-month time lag of NDVI to 

precipitation in Sulaymaniyah and Wasit, while in Basrah, the highest correlation occurs 

with a 3-month time lag. Sulaymaniyah contains the highest correlations between NDVI and 

precipitation from a 0 to 5-month time lag. The high correlations found in these time lags 

are related to the fact that vegetation responds to soil moisture, which has accumulated 

through cycles of precipitation events. The phenological transition points range between 3- 

and 4-month time lag for all regions, corresponding to the length of time it takes for plants 

to mature (Rousvel et al. 2013).  

However, in Sulaymaniyah there is also a sharp drop in correlation with time lag -1. As seen 

in the intra-annual results for precipitation and vegetation in Section 4.4.2.2, there are years 

when there is a negative correlation between precipitation and vegetation (high precipitation, 

low vegetation) in the JFMA season. It can be concluded that this is the result of precipitation 

falling as snow, which would add no real moisture to soils until the spring melt, thus 

hindering vegetation growth. The same reason may account for this drop in correlation at the 

time lag -1. 
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To study the relationship between air temperature and vegetation temporal dynamics, the 

same time lags were used, shown in Figure 4.10. The period of 2001–2013 was used to 

calculate the monthly-cumulated air temperatures. As opposed to precipitation, a relatively 

weak negative correlation was observed between air temperature and NDVI for all regions. 

The weak impact of air temperature on NDVI can be explained by the higher levels of 

precipitation, particularly in Sulaymaniyah and Wasit. The increased cloud coverage during 

these periods reduces air temperatures and solar radiation levels, thus slowing down 

photosynthesis and subsequently hindering vegetation growth. Air temperature is not the 

only parameter affecting vegetation; there are other, more important, factors such as an 

adequate supply of water and nutrients, as well as sunlight. 

While the phenological transition points of correlation between precipitation and NDVI align 

with crop maturity duration for all regions, this is not the case with air temperature, where 

the points are only aligned in Sulaymaniyah and Wasit. This suggests that NDVI is partially 

Figure 4.9 Correlation between monthly NDVI and precipitation in various intervals 

for the three climatic regions. The correlations are for in the concurrent month (0), 

one month earlier (− 1), two months earlier (− 2), three months earlier (− 3), four 

months earlier (− 4), the five months earlier (− 5), the previous month (1), the two 

previous months (2), the three previous months (3), the four previous months (4), 

and the five previous months (5). 
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driven by lower air temperatures in these regions. It may be the case that in Basrah, because 

the temperature is high all year round, there is never a low enough temperature to trigger the 

same processes. 

 

 

 

 

 

 

4.5 Discussion 

Previous research suggests that vegetation is very sensitive to climatic components (for 

example, Matthews, 1982, Roerink et al., 2003, Djamali et al., 2010) and its growth is 

influenced by climatic factors such as precipitation and temperature (Wang et al., 2003; 

Suzuki et al., 2006; Prasad et al., 2008). My results from the analyses of NDVI variability 

in response to precipitation and air temperature using interannual, intra-annual, and seasonal 

variability in different regions of Iraq captured the important climatic parameters governing 

vegetation vigour. Also, it can be found that other, external, factors sometimes skewed my 

results. 

First, I analysed the interannual variation in order to better understand the relationship 

between precipitation and NDVI. It can be found that the similarities between NDVI and 

Figure 4.10 Correlation between monthly NDVI and air temperature in various 

intervals for the three climatic regions. The correlations are for in the concurrent month 

(0), one month earlier (− 1), two months earlier (− 2), three months earlier (− 3), four 

months earlier (− 4), the five months earlier (− 5), the previous month (1), the two 

previous months (2), the three previous months (3), the four previous months (4), and 

the five previous months (5) 
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precipitation (in trend and amplitude) in Sulaymaniyah and Wasit point towards a causal 

relationship between precipitation and vegetation (Figures 4.3(a) and 4.3(b)). Throughout, 

NDVI shows a clear response to the cycle of precipitation, except in Basrah, where there is 

a weak correlation between NDVI and precipitation (Figure 4.3(c)). This, I found, could be 

explained through the seasonal/intra-annual results, where there were a number of negative 

correlations between precipitation and vegetation.  

Then the intra-annual and seasonal variation were examined in order to further assess the 

relationship between precipitation and NDVI and found that these regions differ noticeably 

in their response to precipitation variability. Overall, NDVI demonstrates a clear response 

to precipitation in Sulaymaniyah (but see below) and to a lesser degree in Wasit. In Basrah, 

the NDVI distribution pattern presents an opposite trend to the precipitation except for some 

years during the period. Soil type, and the volatility and fragility of the environment may 

play a role here, as well as external factors such as war and other conflicts impacting on 

agriculture and irrigation infrastructure.  

Soil moisture impacts vegetation growth. The more fully developed soils are (such as those 

found in Sulaymaniyah), the better they are able to retain moisture. The mollisols of 

Sulaymaniyah and its surrounding regions are deeply developed and are clay rich, with 

additions of alluvial silts and fine sands (Marsh & Altaweel, 2018 In Press). The clays help 

to retain water and indeed could lead to oversaturated soils, but the use of the plough helps 

to increase drainage. Although summer temperatures can be high in the north, leading to 

higher rates of evaporation, this is countered by the water retention in the underlying silty 

clay sediments (observed through field trenches: Marsh & Altaweel, 2018 In Press).  

In the alluvial plain (Wasit and Basrah regions), entisols are the dominant soil type. These 

soils are young and underdeveloped (i.e., they only have an A horizon), and their 

development is impacted by erosion and/or rapid rates of deposition of sediments. However, 

in alluvial environments, soils can be high in nutrients (due to annual river flooding) and 

thus are areas of high agricultural potential. In the south of Iraq, though, the high 

temperatures lead to high evaporation rates. To mitigate against this (and the lack of rainfall 

in the summer months), drought tolerant crops are planted, and irrigation is used extensively. 

Irrigation in turn leads to issues of increased salinisation of soils, which inhibits vegetation 

growth. Because of these factors, there is less soil moisture availability in Basrah, so it would 

be expected that in drought years, vegetation and precipitation should be positively 
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correlated. However, there are exceptions (where the relationship with precipitation is 

negative). This is likely reflecting in the increased use of irrigation, which increases (short 

term) soil moisture content and promotes vegetation growth.  

In years where precipitation is high and NDVI is low, there is a far different reason: conflict 

(war and terrorism). In 2003, the invasion of Iraq was followed by the Battle of Basrah. In 

2004, the NDVI is drastically lower, likely as a consequence of this conflict and resultant 

lack of infrastructure (i.e., irrigation systems were put out of use).  

These anomalies aside, however, the interpretation of these results helps to determine the 

efficiency at which rainfall is used by vegetation. Long and intense rainfall, as occurs in 

season FMAMJ in Sulaymaniyah, is favourable to vegetation growth, while a short rainfall 

season and long dry season, as in Basrah, is unfavourable, especially given the fragility of 

the environment and external factors such as conflict and extensive use of irrigation.  

Variations in rainfall in all of the regions clearly influence the vegetation growth and vigour 

(NDVI). With respect to the NDVI response to rainfall, several studies report that vegetation 

does not immediately respond to rainfall, rather it is affected by soil moisture built up over 

time (cumulative rainfall) (Davenport & Nicholson, 1993; Prasad et al., 2008; Wang et al., 

2003). It can be found similar results in Iraq. Figure 4.4(a) shows that the maximum peak 

for NDVI occurs in Sulaymaniyah in April, which picks up the dominant agriculture signal 

in this region. The agricultural ‘greenness’ increase starts in December /January and ends in 

June/July in Iraq. This peak in NDVI is a result of the accumulation of rainfall for the winter 

months (December, January, and February). In Figures 4.4(b) and (c), the peaks are shifted 

forward by one month: NDVI peaks in March. This is also the result of the accumulation of 

rainfall for the winter months. It can also be seen that for the JFMA season in Sulaymaniyah 

(Figure 4.5(b)), which represents part of the rainy season, there are years during which 

precipitation is negatively correlated with vegetation. In this case, snow as precipitation in 

the highlands may skew the correlation (when it is snowing, the ground freezes due to low 

temperatures, and thus soil moisture will not increase until the spring melt). Therefore, for 

years of heavy snow, regrowth of vegetation may start slightly later in the year.  

Generally speaking, the results clearly suggest that the NDVI gives a marked response to 

precipitation in the FMAMJ season and the SOND season in Sulaymaniyah and Wasit. 

However, in the FMAMJ season, the response is stronger. This could be due to the fact that 

there is higher and more regular precipitation. Additionally, the NDVI and precipitation 
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magnitudes are slightly greater in the FMAMJ season for Sulaymaniyah and the maximum 

values are nearly constant, and the distribution is concentrated around the mean value for the 

SOND season for Sulaymaniyah and Wasit.  

Vegetation response to rainfall is stronger in seasonal variability analyses than in the 

interannual variability analyses. The response for the FMAMJ season is much better than for 

the SOND season in Sulaymaniyah. The opposite can be seen in Wasit, where the response 

for the SOND season is much better than the FMAMJ season.  

The importance of looking at different regions across Iraq, and at different scales (i.e., 

interannual and intra-annual) is highlighted by the study. The results indicate that these 

regions’ responses differ markedly from each other in terms of precipitation variability.  

I also examined interannual variability of air temperature and the NDVI to understand the 

relationship between the two. It can be found that, in general, the relationship between 

vegetation and air temperature is not as strong as that of vegetation and precipitation. This 

is because air temperature is not the primary factor that affects vegetation growth, which is 

more influenced by an adequate supply of water, nutrients, and sunlight. Generally, the 

presence of moisture in the soil from irrigation increases the appropriate conditions for 

vegetation growth, which, on the one hand, encourages the increase of vegetation and on the 

other hand, the presence of moisture leads to a decline in soil temperature. (It should be 

noted that arid conditions and irrigation can also lead to an increase in soil salinisation, which 

could negate the effects of soil moisture.) Precipitation constitutes the primary factor in 

germination, whereas the air temperature only assists with a weaker effect than that of 

precipitation.  

Finally, the linear correlation coefficients between monthly NDVI and precipitation and air 

temperature were calculated for each region, for concurrent monthly NDVI and precipitation 

and air temperature data and for different time lags between − 5 and 5 months. On the one 

hand, it can be found that the highest correlation is with a 4-month time lag of NDVI to 

precipitation in Sulaymaniyah and Wasit, while in Basrah the highest correlation occurs with 

a 3-month time lag. On the other hand, a relatively weak negative correlation was observed 

between air temperature and NDVI for all regions. The weak impact of air temperature on 

NDVI is explained by the presence of precipitation, particularly in Sulaymaniyah and Wasit, 

which can negate or mitigate against the impact of air temperature. Air temperature, 

additionally, is driven more by natural climate cycles (such as the NAO: Agha & Sarlak, 
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2016) than environmental change. While the phenological transition points of correlation 

between precipitation and NDVI align with crop maturity duration for all regions, this is not 

the case with air temperature, where the points are only aligned in Sulaymaniyah and Wasit. 

This suggests that NDVI is partially driven by lower air temperatures in these regions. 

The relationship between NDVI and precipitation is stronger than for air temperature, 

especially in Sulaymaniyah and to a lesser extent, Wasit. This may be because Sulaymaniyah 

is located in northern Iraq, with higher levels of precipitation and more temperate 

temperatures, so slight changes in temperature should not significantly affect vegetation 

growth. Furthermore, the structure of hydrological system of northern Iraq leads to more 

productive vegetation growth: there is more available water in the aquifers, and the spring 

melt leads to the flooding of the alluvial plains, adding more nutrients to the soils as well as 

increasing soil moisture content. As for the positive correlation with air temperature and the 

negative correlation with precipitation with the NDVI in specific years across regions, this 

may be related to the increase in cloud cover and precipitation causing reduced air 

temperatures and solar radiation, which subsequently weakens photosynthesis, hindering 

vegetation growth. 

As mentioned in the Introduction, there has been little research in Iraq in terms of vegetation 

and environmental/climate studies (see Jaradat, 2002). Most of the work that has been carried 

out relates to palaeoclimate studies (tracking changing seasonality in Iraq: Marsh et al., 

2018), research into the effects of the conflicts on agriculture (Jaradat, 2002; FAO 2013, 

2016), or studies that are limited in scope. 

Qader et al. (2015), for instance, assessed and mapped the spatial variation in key Land 

Surface Phenology (LSP) parameters in relation to elevation across Iraq over the last decade. 

Fadhil (2011) investigated the use of NDVI to detect drought impacts in the Kurdish region 

of Iraq. Agha & Sarlak (2016) used precipitation and temperature data, however the data 

was derived only from Iraqi meteorological stations and subjected to different statistical 

analyses (Mann–Kendall and Spearman’s Rho test and Kendall and Sen’s T tests) in contrast 

to the ones used in this study, and no comparisons were made with satellite data. Najmadin 

et al. (2017), in their study of the Lesser Zab (northern Iraq) rainfall runoff model, used 

TRMM data and precipitation data, but unlike the current study, did not compare these with 

other available datasets, particularly the NDVI. Slightly further afield, Hashemi (2011) used 

the NDVI response to cumulative monthly rainfall in the Azerbaijan province of Iran and 
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found that multivariate regression analysis was better than simple linear regression. Other 

research is also available (e.g., Amanollahi et al., 2012; Azooz & Talal, 2015), however, the 

data and interpretations have not been peer reviewed and thus are not considered here. 

There has also been researched carried out in semi-arid to arid environments similar to Iraq, 

however they use different methods and concentrate primarily on soil erosion and land use. 

Examples include catchment analysis and Geographic Information System (GIS) analysis, 

using topographical (i.e., elevation data) to quantify vegetation and soil/sediment runoff 

(Canton et al., 2011) and development of soil erosion models in arid environments using 

STREAM soil erosion models (Ciampolini et al., 2012). 

There is some limited research into the predictability of the NDVI dataset in semi-arid 

regions. Martiny et al. (2010) examined the predictability of the NDVI dataset compared to 

other proxies including datasets from the Niño3.4 sea surface temperature index, and indices 

based on surface temperatures and atmospheric variables from the National Center for 

Environmental Prediction (NCEP). Similarly to my study, the authors looked at three regions 

with differing precipitation regimes and topography and found that the correlation between 

their proxy datasets and NDVI were high, and that the proxy data provided good 

predictability of vegetation cover in the region. The difference in the Martiny study and ours 

here is the use of rainfall as a variable. Rainfall data is difficult to gather in many parts of 

Africa (similarly to Iraq), and the authors argue that the NDVI can stand in as a predictor for 

rainfall patterns in the region. Moreover, in an earlier paper, Martiny et al. (2007) argue that 

it is the ‘structure’ of the precipitation regime that affects the correlations between rain data 

and the NDVI. However, I would argue that the addition of precipitation data adds nuanced 

interpretation to the NDVI data, and that there are additional factors at play that impact the 

correlations. An example is the negative correlation between rain and vegetation that is seen 

in Basrah in certain years. The NDVI may be picking up a vegetation signal, however, as 

discussed above, irrigation, rather than precipitation, may be the driver of this vegetation 

growth. Precipitation data, therefore, is necessary, where possible, to tease out details that 

could be important in fragile environments such as these.  

Another study, also conducted in Africa (Tunisia) by Amri et al. (2011), develops the VAI 

(Vegetation Anomaly Index) model, based on NDVI data to measure the persistence of 

drought in the region and its impact on three vegetation types (pasture land, agricultural 

fields and non-irrigated olive groves). While they found that the VAI is a good predictor for 
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drought persistence, I argue that precipitation data is needed to confirm that the lack of 

vegetation in certain periods is caused by a lack of precipitation or due to other reasons. 

Furthermore, the effect of irrigation (necessary for agriculture in many semi-arid regions) is 

not accounted for in the VAI model. 

4.6 Concluding comments   

In this study, I compared two variables (precipitation and air temperature) and found that 

there are correlations between the NDVI and climatic regimes, and that external factors can 

skew these correlations. In addition, I used a combination of datasets to improve the 

robustness of the data and analyses and looked at both the interannual and intra-

annual/seasonal variation to gain an enhanced understanding of the relationship between 

vegetation and climate across different environments in Iraq. I found that in highland regions 

(such as Sulaymaniyah), precipitation as snow affected the results and as such type of 

precipitation must be taken into consideration when studying the correlations between 

precipitation and vegetation. 

Additionally, it can be found that the relationship between precipitation and the NDVI in 

Basrah is much more complicated, with both negative and positive correlations. This shows 

that while precipitation is a primary driver in vegetation growth, other factors can also have 

significant impacts. These factors include temperature extremes, fragility of the 

environment, and human activities including the use of irrigation (leading to salinisation of 

soils) and especially the impacts of conflict, which affect infrastructure and agricultural 

output, which in turn, impacts the NDVI for that time period.  

There are now different avenues of future research that can be pursued. First, it can be taken 

these results to modify existing phenological models, adding precipitation as a variable. 

Second, it can be look with more detail into the relationship between precipitation and the 

NDVI in Basrah, particularly in relation to other external factors, which can skew 

correlations. This work could also be applied to other regions of high conflict and fragile 

environments, such as Syria. Third, it can be seen the need to initiate phenology network 

stations across Iraq, to adequately cover the highly diverse environments. This would include 

a simple and effective means to input, report and utilise ground-based phenological 

observations for a variety of ecological, climatic and agricultural applications. Such a 

network can also capitalise on a wide variety of remote-sensing products and meteorological 

data already available from different governmental departments in Iraq. 
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Fourth, since precipitation and temperature in Iraq are driven by different mechanisms, more 

research needs to be undertaken to further quantify how the relationship between vegetation, 

temperature and precipitation works in Iraq (and other semi-arid to arid environments). This 

could be done through looking at different classifications of vegetation in the region, 

combined with a closer analysis of soil types and water availability. This combination of 

analyses (both used in this study and suggested for future research) is especially useful for 

semi-arid to arid locations that not only are naturally fragile but also prone to environmental 

degradation due to human activities. Understanding vegetation-climate-human dynamics 

may help Non-Governmental Organizations (NGOs) and governments to better plan 

mitigation strategies within these areas, and to implement strategies that are finetuned to the 

specific needs of the locales. 
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CHAPTER 5 

 

1PREDICTING VEGETATION PHENOLOGY IN RESPONSE 

TO CLIMATE CHANGE USING BIOCLIMATIC INDICES IN 

IRAQ 

 

5.1 Introduction 

Mitigating against the effects of climate change is high on the agenda for many countries. 

As such, it is becoming increasingly vital to develop and use models that can not only 

measure recent climate and environmental change, but that can also be used to predict future 

change, especially in marginal, fragile environments such as those found in semi-arid and 

arid regions, with large populations. A number of different models and methods (such as 

those based on remote sensing) have been applied to measure and predict present and future 

temperature changes (Hansen et al., 2010; Amanollahi et al., 2012), data from (IPCC, 2014; 

GISTEMP, 2017), precipitation changes (Wu et al., 2011; Hawkins & Sutton, 2011; IPCC, 

2014) and CO2 variation (Meehl et al., 2007; IPCC, 2014). All of these variables, of course, 

are interrelated and interdependent, in that changes in one or more variables will cause 

changes in the others. Further, these variables combine to limit plant physiological processes 

particularly phenological processes that are dominated by climatic variations and that 

heavily influence the coupling between vegetation and the atmosphere. 

Phenology is simply the study of plant and animal lifecycles. Vegetative lifecycles vary due 

to biotic and abiotic forcings, and it is important to understand these forcings (Lieth, 1974; 

1975, 2013; Jolly et al., 2005). Plant foliage, ‘greenness’, is directly related to the carbon 

and water cycles, thus impacting and being impacted by surface-atmosphere dynamics and 

in recent decades there have been many changes in the timings and duration of the greenness 

cycle (Myneni et al., 1995; Menzel & Fabian, 1999; Schwartz & Reiter, 2000; Matsumoto 
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et al., 2003), impacting soil capacity, microclimates, and on a larger scale, the global carbon 

cycle (Jolly et al., 2005; Keeling et al., 2005; IPPC, 2014). Modelling plant phenology 

depends on a solid understanding of the dominant climatic controls to govern phenological 

processes and these models are often developed and calibrated for a single regional and they 

lack a solid, theoretical foundation.  

Jolly et al. (2005) argued that extant phenology models, based mainly on satellite canopy 

coverage imagery, sparse phenological ground observations and various mathematical 

models, needed to be combined with surface weather data in order to create a more dynamic 

representation of the vegetation over large areas. They sought to ‘develop a simple, 

generalized phenology model to test the hypothesis that there is such a set of common 

climatic conditions that interact to limit foliar phenology globally’ (Jolly et al., 2005, p. 620). 

They proposed a simple approach that combined daily minimum temperature, Vapour 

Pressure Deficit (VPD) and photoperiod into a simple index of plant canopy development 

called the Growing Season Index (GSI). GSI showed a good agreement with satellite-derived 

foliage variations at sites across the world. Further, they also found that the model was not 

only able to simulate current differences in foliage in different regions across the globe, but 

that it could also be used to predict climate-mediated canopy variations in future because the 

model used common meteorological variables that could be derived from General 

Circulation Model outputs. Stockli et al. (2011) used satellite data to calibrate GSI for better 

predicting vegetation phenology globally across plant functional types. Förster et al. (2012) 

applied the GSI approach to meso- and macro-scale water balance simulations. These studies 

were the direct application of the existing GSI method and improvement to the method itself 

has not been carried out.   

Although most phenology models are designed to analyse and / or to predict future trends in 

response to climate change, a holistic bioclimatic index that includes precipitation as a 

dominant control has not been adequately considered in the existing phenology models. One 

simplification that the original GSI made was to use VPD as a surrogate for seasonal changes 

in water availability and daily precipitation measurements were not considered.  In semi-arid 

regions, precipitation directly controls seasonal canopy variations (Jolly & Running, 2004) 

and the use of VPD as a surrogate may not be sufficiently general to capture the range of 

potential plant responses during extended dry periods. A more generalized version of GSI 

should therefore include a direct precipitation control to improve predictions in semi-arid 
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regions. In this study, I sought to expand the GSI model to include a direct precipitation 

control and I evaluated the model across three semi-arid regions of Iraq with differing 

climate and vegetation. I then tested the predictive quality of the model by comparing the 

unmodified and modified GSI models against satellite-derived estimates of the Normalized 

difference vegetation index (NDVI) for a ten-year period (2001-2010).  

Because of the political instability and continuous state of conflict in Iraq since the 1980s 

with the Iran-Iraq War, and continuing today with the presence of ISIS in Iraq, there has 

been very little in the way of environmental research in the region, and even less funding 

dedicated to environmental and agricultural research (Jaradat, 2002). Some work was carried 

out in the 1970s, which was followed by sporadic research through the next few decades, 

until the early 2000s (Beaumont, 1998; Jaradat, 2002; Qader et al., 2015; Agha & Şarlak, 

2016; Najmaddin et al., 2017). Currently, there is more research being carried out, however, 

most of this concerns the effects of the conflicts on groundwater, agriculture, and so on 

(FAO, 2013, 2016). Despite the new research being carried out, the region covered is spotty 

as there are still areas of conflict that are inaccessible to researchers. This is the first study 

to not only evaluate current canopy cover in various areas of Iraq using an enhanced 

phenological model, but also to use a model that has the potential to predict future vegetation 

change in the region. This is particularly important as desertification (and thus loss of 

greenness in the region) continues unabated, which will, in turn, create further water and 

food shortages in the future if mitigation strategies are not put in place. The chapter will first 

describe the study areas, and then there will be a brief discussion on the model and the 

variables used. The results follow, with an in-depth discussion and concluding comments. 

It is worth noting that the results of this study will be used and extended in Chapter 6 by 

developing the modified GSI model by using climate change scenarios for predicting future 

phenological changes. 

 

 

 



Chapter 5. Predicting vegetation phenology in response to climate change using bioclimatic indices 

in Iraq 

 

88 

 

5.2 The study area  

Iraq is situated in the Middle East, between longitudes 38–48°E and latitudes 29–37°N, with 

an area of 437,072 km2. It is surrounded by Iran to the east, Turkey to the north, Syria, Jordan 

and Saudi Arabia to the west, and the Arabian/Persian Gulf to the south (see Figure 4.1, 

Chapter 4). The major environmental features consist of an expansive alluvial plain and 

associated marshland, which have been created by the two historically significant rivers, the 

Tigris and the Euphrates; the desert in the south and southeast; and the mountainous region 

in the north, where Iraqi Kurdistan is bounded by the Zagros mountains and foothills.  

Generally, Iraq is described as having a continental subtropical climate, with areas to the 

north experiencing a Mediterranean climate (Jaradat, 2002; FAO, 2008). The summers are 

extremely hot (average maximum temperature in July–August around 43°C, in the shade) 

with no rainfall, and the winters are short and cool (FAO, 2008, 2011). The majority of the 

precipitation occurs in winter, as a mix of snow and rain in the north between November and 

April and as rain in the rest of Iraq from December to February (FAO, 2008). The (FAO, 

2008) divides Iraq into four ‘agro-ecological zones’, which are: the arid to semi-arid 

Mediterranean zone, where average rainfall is over 400mm/year and which covers most of 

the northern parts of Iraq; the steppic zone, which receives about 200-400mm of rain per 

year (mainly the Salelhadin area); the alluvial or irrigated zone between the two rivers and 

the desert zone (both of which have less than 200mm per year). The study areas chosen for 

this research fall into either the irrigated zone or the Mediterranean zone, which are both 

more agriculturally productive (FAO, 2003).  

Three areas in Iraq were chosen to test the modified GSI model: Sulaymaniyah in the north 

(Iraqi Kurdistan), Wasit in the middle, and Basrah to the south (as shown in Figure 4.1, 

Chapter 4). The three study areas have different climates and thus provide a way to test the 

model against gradients of temperature and precipitation and to explore their combined 

impact on vegetation greenness.  

Sulaymaniyah is located in Iraqi Kurdistan in northern Iraq. It is one of the main population 

centres in the country. It is surrounded by the Zagros mountains in the east (bordering with 

Iran), and the Binzird, Baranan and Qara Dagh hills to the west and south. In the middle is 

the wide Shahrizor plain, which is used for agriculture (cereals and fruit) and grazing, and is 

dissected by the Tanjero River (Altaweel et al., 2012). Sulaymaniyah’s climate is 
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Mediterranean, and is characterised by its cooler summer temperatures and its rainier 

winters. Average temperatures range from 0°C to 39°C (although temperatures in the 40s 

have been recorded) and precipitation rates can reach over 1000mm/year. There is some 

snowfall during the winter, especially at higher elevations.  

Wasit is located in central Iraq. It is bounded by the Zagros mountains and the Iranian border 

to the east, with Bagdad to the north. It is located in the alluvial plain created by the Tigris. 

The FAO (2011) indicates that there are two types of agro-ecological zones in Wasit: The 

Mandali and the Bagdad zones. The Mandali zone is one of low agricultural potential: there 

is low rainfall, the land is swampy, there are issues with salinity and irrigation is difficult 

(FAO, 2011). The Bagdad zone, in the west, has a higher agricultural potential, especially 

when irrigation is used (FAO, 2011). However, there is still an issue with salinisation of 

soils. Rainfall in the region is generally less than 200 mm/year.   

Basrah is located in the south of Iraq. It is characterised by having an arid climate, with 

temperatures in the summer exceeding 50°C. However, because of its proximity to the 

Persian Gulf coast, there is also high humidity. The FAO (2011) report indicates that there 

are two agro-ecological zones in the Basrah region: the Basrah (mainly marshy) and Rutbah 

(desert) zones. Neither is agriculturally productive and there is very little rainfall in the 

region (usually less than 150mm/year).    

 

5.3 Methodology 

5.3.1 Model development  

The modified GSI uses three variables that can affect vegetation growth and development 

within a region. In addition to the minimum temperature, VPD, and photoperiod used by the 

original model, I added daily total precipitation.  

For each variable, a daily index is calculated for each weather variable based on a set of 

limits that define the upper and lower bounds of those variables on phenological processes: 

the lower boundary (minimum) indicates no phenological activity (index = 0) whereas 

exceeding the upper boundary limit (maximum) indicates unconstrained growth (index = 1) 

and varies linearly between these two limits. Further discussion on how threshold limits were 

determined can be found in the (Section 5.10), with accompanying data and graphs. The 

product of the three indices for the original model and four indices for the modified model 

creates a combined index (iGSI) that is smoothed using a 21-day running average to limit 
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the influence of short-term weather fluctuations on modelled phenological states (Jolly et 

al., 2005). The first three variables are discussed briefly, and more detail can be found in 

Jolly et al. (2005), followed by a more lengthy discussion on how precipitation is integrated 

into the GSI framework. I then discussed the meteorological and vegetation datasets used, 

assess their quality and compare the unmodified and modified GSI with these satellite-

derived datasets.   

 

5.3.1.1 Minimum temperature 

The IPCC (2014) regards minimum temperature as a more important indicator of climate 

change than maximum temperature or average temperature. However, minimum 

temperature here applies not so much to ambient temperatures, which undoubtedly have an 

impact on plant growth but rather, on the impact the temperatures have on soil and water 

uptake by the vegetation. As temperatures decrease, water uptake by plant roots slows down, 

thus inhibiting growth of vegetation, and in some cases, low temperatures can be lethal to 

vegetation.  

In this study, given the broad temperature range and environments in the region, I have 

chosen a range of a lower threshold of minimum temperature 0 ᴼC (TMMin) and an upper 

threshold of 20 O C (TMMax). A minimum temperature index (iTMin) (Figure 5.1(a)), taken from 

Jolly et al. (2005) is:  

 

𝑖𝑇𝑀𝑖𝑛 = {

0,
𝑇𝑀𝑖𝑛 − 𝑇𝑀𝑀𝑖𝑛

𝑇𝑀𝑀𝑎𝑥 − 𝑇𝑀𝑀𝑖𝑛

1,

,

𝑖𝑓𝑇𝑀𝑖𝑛 ≤ 𝑇𝑀𝑀𝑖𝑛,

    𝑖𝑓 𝑇𝑀𝑀𝑎𝑥 >  𝑇𝑀𝑖𝑛 > 𝑇𝑀𝑀𝑖𝑛 ,
𝑖𝑓𝑇𝑀𝑖𝑛 ≥  𝑇𝑀𝑀𝑎𝑥, 

                                                   (5.1) 

 

where 𝑖𝑇𝑀𝑖𝑛 is the daily indicator for minimum temperature and is bounded between 0 and 

1 and 𝑇𝑀𝑖𝑛 is the observed daily minimum temperature in degrees Celsius. For all tests, 

𝑇𝑀𝑀𝑖𝑛 = 0 ºC and 𝑇𝑀𝑀𝑎𝑥  = 20 ºC. These thresholds are quite different from those used in 

Jolly et al. (2005); Stöckli et al. (2008, 2011) and Förster et al. (2012), (see also (Section 

5.10), for a discussion and data on the thresholds), as my study operates at a regional scale 

rather than a global scale. In this case differences are to be expected (White et al., 2000). 
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5.3.1.2 Vapour pressure deficit  

Vapour pressure deficit was selected as a variable in Jolly et al. (2005) as a surrogate for 

precipitation. Water stress is known to impact vegetation in terms of stomatal closure, leaf 

shed and cell division (Mott & Parkhurst, 1991; Monteith, 1995; Jolly et al., 2005). VPD, 

which is the measurement of the difference between the amount of water vapour in the air 

and the amount air can hold before it becomes saturated (i.e., humidity), impacts the 

evapotranspiration process of vegetation and thus has an impact on plant growth. 

Jolly et al. (2005) discuss that VPD values of less than 900 Pa have little effect on stomata 

closure but at values greater than 4100 Pa, stomata closure is generally complete, even if 

soils still contain moisture (Osonubi & Davies, 1980; Tenhunen et al., 1982). However, these 

limits have been shown to vary by location and species (White et al., 2000), and so here I 

calculated a new set of parameters for my study area. The selecting parameters optimise the 

predictive power of the model for this region and its vegetation. The VPD index (iVPD), 

shown graphically in Figure 5.1(b), was, therefore, derived as follows: 

 
 

𝑖𝑉𝑃𝐷 = {1 −

0,
𝑉𝑃𝐷 − 𝑉𝑃𝐷𝑀𝑖𝑛

𝑉𝑃𝐷𝑀𝑎𝑥 − 𝑉𝑃𝐷𝑀𝑖𝑛

1,

,

𝑖𝑓𝑉𝑃𝐷 ≥ 𝑉𝑃𝐷𝑀𝑎𝑥,

    𝑖𝑓 𝑉𝑃𝐷𝑀𝑎𝑥 >  𝑉𝑃𝐷 > 𝑉𝑃𝐷𝑀𝑖𝑛,                      (5.2)
𝑖𝑓𝑉𝑃𝐷 ≤  𝑉𝑃𝐷𝑀𝑖𝑛, 

 

 

where iVPD is the daily indicator for VPD and is bounded between 0 and 1 and (Jolly et al., 

2005; Stöckli et al., 2008, 2011; Förster et al., 2012) VPD is the observed daily VPD in 

Pascals. For all study area, 𝑉𝑃𝐷𝑀𝑖𝑛 = 125 Pa and 𝑉𝑃𝐷𝑀𝑎𝑥 = 5100 Pa. Also, these thresholds 

are different from those used from other researchers and further information on how I derived 

these thresholds can be found in the Section 5.10. 

 
 

5.3.1.3 Photoperiod (daylength) 

Photoperiod does not vary significantly from year to year at the different locations in Iraq. 

Photoperiod provides vegetation with reliable annual climatic cues and also provides the 

framework within which other climatic controls impact foliar development (Jolly et al., 

2005). Studies have demonstrated that photoperiod is an important factor to both leaf flush 

and leaf senescence throughout the world (Njoku, 1958; Rosenthal & Camm, 1997; White 

et al., 1997; Häkkinen et al., 1998; Partanen et al., 1998; Borchert & Rivera, 2001).  
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Due to the interaction between photoperiod and temperature in foliar phenology, temperature 

changes may not influence growth without a corresponding change in photoperiod (Roberts 

& Struckmeyer, 1939; Partanen et al., 1998; Balasubramanian et al., 2006). Based on the 

literature research, I selected photoperiods of 10 h or less for completely limited canopy 

development and 11 h to allow unconstrained canopy development. The photoperiod index 

(iPhoto), shown graphically in Figure 5.1(c), was, therefore, derived as follows: 

 

𝑖𝑃ℎ𝑜𝑡𝑜 = {

0,
𝑃ℎ𝑜𝑡𝑜−𝑃ℎ𝑜𝑡𝑜𝑀𝑖𝑛

𝑃ℎ𝑜𝑡𝑜𝑀𝑎𝑥−𝑃ℎ𝑜𝑡𝑜𝑀𝑖𝑛

1,

,

𝑖𝑓𝑃ℎ𝑜𝑡𝑜 ≤ 𝑃ℎ𝑜𝑡𝑜𝑀𝑖𝑛,

    𝑖𝑓 𝑃ℎ𝑜𝑡𝑜𝑀𝑎𝑥 >  𝑃ℎ𝑜𝑡𝑜 > 𝑃ℎ𝑜𝑡𝑜𝑀𝑖𝑛,
𝑖𝑓𝑃ℎ𝑜𝑡𝑜 ≥  𝑃ℎ𝑜𝑡𝑜𝑀𝑎𝑥, 

                        (5.3)                                                  

where iPhoto is the daily photoperiod indicator and Photo is the daily photoperiod in 

seconds. For the study area, PhotoMin = 10 h (36,000 s) and PhotoMax = 11 h (39,600 s). 

It would be possible to use the Stockli et al. (2011) modified method to calculate photoperiod 

to account for cloud coverage, however, Jolly et al. (2005) is adequate here because Iraq is 

not particularly cloudy. 

 

5.3.1.4 Precipitation 

Precipitation is a key variable in vegetation phenology. Plants draw up moisture from the 

soil, which comes mainly through precipitation, in order to transpire and grow. Precipitation 

varies from year to year at a given location and varies from location to location. Local 

vegetation communities have adapted themselves to these variations and changes over time. 

However, vegetation does not respond directly to variation in precipitation, but rather to the 

variations in soil moisture, which is a cumulative result of past precipitation events. 

Nevertheless, I found in an earlier study (Daham et al., 2018b) that precipitation was a key 

variable in vegetation growth across Iraq. Jolly & Running (2004) investigated the 

relationship between soil water and precipitation and their impact on vegetation phenology 

and demonstrated that although precipitation is a ‘direct driver of the water balance of a 

system’ (p. 308), it does so in conjunction with VPD. Therefore, my model uses both 

precipitation and VPD, to more accurately account for leaf flush and variations in soil 

moisture content. It should be noted, however, that even with the inclusion of both VPD and 

precipitation, the model is still unable to account for all variations in the water budget: soil 

moisture has a number of sources including humidity, precipitation, surface run off and 
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groundwater. Although potable water supplies (i.e., groundwater) are being investigated in 

Iraq (FAO, 2008, 2011), figures are not robust enough to be included in this model as a 

‘potential water supply variable’.  

Zhang et al. (2013) find a correlation between annual precipitation and the duration of the 

growing season and Zhou & Jia (2016) find that water availability is a hard limit on plant 

growth in arid and semi-arid ecosystems. As a result of these studies, I expected precipitation 

to be a primary driver for vegetation phenology, and particularly important in a semi-arid 

region such as Iraq. Furthermore, I expected that the combination of precipitation and VPD 

will make this model much more robust in its predictive power. 

For the index, I used the same function for minimum temperature and chose a range 

encompassed by a lower minimum precipitation threshold of 0mm (PrecipMin) and an upper 

threshold of 10mm (PrecipMax). A precipitation index (iPrecip), is presented graphically in 

Figure 5.1(d), and is created as follows: 

 

𝑖𝑃𝑟𝑒𝑐𝑖𝑝 = {

0,
𝑃𝑟𝑒𝑐𝑖𝑝 − 𝑃𝑟𝑒𝑐𝑖𝑝𝑀𝑖𝑛

𝑃𝑟𝑒𝑐𝑖𝑝𝑀𝑎𝑥 − 𝑃𝑟𝑒𝑐𝑖𝑝𝑀𝑖𝑛

1,

,

𝑖𝑓𝑃𝑟𝑒𝑐𝑖𝑝 ≤ 𝑃𝑟𝑒𝑐𝑖𝑝𝑀𝑖𝑛,

    𝑖𝑓 𝑃𝑟𝑒𝑐𝑖𝑝𝑀𝑎𝑥 >  𝑃𝑟𝑒𝑐𝑖𝑝 > 𝑃𝑟𝑒𝑐𝑖𝑝𝑀𝑖𝑛,
𝑖𝑓𝑃𝑟𝑒𝑐𝑖𝑝 ≥  𝑃𝑟𝑒𝑐𝑖𝑝𝑀𝑎𝑥, 

      (5.4) 

 

where iPrecip is the daily indicator for precipitation and is bounded between 0 and 1 and 

PrecipMin is the running total of precipitation in millimetres. For the study area, PrecipMin = 

0 mm and PrecipMax = 10 mm mm (the selection of the precipitation thresholds is presented 

in the (Section 5.10)). 

 

5.3.1.5 The modified GSI model  
 

Jolly et al. (2005) combined three variables, minimum temperature, VPD and photoperiod, 

to form a single metric, the growing season index (GSI), which is continuous but bounded 

between 0 (inactive) and 1 (unconstrained) (Jolly et al., 2005). I have taken this model and 

added a new variable, precipitation, to better gauge the role of soil moisture in canopy 

development (as discussed above). This, I speculated, will enhance the predictive power of 

the GSI model. This modified GSI is calculated as follows:  

 

𝑖𝐺𝑆𝐼 = 𝑖𝑇𝑚𝑖𝑛 × 𝑖𝑉𝑃𝐷 × 𝑖𝑃ℎ𝑜𝑡𝑜 × 𝑖𝑃𝑟𝑒𝑐𝑖𝑝                                                                        (5.5) 
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where iGSI is the daily modified GSI, iTmin is the minimum temperature indicator, iVPD is 

the VPD indicator, iPhoto is the photoperiod indicator and iPrecip is the precipitation 

indicator.  

The day to day variability of the included variables results in distinct fluctuations in iGSI. 

Therefore, Jolly et al. (2005) propose a 21-day moving average of the GSI to be calculated 

in order to obtain a smooth curve for further evaluation in order to find the beginning and 

the end of the growing season. The modified model was applied at different test sites, 

Sulaymaniyah, Wasit, and Basrah, within the study area. Three locations were selected to 

represent a range of phenologically different biomes, as shown in Figure 5.1, and discussed 

above. The selection of these test sites further tests the modified GSI model, using more 

geographically constrained areas, rather than more global range as in Jolly et al. (2005). 
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Figure 5.1 Graphic representation of minimum temperature (iTMin), vapour pressure deficit 

(iVPD), photoperiod (iPhoto), and precipitation (iPrecip) indicator functions used to predict 

foliar phenology. For each variable, threshold limits are defined, between which the relative 

constraint on phenology is assumed to vary linearly from inactive (0) to unconstrained (1). 
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5.4 Meteorological data 

Meteorological datasets were obtained from the National Aeronautics and Space 

Administration (NASA) Goddard Institute for Space Studies. The dataset used was the 

Agricultural Modern-Era Restrospective analysis for Research and Applications 

(AgMERRA) climate forcing dataset for agricultural modelling, which includes 

precipitation (mm/day), mean, minimum and maximum temperatures (°C), solar radiation 

(MJ/m2/day), relative humidity at time of maximum temperature (%), and wind speed (m/s). 

The datasets are stored at 0.25°×0.25° horizontal resolution (~25km), with global coverage 

and daily values from the period (1980-2010) in order to form a "current period" climatology 

and is described in detail in Bosilovich et al. (2006); Rienecker et al. (2011); Rosenzweig et 

al. (2013) ; and Ruane et al. (2015). 

Because NDVI Moderate Resolution Imaging Spectroradiometer (MODIS) data (see below) 

are available only from 2001 until 2015 and AgMERRA data are only available until 2010, 

The study period of 2001-2010 was selected in order to cover the commonly available data 

for both climate and satellite. From the climate dataset, only average temperature, minimum 

temperature, and maximum temperature were required. Daily VPD is estimated for both the 

whole study area and each site. It is assumed to be the difference between saturation vapour 

pressure and actual vapour pressure and these are estimated using the minimum and 

maximum temperatures, with a standard relationship between temperature and vapour 

pressure (Allen et al., 1998b, 1998c; Campbell & Norman, 1998; Jolly et al., 2005).  

The daily photoperiod was estimated using site latitude and year day (Mott & Parkhurst, 

1991; Evapotranspiration, 1998; Jolly et al., 2005). The dataset is available online at 

http://data.giss.nasa.gov/impacts/agmipcf/agmerra/.  

 

5.5 Calculation of indices (VPD and photoperiod)  

Intra-annual variability was best expressed over the yearly calendar because peak vegetation 

activity in Iraq is in April and May. Only average temperature, minimum temperature, and 

maximum temperature were required. Daily VPDs were estimated for the whole study area 

and each test location as the difference between saturation vapour pressure (es) and actual 

vapour pressure (ea) estimated using minimum and maximum temperature, respectively, 

with a standard relationship between temperature and vapour pressure (Allen et al., 1998b, 

1998c; Campbell & Norman, 1998) as shown in Equations (5.6) – (5.11). The daily 

http://data.giss.nasa.gov/impacts/agmipcf/agmerra/
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photoperiod was estimated using site latitude and year day (Mott & Parkhurst, 1991; 

Evapotranspiration, 1998), as shown in Equations (5.12) – (5.14). The details of the 

equations used to calculate vapour pressure deficit and photoperiod are shown as follows: 

 

Saturation vapour pressure (es): 

 

𝑒0(𝑇𝑀𝑎𝑥) = 0.6108 exp  (
17.27 − 𝑇𝑀𝑎𝑥

𝑇𝑀𝑖𝑛 + 237.3
)                                                                      (5.6) 

𝑒0(𝑇𝑀𝑖𝑛) = 0.6108 exp  (
17.27 − 𝑇𝑀𝑖𝑛

𝑇𝑀𝑎𝑥 + 237.3
)                                                                       (5.7) 

𝑒𝑠 = (
𝑒0(𝑇𝑀𝑎𝑥)+𝑒0(𝑇𝑀𝑖𝑛)

2
)                                                                                                              (5.8)        

 

Actual vapour pressure (ea): 
 

𝑒𝑎 = 𝑒0(𝑇𝑀𝑎𝑥) (
𝑅𝐻𝑀𝑖𝑛

100
)                                                                                                                (5.9)             

𝑒𝑎 = 𝑒0(𝑇𝑀𝑖𝑛) (
𝑅𝐻𝑀𝑎𝑥

100
)                                                                                                             (5.10)        

 

Vapour Pressure Deficit (VPD): 
 

𝑉𝑎𝑝𝑜𝑢𝑟 𝑃𝑟𝑒𝑠𝑠𝑢𝑟𝑒 𝐷𝑒𝑓𝑖𝑐𝑖𝑡 (𝑉𝑃𝐷)
= 𝑆𝑎𝑡𝑢𝑟𝑎𝑡𝑖𝑜𝑛 𝑉𝑎𝑝𝑜𝑢𝑟 𝑃𝑟𝑒𝑠𝑠𝑢𝑟𝑒 (𝑒𝑠)       
− 𝐴𝑐𝑡𝑢𝑎𝑙 𝑉𝑎𝑝𝑜𝑢𝑟 𝑃𝑟𝑒𝑠𝑠𝑢𝑟𝑒 (𝑒𝑎)                                                               (5.11) 

 

where 𝑇𝑀𝑎𝑥 is the daily maximum temperature, 𝑇𝑀𝑖𝑛 is the daily minimum temperature, ea 

is the daily actual vapour pressure, es is the daily saturation vapour pressure derived from 

relative humidity data,  𝑅𝐻𝑀𝑎𝑥 is the daily maximum relative humidity (%), 𝑅𝐻𝑀𝑖𝑛 is the 

daily minimum relative humidity (%), 𝑒0(𝑇𝑀𝑎𝑥) is the saturation vapour pressure at daily 

maximum temperature (kPa), and 𝑒0(𝑇𝑀𝑖𝑛) is the saturation vapour pressure at daily 

minimum temperature (kPa) (Allen et al., 1998a). 

 

Photoperiod (daylength): 
 

 𝑁 = (
24

𝜋
𝑊𝑠)                                                                                                                                (5.12)        

𝑊𝑠 = arccos  [−tan (𝜑)  tan (𝛿)]                                                                                            (5.13) 

𝛿 = 0.409 𝑠𝑖𝑛 (
2𝜋

365
𝐽 − 1.39)                                                                                                   (5.14)        
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where 𝑁 is the daylight hours , 𝑊𝑠 is the sunset hour angle in radians given by Equation 

(5.12) and (5.14),  𝜑 is latitude in radians, 𝛿 is solar declination in radians and J is the number 

of the day in the year between 1 (1 January) and 365 or 366 (31December) (Allen et al., 

1998a). 

 

5.6 MODIS NDVI satellite observation data 
 

The monthly mean NDVI dataset was collected from the MODIS and was downloaded from 

NASA’s Land Processes Distributed Active Archive Center (LP DAAC) 

(https://lpdaac.usgs.gov/data-access). MODIS is part of the NASA Earth Observing System 

(EOS) with 250m spatial resolution. MODIS-data covers the period from February 2000 

(composite 045) until 2016. Each original MODIS (.hdf) file from the Distributed Active 

Archive Center (DAAC) contains the best NDVI value of a certain period, and so is called a 

composite. In this study, the MODIS Terra MOD13Q1 product from 2001 to 2015 was used, 

containing 16-day composites of red, near-infrared (NIR), mid-infrared (MIR), and NDVI. 

A 15-year span of MODIS vegetation indices was chosen due to the fact that Iraq’s 

vegetation is highly dynamic, changing from one year to another due to the natural and 

human factors discussed above.  

 

5.7 Quality assessment of NDVI 
 

The monthly NDVI from 2001 to 2015 was extracted for all regions in the study area. 

MODIS is an optical/IR satellite, it is unable to retrieve information during cloudy 

conditions, resulting in some missing values in the dataset, which require spatial and 

temporal interpolation. The Time-Series Generator (TiSeG) software (Colditz et al., 2008) 

was used. This allows for quality assessment of the MODIS product, corrects any invalid 

data and uses linear interpolation to fill gaps (Zoungrana et al., 2014), and removes any false 

readings in NDVI due to atmospheric contamination. Similarly to Zoungrana et al. (2014), 

It can be found that the setting UI5-CS (Perfect-Intermediate, no Cloud, and no Shadow) 

gave results comparable to the undisturbed situation. The implications of this are that the 

data are of good quality and suitable for my analysis, due to the minimal cloud cover across 

Iraq. In order to reduce any impact from atmospheric contamination, the NDVI values were 

resampled to 0.25° using a spatial average (Jolly et al., 2005). And I extracted an NDVI that 

https://lpdaac.usgs.gov/data-access
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corresponded to the meteorological dataset. More details can be found in Appendix A 

(Section A.1).  

5.8 Results 
 

Ten-year average, daily index values for minimum temperature, VPD, daylength and 

precipitation, for the whole study area and each selected test site are shown in Figure 5.3 

These averages were used to summarize the individual yearly results (see Figures A.2.1- 

A.2.4 in Appendix A (Section A.2)) in order to reduce the number of graphs needed to 

present the data. The results indicate the influences of the different variables on the whole 

study area and at individual sites. Similar, to the results from Jolly et al. (2005), it can be 

seen here that there is no singular variable that acts as a limiting factor for foliar phenology, 

rather they act together, both temporally (as observed over time) and spatially (inter-site 

comparison). Modified GSI indexes show the relative influence of each variable on 

photosynthetic activity. As VPD increases, plant activity decreases. Multiplying VPD, 

daylength, Tmin and precipitation creates a composite seasonal curve (iGSI) that shows a 

photosynthetic reduction in the middle of the growing season due to the high summertime 

VPD. Also, it can be found the same interpretation for Sulaymaniyah, Wasit, and Basrah. 

Following Jolly et al. (2005), a time-series plot of model-predicted foliar phenology (GSI) 

and NDVI values was created for the whole study area and each selected site (Figure 5.4 (a)-

(d)) for the 10-year average. The ten-year averages were used to encapsulate the individual 

yearly results (see Figures A.3.1- A.3.4 in Appendix A (Section A.3)).  

 

5.8.1 Modified GSI model comparisons with NDVI 
 

GSI values are calculated daily for the whole study area and individual study sites using the 

modified GSI model parameters in Equations (5.1) – (5.5). The NDVI is derived from 

satellite images taken every 16 days, resulting in 23 data points per year. I compared the 16-

day mean of both the unmodified and modified GSI with each respective NDVI point. 

To compare with the satellite data, I then calculated the mean modified GSI for the 

corresponding 16-day satellite data composite period and compared these means with 

satellite-derived NDVI with a correlation coefficient. I computed the correlation coefficient 

between GSI values and NDVI values for each year for the model before and after 

modification (adding precipitation as an index after modification) and compared them as 
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shown in Figure 5.2 (All correlations were significant (P value < 0.001)). Further details can 

be found in Tables 5.1-5.4. In all cases, as can be seen in Figures 5.4(b)-5.4(d), the GSI-

predicted canopy dynamics correspond well with satellite-derived NDVI changes. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 5.2 Correlations between composite period NDVI values and modified modelled 

GSI values over ten years (2001-2010) for whole study area (Iraq) and for test sites 

(Sulaymaniyah, Wait, and Basrah). All correlations were significant (P value < 0.001). 
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Table 5.1 Correlations between composite period NDVI values and modified modelled 

GSI values over ten years (2001-2010) for whole study area (Iraq). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 5.2 Correlations between composite period NDVI values and modified modelled 

GSI values over ten years (2001-2010) for first test site (Sulaymaniyah). 

 

Date Correlation without 

precipitation 

Correlation with 

precipitation 

2001 0.3908 0.9012 

2002 0.3041 0.7959 

2003 0.0678 0.7282 

2004 0.0837 0.7407 

2005 0.3470 0.8381 

2006 0.4005 0.7085 

2007 0.3469 0.9723 

2008 0.3011 0.5733 

2009 0.0309 0.7621 

2010 0.3987 0.9467 

 

 

 

 

 

 

Date Correlation without 

precipitation 

Correlation with 

precipitation 

2001 0.4846 0.8615 

2002 0.4067 0.7325 

2003 0.2607 0.8117 

2004 0.2773 0.773 

2005 0.4307 0.8169 

2006 0.5055 0.8002 

2007 0.6165 0.8806 

2008 0.3143 0.8009 

2009 0.2932 0.9077 

2010 0.5815 0.8794 
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Table 5.3 Correlations between composite period NDVI values and modified modelled 

GSI values over ten years (2001-2010) for second test site (Wasit). 

 

  

 

 

 

 

 

 

 

 

 

Table 5.4 Correlations between composite period NDVI values and modified modelled 

GSI values over ten years (2001-2010) for third test site (Basrah). 

 

Date Correlation without 

precipitation 

Correlation with 

precipitation 

2001 0.8084 0.9780 

2002 0.7153 0.8786 

2003 0.4549 0.7007 

2004 0.6459 0.8468 

2005 0.6704 0.7851 

2006 0.6694 0.8756 

2007 0.7408 0.8617 

2008 0.7511 0.8547 

2009 0.5642 0.7404 

2010 0.7715 0.8312 

 

 

 

 

 

 

Date Correlation without 

precipitation 

Correlation with 

precipitation 

2001 0.3590 0.8255 

2002 0.5043 0.4837 

2003 0.0444 0.5552 

2004 0.2226 0.2578 

2005 0.6402 0.9176 

2006 -0.1019 0.1997 

2007 0.4634 0.5833 

2008 0.1335 0.6614 

2009 -0.0486 0.0635 

2010 0.4340 0.4120 
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5.8.2 Performance comparison the modified GSI model of the whole study area (Iraq) 

and three different locations (Sulaymaniyah, Wasit, and Basrah) 
 

I then applied the unmodified and modified GSI models countrywide for the whole study 

area of Iraq and for the three different locations within Iraq and estimated modified GSI 

values and compared these simulations. Equations (5.1) - (5.5) were used for this analysis. 

Although it is better to compare the modified GSI model simulations with phenological field 

observations, this was not feasible for this study area because there are no existing ground 

vegetation phenology data and the difficulties with access to the country due to security risks 

mean that remote sensing is the only viable method to estimate and predict the vegetation 

extent. Following Jolly et al. (2005), model simulations were performed daily from 2001 to 

2010. I then computed the correlation between the modified GSI model predicted values 

with NDVI values.  

I computed the correlation between model-predicted unmodified and modified GSI values 

and NDVI as shown in Figure 5.2. I found that I could predict the intra-annual vegetation 

dynamics across the whole study area (Iraq) and at the selected test sites (Sulaymaniyah, 

Wasit, and Basrah), regardless of the prevailing or co-prevailing climatic controls at the site, 

which suggests that both VPD and precipitation adequately depict the intra-annual canopy 

dynamics in the study area as a whole and at the selected sites, and I found that all the annual 

correlations over the period and over the whole study area and test locations are improved 

after including the precipitation index in the model. As expected, these results demonstrate 

that precipitation strongly influences vegetation dynamics in the Semi-arid environment of 

Iraq and likely across much of the Middle East. The results show that there is a similarity 

between temporal patterns of NDVI and precipitation.  
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(a) (b) 

(c) (d) 

 

Figure 5.3 The seasonal index values for minimum temperature, vapour pressure deficit, precipitation 

and photoperiod for whole study area for Iraq (a), Sulaymaniyah (b), Wasit (c), and Basrah (d), 

showing the seasonal limits of each variable for ten-year average. Indices are presented as a 21-day 

running average to better depict seasonal trends.  
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This similarity is stronger than that of NDVI and air temperature, so it can be concluded that 

NDVI is a sensitive indicator of the inter-annual variability of precipitation and that 

precipitation constitutes the primary factor in germination while the air temperatures only 

assist with a lesser effect.   

The highest correlations between GSI and NDVI were found at the whole study area scale 

(Iraq), and Sulaymaniyah in the north of Iraq, presumably because the north of Iraq 

experiences much higher precipitation levels, followed by the site of Wasit (central Iraq), 

then Basrah (south), which experiences the least rain. However, correlations at Basrah were 

still high and the addition of precipitation consistently improved the model predictions, 

reinforcing that the VPD and precipitation controls are adequate in depicting the intra-annual 

canopy dynamics in Iraq, both at a country-wide level and at regional levels. The 

underperformance of prediction in Basrah noted in some years may, in part, be due to lower 

rainfall data accuracy, rather than indicating that the performance of modified GSI model in 

this area is inadequate. 
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(a) (b) 

(c) (d) 

Figure 5.4 A comparison of seasonal variation in the modified modelled Growing Season Index (GSI) 

with the Normalized Difference Vegetation Index (NDVI) obtained from satellite coverage at 16-day 

intervals at whole study area Iraq (a), Sulaymaniyah (b), Wasit (c), and Basrah (d) for ten-year 

average, (see correlation coefficients in Figure 5.2). 
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In Figure 5.4(a), it can be observed a peak in the modified GSI and NDVI in March, April, 

and May (it is picking up the dominant vegetation signal), which makes sense given that this 

is the peak flowering season, following the rainy winter months of December to February in 

Iraq. Also, it can be noted that there are fluctuations in the predictive power of the modified 

GSI model throughout the year. Predictive power is high from March to May and in 

November and December because during these periods, vegetation growth is primarily 

driven by persistent precipitation. In the summer and Autumn months, vegetation is 

responding to more erratic or sudden rainfall events, which the modified GSI model is less 

able to capture. These patterns are consistent for all years across the entire study period, 

although with some differences resulting from the natural variability of precipitation and 

temperature (temporally and spatially). 

In Figure 5.4(b), which shows the Sulaymaniyah region for the 10-year average, it can be 

seen an approximately similar profile of predictable NDVI in March through until May. It 

can be can observed a drop in prediction at the beginning of June until the beginning of 

September, which is then followed by a sharp increase in the middle of September to 

October, the predictive power slowly decreases again, with a subsequent rise at the end of 

October to November. These fluctuations are result of the fact that plant growth is driven by 

persistent precipitation (as mentioned above) and, in this case, Sulaymaniyah has a high level 

of precipitation (over 1,000 mm/year), with rain falling even during the summer months. 

The modified GSI model and NDVI for Sulaymaniyah is generally consistent for all years 

across the entire study period, albeit with some slight differences resulting from the natural 

variability of rainfall and temperature from year to year. 

Figure 5.4(c), depicting the Wasit region for the ten-year average, it can be observed a similar 

profile of predictable NDVI for Iraq and Sulaymaniyah, with one difference: the 

predictability from the beginning of June until beginning of September is very weak. This is 

the result of the lack of rainfall during these months in central Iraq. It can be seen a similar 

trend for Basrah (Figure 5.4(d)). However, as with Sulaymaniyah, there is better 

predictability from March until May and from October until November, because, as 

mentioned earlier, vegetation growth is primarily driven by persistent precipitation, while in 

the summer and autumn months, especially in the middle and south of Iraq, there is lesser 

response, which the modified GSI model is not able to capture. 
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In all cases, however, the modified GSI-predicted canopy dynamic appears to correspond 

well with satellite derived NDVI. For example, across Iraq and at individual test sites, the 

start-of-season is determined from temperature limits, but the growing season has high VPD. 

This is shown clearly in Figures 5.3 (a)-(d), where the smaller areas in summer indicate water 

stress and the larger areas indicate the lack of precipitation during the months of summer. 

During the period of the predicted canopy activity drop, the rate of increase of NDVI is less 

than the early season, suggesting that VPD and precipitation may influence the rate of 

canopy growth. Similarly to the model tested in Jolly et al. (2005), the modified GSI also 

overpredicts changes in the timing of satellite-derived NDVI increases in canopy leaf area, 

but also similarly, the changes in canopy greenness seen in the modelled changes still 

correspond well with those of the satellite-derived NDVI at all sites.  

 

 

5.9 Discussion 
 

In this study, I presented a modified GSI model by expanding on that of Jolly et al. (2005), 

in order to examine vegetation phenological dynamics in Iraq. This model incorporates the 

three original variables used by Jolly et al. (2005), minimum temperature, VDP, and 

daylength, with an additional precipitation variable. It was found that the modified GSI 

model reproduces similar results in terms of intra-annual vegetation dynamics to the 

satellite-derived vegetation indices across the study area (Iraq) as a whole, and at the 

individual sites of Sulaymaniyah, Wasit, and Basrah, which represent different climatic 

regions.  

In all cases, the modified GSI phenology model predicts the suitable conditions when 

observed changes in canopy were evident. It can be noticed that across the whole study area 

(Iraq), VPD was low early in the growing season and high in summer, photoperiods were 

long during the summer, precipitation was very low during summer, and canopy changes 

were observed; these trends occur over the entire study period (2001-2010). When summer 

temperatures were high, VPD was also high, and vegetation changes were observed clearly. 

Similar observations were made over the individual sites (Sulaymaniyah, Wasit, and 

Basrah). This indicates that the selected model variables or parameters are adequate for these 

locations. 
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Figures 5.3(a) and 5.3(b) represent the seasonal index for the four variables for a 10-year 

average for Iraq and Sulaymaniyah. It can be observed that the distribution of the rainfall 

index is even (low amplitude fluctuations), and very high in the winter months and very low 

in the summer months. However, when looking at the indices for individual years, it can be 

found anomalous cases, such as sudden drops in the amount of rainfall during the winter 

months or a sudden rise of precipitation in the summer months (these cases can be found in 

Figures A.2.1- A.2.4 in Appendix A (Section A.2)). For instance, there was a drop in the 

precipitation index in the months of March, April, May, November, and December in 

different years within the study period (2001-2010). This decline is not expected during these 

months, especially in the Sulaymaniyah region, which is an area of heavy precipitation. 

Additionally, there was a decline noted in the precipitation index for Wasit (central Iraq) 

during December. However, these anomalies can be explained by natural variability of 

weather and precipitation from one year to another. 

Also, it can be observed an unexpected rise in the precipitation index during the months of 

March, April, and May (Figure 5.3(d)). This rise in precipitation is unexpected in the Basrah 

area (southern Iraq), because these months are marked by increased temperatures and very 

low to no rainfall. This anomaly may be due to missing data, or it may be due, again, to 

natural climate variation.  

Despite these anomalies, it can be seen that the precipitation data for Iraq, Sulaymaniyah, 

and Wasit were generally very good and there are no real issues in using precipitation as an 

index (whether over the ten-year average or individual years). The resulting graphs were 

very clear, smooth, and logical.  

Figure 5.3 also shows the low temperature index during the winter months and the high 

temperature index during the summer months, which leads to the evaporation index 

increasing significantly during the summer months and decreasing during the winter months 

(December and January). As for the daylight/photoperiod index, it can be seen a decrease 

during the winter months and a significant rise from the end of January until the middle of 

November. It can be observed the rise of the temperature index, especially in the middle and 

south of Iraq (Wasit and Basrah), which, in turn, leads to a high VPD index clearly indicated 

during the summer months. 

At sub-regional areas, the model showed a good agreement between the predicted and 

observed (satellite) NDVI. For this test, I followed Jolly et al. (2005), by defining a threshold 
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value, in this case, 0.6, above which a plant canopy is assumed and which represents a 

proportion of days within the smoothing window, wherein plant canopy conditions are 

suitable. Predicted vegetation values at Basrah, Wasit, and Sulaymaniyah were consistently 

highly correlated with satellite observations. This convergence in values might suggest that 

the threshold is suitable for Iraq as the study area. It should be noted that this threshold value 

could vary from region to region (Jolly et al. 2005). 

The most important finding of this research was that the addition of precipitation 

significantly added to the robustness of the original model, and made the modified model 

more applicable to smaller scale studies, such as this one in Iraq. The original model used 

VPD as a surrogate for precipitation, and the advantages and disadvantages of this have been 

discussed in more detail elsewhere (Jolly et al., 2005). Previously, it was thought that VPD 

was a better variable to utilise because it is continuous, whereas precipitation data may be 

missing (i.e., a single event leading to leaf flush), which could potentially bias the model 

(Childes, 1988; Jolly et al., 2005). The main disadvantage of using VPD as a substitute for 

precipitation is that previous models (Jolly et al., 2005; Stöckli et al., 2011; Förster et al., 

2012) assume that changes in VPD result directly from seasonal changes in precipitation. 

However, the vegetation itself may influence VPD through evapotranspiration. Therefore, I 

am left with a predicament of cause and effect: does VPD influence phenology or does 

phenology influence VPD? Or both? This interdependent relationship is not yet well 

understood. 

To overcome this problem, VPD and precipitation were combined together in the modified 

model, where precipitation datasets are available. Precipitation is highly correlated with 

vegetation growth; it is the primary driver in seed germination. However, it is important to 

note that vegetation does not respond directly to precipitation, but rather to increased soil 

moisture, resulting from the cumulative effects of the precipitation in December to February, 

with commensurate vegetation growth occurring in April and May. Hence, as noted above, 

phenology itself may influence VPD through evapotranspiration, and vegetation is affected 

by precipitation. Therefore, there is a close, interdependent relationship between VPD, 

vegetation and precipitation, and precipitation should be added to increase the robustness of 

the model. 

It is worth mentioning that it can be used the modified model to estimate leaf onset and leaf 

offset and compare them with the observations of Jolly et al. (2005). This suggests that the 
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model is robust to interannual variability and that, while continuous changes in canopy 

activity are predicted, it can also predict start and end dates of the foliage period. The model 

prediction could provide surrogate phenological data in areas with a virtual nonexistence of 

ground vegetation phenology data and difficulties with access to the country due to security 

problems. As such, this modified model could also be used in other geographical regions 

facing similar security problems and logistical issues. Additionally, this modified model can 

be used to produce a regional (i.e., across the Middle East, for instance) climatic map 

depicting constraints to foliar phenology, similar to Jolly et al.’s (2005) global map, which 

could address phonological issues at a more regional level.  

Additionally, the model parameters used in the original model reproduced large-scale 

variation (Jolly et al., 2005). For this study, I fine-tuned the model to include precipitation 

data in order to reproduce observed variations in phenology at regional (i.e., Iraq) and sub-

regional scales (i.e., Sulaymaniyah, Wasit and Basrah). It was able to improve the 

correlations between modified GSI model predictions and NDVI at both the regional and 

sub-regional scales after adding the precipitation as indicator in the GSI model. As an 

example, correlations between the modified GSI model and NDVI for 2001 for Iraq 

improved from 0.4846 to 0.8615 (more information on the values can be found in Tables 

5.1-5.4 in Section 5.8.1).  

The addition of precipitation, combined with VPD, strengthens the existing GSI model, 

enhancing its predictive power and significantly improving the correlation of the model to 

NDVI, as presented in Figure 5.2. This, in turn, makes the modified model an invaluable 

tool for those working to better understand current and future phenological dynamics at 

regional levels, in order to help policymakers create better strategies to mitigate against 

climate change. Finally, this modified model can still be driven by simple, easily obtainable 

weather data derived from either point-source weather stations or gridded analyses and 

forecasts. Therefore, the model can be used to explore historical or future changes in 

vegetation phenology at nearly any spatial scale, making the model useful for a variety of 

future works exploring the complex interactions between vegetation dynamics and 

atmospheric carbon and water cycle feedbacks. 
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5.10 Justification on the threshold limits chosen to develop the GSI model 
 

Figure 5.5 shows the ratio difference (error analysis) between the modified GSI and observed 

NDVI values for different threshold limits (as shown in Table 5.5). The improved GSI data 

has been chosen by analyzing seven different threshold limits for all four parameters 

including the minimum temperature, VPD, photoperiod and precipitation. The results have 

been obtained for four different areas, namely, Iraq, Sulaymaniyah, Wasit and Basrah for the 

average duration of 10 years. The model parameters’ threshold limit options have been 

chosen based on the literature and the assumption of the phenological activity and the 

environmental condition. In order to integrate a range of vegetations, the range for minimum 

temperature limits has been chosen between -4≤Tmin≤0, which is relevant in the case of the 

study area. The vapor pressure deficit limits range has been chosen based on the data reported 

by White et al. (2001), in which the range of 75≤VPD≤6350 is adequate to cause stomatal 

closure.  

Additionally, an assumption has been made in choosing the range for the photoperiods, 

where a 10-hour photoperiod is assumed for canopy limitation and an 11-hour of photoperiod 

for canopy development. As for precipitation, the minimum value is fixed at 0 mm and the 

maximum value is taken in the range of 3-20 mm, based on the rainfall characteristics in the 

study regions. Using the trial & error method, the designated threshold limits were chosen 

based on the least ratio differences from the results. The ratio difference (Sdiff ) was acquired 

from the formula (the absolute value is used instead of mean square error or R^2 so that the 

result is more robust to outliers), defined as,  

 

𝑆𝑑𝑖𝑓𝑓 = |∑ (
𝐺𝑆𝐼𝑖

𝑀𝑎𝑥(𝐺𝑆𝐼)
−

𝑁𝐷𝑉𝐼𝑖

𝑀𝑎𝑥(𝑁𝐷𝑉𝐼)
)

𝑛

𝑖=1

| … … … … …                           … …      … …  . (5.15) 

 

where GSIi is the modified growing season index for the ith GSI value and NDVIi is the 

modified growing season index for the ith NDVI value. The results indicate that the threshold 

limit option 5 has the least ratio difference between the modified GSI data and the observed 

NDVI data over the whole study area and the selected test sites. It was also shown that the 

threshold limit option with smaller values (options 1, 2, 3 and 4), in all the parameters result 

in significantly higher ratio deviation between the modified GSI and the observed NDVI 

data (as shown in Figure 5.5). On the contrary, the larger threshold limit values (options 6 
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and 7) have slightly higher difference between the GSI and observed NDVI data in 

comparison with option5.  

Besides that, an alternative method in selecting the threshold limits has been employed by 

measuring the correlation coefficient between the GSI and NDVI values, to measure the 

degree in which the values of GSI and NDVI changes with one another. In other words, the 

correlation coefficient demonstrates how strong the two variables are associated with one 

another. This is analyzed using, 

 

𝑟 = |
𝑛(∑ 𝐺𝑆𝐼. 𝑁𝐷𝑉𝐼) − (∑ 𝐺𝑆𝐼)(∑ 𝑁𝐷𝑉𝐼)

√[𝑛 ∑ 𝐺𝑆𝐼2 − (∑ 𝐺𝑆𝐼)2][𝑛 ∑ 𝑁𝐷𝑉𝐼2 − (∑ 𝑁𝐷𝑉𝐼)2]
| …                                … … . (5.16) 

 

Figure 5.6 and Table 5.7 show the correlation coefficients of the explored threshold limit 

options. Note that, the correlation coefficients of the measured values are expressed as values 

between +1 (positively correlated) and 0. Similar to the observation in the aforementioned 

method (by trial and error), the results in Figure 5.6 indicate that the threshold limit option 

5 has the highest correlation coefficient between the modified GSI data and the observed 

NDVI data compared with the other options.  

It is reassuring that both the ratio error method and the correlation method agree with each 

other, therefore readers may choose either of them in their own studies. Hence, it can be 

concluded that option 5 threshold limits are the best-fit model between the modified GSI and 

the observed NDVI data, providing the least ratio error among all the options (as shown in 

Table 5.6 and Table 5.8) and the highest correlation coefficient (as shown in Figure 5.6). 

Due to the restrictions in time and resources, only a limited number of options have been 

explored in this study, and better threshold limits could be achieved with more options 

explored in the future (e.g., through a more detailed sensitivity analysis). 
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Table 5.5 Selection different threshold limits for parameter model. 

 

 

Table 5.6 Ratio difference between modified GSI and observed NDVI values for all 

threshold limits options, for whole study area and selected test sites. 

 
 
 
 
 
 
 
 
 
 
 

Parameters of 

modified GSI 

model 

Threshold Limits of parameters  

Lower 

and 

upper 

Limits 

Option1 Option2 Option3 Option4 Option5 Option6 Option7 

Minimum 

Temperature (°C) 

Minimum -4 -2 0 0 0 0 0 

Maximum 3 5 10 15 20 25 30 

Vapour Pressure 

Deficit (Pa) 

Minimum 1000 900 500 250 125 100 75 

Maximum 3600 4100 4700 5000 5350 6000 6350 

Photoperiod (hr) 
Minimum 10 10 10 10 10 10 10 

Maximum 11 11 11 11 11 11 11 

Precipitation 

(mm) 

Minimum 0 0 0 0 0 0 0 

Maximum 3 5 7 9 10 15 20 

Study Area 

Ratio difference between modified GSI and observed NDVI values 

Threshold 

limits1 

Threshold 

limits2 

Threshold 

limits3 

Threshold 

limits4 

Threshold 

limits5 

Threshold 

limits6 

Threshold 

limits7 

Iraq 0.3401 0.2782 0.1440 0.1164 0.0470 0.0624 0.0756 

Sulaymaniyah 0.2930 0.2211 0.1074 0.0768 0.0186 0.0275 0.0334 

Wasit 0.2668 0.2014 0.0944 0.0679 0.0020 0.0665 0.0917 

Basrah 0.2147 0.1640 0.1358 0.1051 0.0196 0.0238 0.0302 
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Threshold limits options 
Correlation coefficients (r) 

Iraq Sulaymaniyah Wasit Basrah 

Threshold limits option1 0.8727 0.8854 0.8520 0.8060 

Threshold limits option2 0.8885 0.8933 0.8823 0.8460 

Threshold limits option3 0.9005 0.9062 0.9080 0.8952 

Threshold limits option4 0.9219 0.9145 0.9297 0.9052 

Threshold limits option5 0.9916 0.9509 0.9824 0.9452 

Threshold limits option6 0.8219 0.8479 0.8036 0.7082 

Threshold limits option7 0.8160 0.8006 0.8074 0.6157 

Table 5.7 Correlation coefficients between modified GSI and observed NDVI values for 

all threshold limits options, for whole study area and selected test sites. 

 

 

Figure 5.5 Ratio difference between modified GSI and observed NDVI values for all 

threshold limits options, for whole study area and selected test sites. 
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Figure 5.6 Correlation coefficients between modified GSI and observed NDVI values for 

all threshold limits options, for whole study area and selected test sites. 
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Table 5.8 Ratio difference between modified GSI and observed for each month (Averaged ten years) and observed NDVI values for 

all threshold limits options, for whole study area and selected test sites.
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5.11 Concluding comments  
 

As with Jolly et al. (2005) somewhat simpler model, the modified model does not require 

a priori knowledge of vegetation or climate in the region (data which could be difficult to 

attain due to security risks) and uses the same type of data. As such, there is no need to 

use different models when looking at different spatial or temporal parameters. Because 

there is the possibility of switching from one dominant variable to another, there is no 

need to apply a different phenology model, which, in turn, makes this model (modified 

or not) well suited to a variety of climate change studies (Jolly et al., 2005). The GSI 

model can also be used in conjunction with ecosystem process models through the use of 

monthly instead of daily running averages, as well as generating dynamic estimate Leaf 

Area Indices (LAIs) for sites, especially after introducing precipitation into the model due 

to its impact on the probability of a plant canopy. Although there are tested ways to define 

optimal LAIs (Stockli et al., 2011), this modified phenology model, like the original GSI 

model, could be used to calculate daily estimates for LAI through a chosen growing 

season in order to scale potential maximum LAI values (Jolly et al., 2005). 

Most importantly, however, is that the lack of assumption of a priori knowledge of 

vegetation and climate, combined with the flexibility in switching variables is especially 

useful in places such as Iraq, which not only are difficult to access but also which are 

characterized as having marginal, fragile environments. Canopy greenness dynamics are 

especially important to model in such environments, particularly when the economy and 

populace are so dependent on agriculture and related sectors and where the security 

situation is so precarious due to continued conflict. With accurate modelling, sensitive 

areas can be identified, and mitigation strategies can be put into place when possible to 

provide for the well-being of the population. 

‘Iraq faces serious problems of environmental degradation that must be addressed 

immediately because failure to act now will greatly compound the cost and complexity 

of later remedial efforts, and because environmental degradation is beginning to pose a 

major threat to human wellbeing, especially among the poor’ (Jaradat, 2002). This 

modified GSI model fine-tunes and makes the predictions more robust, and thus provides 

a valuable tool for researchers, NGOs and governments to not only more accurately assess 

climate change in a particular region, but also to better predict future changes in the 
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environment. This will enable them to formulate more suitable mitigation strategies to 

better counter the effects of desertification and other climate changes, in order to take 

care of populations living in increasingly marginal and fragile environments. 
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CHAPTER 6 

 

1PREDICTING FUTURE PHENOLOGICAL CHANGES IN 

IRAQ USING CLIMATE CHANGE SCENARIOS 

 

 

6.1 Introduction  

Early 2019 saw different parts of the world experiencing extreme weather conditions that 

were the result of accelerated climate change. The polar vortex plunged down through 

Canada and the northern US, bringing temperatures and conditions similar to the Arctic. 

Meanwhile, Australia experienced record high temperatures and extreme drought. While 

these are extreme events experienced in the north and south, parts of the world closer to the 

equator, too, are impacted by climate warming, including the Middle East, which is 

characterised by already fragile, marginal environments. As such, it is imperative to monitor 

and predict climate change and understand how it will impact the Middle East in the decades 

to come, and one way is to measure phenological change over time. The study of the timing 

of repetitive events, such as leaf growth or shedding, is known as ‘phenology.’ The 

chronology of leaf emergence and the length of time a deciduous tree spends in-leaf, for 

example, is key in understanding the effect of deciduous woods on atmospheric carbon 

concentrations. Monitoring phenology is essential as plant physiology varies with climatic 

changes; for example, leaf emergence occurs earlier while subsequent shedding occurs later 

as a consequence of warmer winter temperatures. Standard vegetation measures, such as the 

Normalized Difference Vegetation (NDVI) or Enhanced Vegetation (EVI) indices, generally 

respond to the quantity of overall vegetation within a particular study area, permitting the 

development of typical chronological timelines that can be used to follow the temporal 

development of vegetation, thereby facilitating phenological observations. 
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Land surface vegetation plays a key interactive role within our climate system. Plant 

moisture losses via transpiration impact atmospheric cloud cover, temperature and humidity 

regimes over the short term and long term (Heck et al., 1999; Tsvetsinskaya et al., 2001; Lu 

et al., 2001; Kim & Wang, 2005; Betts & Viterbo, 2005; Betts et al., 2007;  Stöckli et al., 

2011). Vegetative biomass functions as a sink (or source) contributing to the atmospheric 

carbon budget over the seasonal to centennial timeframe (Keeling et al., 1996; Kramer et 

al., 2000; Körner, 2003, 2006; Schaefer et al., 2005; Piao et al., 2007; Houghton 2007; 

Stöckli et al., 2011; Peichl et al., 2015). The two plant-based physiological processes, 

respiration and photosynthesis, regulate water loss and carbon uptake and are linked, both 

dependent upon stomatal opening of leaves and leaf presence (Schimel et al., 1997; Sellers 

et al., 1997; Dow et al., 2014; Seyednasrollah et al., 2018). Stomatal opening is controlled 

by leaf physiology, which in turn is largely influenced by local and short-term weather, such 

as diurnal temperature and radiation variations (Jarvis, 1976; Law et al., 2002; Larcher, 

2003; Stöckli et al., 2011; Dow et al., 2014). Conversely, leaf phenology relates to the 

chronology of leaf appearance, presence, and senescence, factors which in turn are correlated 

with the larger scale seasonal to interannual climatic variability (Myneni et al., 1995; 

Schwartz & Reiter 2000; Scheifinger et al., 2002; Matsumoto et al., 2003; Menzel et al., 

2006; Peñuelas et al., 2009; Körner & Basler, 2010; Stöckli et al., 2011; Keenan & 

Richardson, 2015). 

Leaf physiology and leaf phenology are generally examined individually in Land Surface 

Models (LSMs) used in the simulation of terrestrial carbon and water cycles.  A variety of 

mechanisms for plant physiological pathways have been identified over the last thirty years 

or so (Jarvis, 1976; Farquhar et al., 1980), however, highly empirical simulations of 

vegetative phenology are used in LSMs (Cox, 2001; Foley et al., 1996; Levis & Bonan, 

2004; Jolly et al., 2005; and Stöckli et al., 2011; Keenan & Richardson, 2015; see also 

Abramowitz et al., 2008 for an evaluation of different LSMs). Some LSMs utilise phenology 

to scale leaf-level physiological pathways to the canopy-level (Sellers et al., 1966a, 1996b, 

1997). Such LSM phenological modelling simulates a continuous biophysical state of 

vegetation at the landscape scale without considering the relevant chronology of species‐

specific and local‐scale occurrences such as flowering or bud burst. These details are 

contained within long-term phenological recordings that are predominantly restricted to 

temperate climate zone studies (Van Vliet et al., 2003; Rutishauser et al., 2007). 
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While there have been many developments in terms of phenological modelling, the most 

significant deficiencies, however, relate to subtropical and mediterranean biomes since 

model parameters are frequently extrapolated from global-scale, temperate vegetation data 

(Stöckli et al., 2008a; Stöckli et al., 2008b see also Seyednasrollah et al., 2018 and; Domec 

et al., 2018). Such models can produce a temporal discrepancy in spring leaf emergence of 

the order of 1–2 months, thereby simulating unrealistic drought responses of Leaf Area Index 

(LAI), giving detrimental predictions for terrestrial water and carbon cycling (Kucharik et 

al., 2006; Randerson et al., 2009; Ukkola et al., 2016). Satellite‐acquired data is useful in 

preventing the application of unrealistic parameters to empirical phenology models and may, 

therefore, be helpful in promoting realism within terrestrial biosphere models (Demarty et 

al., 2007; Mahadevan et al., 2008; Rüdiger et al., 2010; Knorr et al., 2010; Rayner, 2010).  

So that vegetation over a greater region can be presented with greater variety, incorporating 

ground weather information with phenology models is necessary, with the latter typically 

comprising of numerous statistical models, scant phenological surface measurements, as 

well as satellite imagery of canopy coverage (Jolly et al., 2005). In this regard, Jolly et al. 

(2005) aimed to establish an overarching phenology model, based on the proposition that 

internationally, foliar phenology is restricted based on a consistent collection of shared 

climatic variables. The researchers devised the Growing Season Index (GSI), a basic foliar 

canopy growth index based on daily minimum temperature, Vapour Pressure Deficit (VPD) 

and photoperiod. Global satellite imagery of locations that showed differences in vegetation 

were well matched to the GSI. Moreover, Jolly et al. (2005) showed that the General 

Circulation Model (GCM) findings could be used for standard meteorological factors in the 

model, thus permitting prospective differences in canopy coverage according to climate to 

be estimated, rather than the model being restricted to representing interannual variation in 

foliage in the present period. Additionally, according to the manner of plant function, 

interannual foliar phenology has been estimated more effectively through the GSI adjusted 

with satellite information (Stöckli et al., 2011). The water balance estimates at the macro- 

and meso-level have also been provided through GSI (Förster et al., 2012). However, 

amendments to the GSI were not made by these studies; rather they implemented the GSI in 

its original form. 

There was, however, insufficient assessment regarding whether precipitation was the 

primary control variable within a general bioclimatic index. Indeed, daily precipitation was 
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not incorporated into the standard GSI model; rather, seasonal water accessibility variation 

was represented by VPD. However, long-term dry spells can result in varied plant reactions, 

which are potentially inadequately represented by VPD while, as Jolly & Running (2004) 

noted, canopy change across the years is directly affected by precipitation in semi-arid 

regions. Therefore, as a means of strengthening estimates for semi-arid areas, a direct 

precipitation measure must be included within a comprehensive GSI model. The GSI model 

was expanded to include a direct precipitation control and evaluated the model across three 

semi-arid regions of Iraq with differing microclimates and vegetation (Daham et al., 2018a, 

b). The predictive quality of the model was tested by comparing the unmodified and 

modified GSI models against satellite-derived estimates of the NDVI for a ten-year period 

(2001-2010). Although the modified phenology model was applied for a specific ten-year 

period, the modified GSI model could also be applied to predictions over future time periods. 

Here, the GSI modified model was developed and run using regional climate model datasets 

to predict the GSI values for the whole period 1951–2098 (148 years) and for different 

selected periods: 1951-2000 (the ‘past’), 2001-2017 (baseline), 2018-2050 (‘near future’) 

and 2051-2098 (‘far future’). This type of predictive analysis is vital in light of accelerated 

climate change, particularly in drought-prone, semi-arid regions such as Iraq. I started by 

providing a brief description of the study area, followed by a short discussion of the data and 

methods used. I then detailed the results of the analyses and discuss the implications of these 

results.  

 

6.2 The study area: environment and climate of Iraq 

Although Iraq is generally considered to be arid and desert-like, it is a country with varied 

climatic zones and thus makes an ideal study area for modelling future trends against 

different temperature and precipitation gradients, all within a semi-arid climate regime. The 

same three areas in Iraq were chosen for this extended analysis: Sulaymaniyah in the north 

(Iraqi Kurdistan), Wasit in the middle, and Basrah to the south (Figure 5.1, Chapter 5). The 

study areas are briefly described here, a more detailed description of the study areas can be 

found in (Daham et al., 2018b). The majority of Iraq falls under a continental subtropical 

climate, with northern regions subject to a Mediterranean climatic influence (Jaradat, 2002, 

FAO, 2008). The mean maximum temperatures are 43 °C in the shade in July–August, with 

no precipitation. (FAO, 2008, 2011). Most precipitation falls between November–April in 
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the north (in excess of 400mm/year) and from December–February in the rest of Iraq (less 

than 400 mm/year) (FAO, 2003, 2008). Sulaymaniyah, located in northern Iraq, is bounded 

by the Zagros and its foothills, with the wide, fertile Shahrizor plain in the middle. The 

climate is semi-arid, with average temperatures ranging from 0 °C to 39 °C; precipitation 

rates can reach over 1,000 mm/year. Wasit, in central Iraq, is located in the alluvial plain, 

and its agricultural potential is variable (FAO 2011). Precipitation is usually less than 200 

mm/year. The third study area, Basrah, is in southern Iraq, with an arid climate but high 

humidity due to its proximity to the Persian Gulf. Agricultural potential is low (FAO 2011) 

and rainfall is usually less than 150 mm/year.    

 

6.3 Data and methods  

6.3.1 Regional climate data PRECIS 

In this study, a high-resolution regional climate model PRECIS (Providing Regional 

Climates for Impacts Studies) was used with data from the PRECIS Model (driven by A1B 

scenario) 0.22-degree latitude and longitude runs (LBC: HadCM2Q0 A1B) in an EMME 

(Eastern Mediterranean and Middle East) domain that includes Iraq (daily data for the period 

1951-2099, see Figure 6.1). The PRECIS RCM was developed at the UK Hadley Centre 

(Lelieveld et al., 2012). It is a portable regional climate model (RCM) that runs on a personal 

computer and is particularly aimed at countries that do not have the resources or the capacity 

to develop their own RCMs (Jones et al., 1995, 2004). This study uses the HadRM3P model 

and covers the Mediterranean/Middle East domain at a 25×25 km grid spatial resolution and 

19 vertical levels (Figure 6.1). The daily precipitation and mean temperature dataset 

generated spans from 1950 to 2099 and was produced with the A1B emissions scenario 

(Nakicenovic et al., 2000). The simulated data were first compared to instrumental data 

using the ENSEMBLES dataset for the 1961–1990 period. In my research I used the data for 

the period 1951-2098 as the first (1950) and last years (2099) have missing data 

(Hadjinicolaou et al., 2011; Lelieveld et al., 2012). 
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6.3.2 MODIS Normalized Difference Vegetation Index (NDVI) satellite observation 

data 

In this study, I used the monthly mean NDVI dataset collected from the Moderate Resolution 

Imaging Spectroradiometer (MODIS) (downloaded from https://lpdaac.usgs.gov/data-

access; see Daham et al. (2018a) for more details), except that extended the year-span of 

MODIS vegetation indices form 10 to 17 years. I interpolated NDVI values to daily to match 

the temporal resolution with RCM dataset, and I resampled NDVI to 0.25° to match the 

spatial resolution with RCM dataset. Then I calculated both as monthly data to show the 

seasonal variability.  

 

 

 

 

Figure 6.1 Geographic area and 0.22° latitude/longitude (spatial resolution ~25 km) grid 

coordinates of the PRECIS regional climate model, applied for the period (1950–2099). “buffer 

zone”  is the outer eight rows of grid cells to circumvent inconsistencies between the regional and 

global models (Lelieveld et al., 2012). The location of the study area is bounded by the red square.  

 

  

https://lpdaac.usgs.gov/data-access
https://lpdaac.usgs.gov/data-access
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6.3.3 Phenology model  

The GSI (Growing Season Index) by Jolly et al. (2005) analyses the state of vegetation by 

use of three primary climatic drivers serving as surrogates for the underlying controls on 

vegetation phenology: low temperatures, evaporative demand, and photoperiod. 

In Daham et al. (2018a), the GSI model was modified by adding a new climatic variable 

(precipitation) and details of the modified GSI model and four variables used (minimum 

temperature, water vapour pressure deficit (VPD), day length (photoperiod) and daily total 

precipitation) with computations can be found therein. This modified model can be further 

developed to predict future phenological responses to changing climatic conditions, as well 

as to reconstruct historical vegetation conditions. To use the modified GSI model for 

predicting future and historical phenological changes, the modified GSI model was 

developed using the baseline period (2001-2017) instead of 2001-2010 (as done in Daham 

et al., 2018a) and then used this developed model to predict values in the future using a linear 

regression model, applying it at different the test sites, Sulaymaniyah, Wasit, and Basrah. 

The quality assessment of the MODIS NDVI satellite observation data was carried out as in 

Daham et al. (2018a), except for the period 2001-2017 instead of 2001-2010. 

 

6.3.4 Weather-Driven Effective Growing Season Length (EGSL) 

The growing season length in any given region is dependent on a number of factors including 

temperatures, precipitation and photoperiod. Changes in any of these variables will impact 

the vegetation, although this could be negative or positive (EPA 2016). As noted in EPA 

(2016), while some localised areas may benefit from climate warming, most regions will be 

negatively impacted with an increase in invasive species, increased demand for irrigation 

and an increase in pests, as well as change ecosystems. In light of these impacts of the 

changing climate, understanding and predicting effective growing seasons is vital for 

government policymakers and Non-Governmental Organizations (NGOs) to be able to 

formulate mitigation strategies. In this study, PRECIS regional climate model data was used 

to estimate the ‘effective’ growing season length (EGSL) for each year over the period of 

record (1951- 2098) for the whole study area and three selected test sites. EGSL is calculated 

by annually summing daily growth indicators that are the product of minimum temperature, 

vapour pressure deficit, photoperiod and precipitation (Jolly & Dobbertin, 2005). These 

parameters define the relative daily limitations of temperature and evaporative demand on 
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vegetative physiological processes (Daham et al., 2018a). EGSL can be reduced as a result 

of colder temperatures or drought.  

 

6.3.5 Modified GSI model development (Linear Regression Model) 

In order to use the modified GSI model to predict future phenological responses to changing 

climatic conditions, as well as to reconstruct historical vegetation conditions in the study 

areas, the modified GSI model was developed on the baseline period (2001-2017) and then 

the developed modified GSI model was used for predicting GSI values in the future (for the 

periods after 2017 – near future (2018-2050) and far future (2051-2098)) using a linear 

regression model. Also, the GSI values for the period before 2001 (the past: 1950-2001) 

were calculated. Comparisons between the observations of NDVI and the predicted GSI 

values were carried over the baseline period (2001-2017).   

 

Linear regression model 

The change in predicted GSI (x) against the modelled NDVI (y) was modelled using a linear 

regression (as shown in Figure 6.2(a)-6.2(d)), where I used the information from x to 

estimate the values of y. Since the x values are used to determine the predicted GSI at a 

certain NDVI, which are the y values, i.e., y values are dependent on the x values; for this, y 

values are called the response variables and x values are called the explanatory variables 

(Poole & O'Farrell, 1971). The equation of the straight line is: 

 

𝑦 = 𝑎 + 𝑏𝑥                                                                                                                                      (6.1) 

 

where a is the point of interception and b is the gradient of the line, and they can be found 

by the following: 

 

𝑎 = �̅� + 𝑏𝑥                                                                                                                                      (6.2) 

𝑏 =
∑(𝑥 − 𝑥) (𝑦 − 𝑦)

∑(𝑥 − 𝑥)2
                                                                                                                  (6.3) 

if n is the number of the scattered points, then:  

 

𝑥 =
∑ 𝑥

𝑛
                                                                                                                                            (6.4) 

𝑦 =
∑ 𝑥

𝑛
                                                                                                                                            (6.5) 
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The linear regression model was chosen over other regression algorithms because our 

forecasting for NDVI from predicted GSI runs under neutral conditions, i.e., no disrupting 

factors are involved. So, the use of linear regression methods at this stage is adequate for the 

simple reason that all the information that I needed to perform the predictions is available in 

this manner (Neter et al., 1996; Montgomery, Peck, & Vining, 2012; Cheng et al., 2018). I 

calculated the modelled NDVI values using predicted GSI values for the whole study area 

and each selected site, and then I compared the modelled with observed NDVI values (more 

details can be found in Appendix B). 

 

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

(a) (b) 

(c) (d) 

Figure 6.2 A sample graph for the whole study area for Iraq (a), Sulaymaniyah (b), Wasit (c), and 

Basrah (d), presenting the change in GSI values against MODIS NDVI values (monthly time series for 

the period (2001-2017)), and the ‘best fit’ line is drawn across (204 points).  
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6.3.6 Regional prediction 

Regional predictions were carried out on regional climate data that covers the 

Mediterranean/Middle East domain at a 25×25 km grid spatial resolution for the period 

1951-2098. The developed modified GSI model was used to predict future phenological 

changes and to reconstruct historical vegetation conditions in the whole study area (Iraq) and 

sub-regions (Sulaymaniyah, Wasit, and Basrah) respectively, and for all the periods (1951-

2000, 2001-2017, 2018-2050 and 2051-2098). Additionally, the NDVI was forecasted from 

GSI values for the whole period 1951-2098 (148 years) using a linear regression model by 

depending on MODIS-data that covers the period from January 2001 (composite 045) until 

2017.  

 

6.4 Results 

A modified GSI model, based on Jolly et al. (2005), was previously established to be 

effective in its ability to predict greenness against the NDVI (with a high correlation) 

(Daham et al., 2018a). Here I tested it again against a different timeframe (17 years instead 

of 10 years). I then derived GSI predicted values for different time periods (50-year (the 

‘past’), 17-year (the ‘baseline’), 33-year (‘near future’), and 48-year (‘far future’)), using the 

PRECIS climate model dataset  for the whole of Iraq and the three study areas, as shown in 

Figures (6.4)-(6.7). These averages were used to summarise some individual yearly results 

for baseline period in order to reduce the number of graphs needed to present the data (see 

Figures C.1- C.4 (Section C.1), and Figures C.5- C.8 (Section C.2) which can be found in 

Appendix C). These GSI values were then used to predict the NDVI values (as shown in 

Figure 6.8), using the developed modified GSI model (as shown in Figure 6.9) for the same 

time periods and the same geographical regions. Finally, I calculated the Weather-Driven 

Effective Growing Season Estimates (EGSL) for the whole of Iraq and the three study 

regions to highlight the multi-decadal cycles in the results (See Figure 6.10). These results 

of these analyses will now be discussed in more detail.  

 

6.4.1 Comparison between the modified GSI model and the phenological observations 

(NDVI) for the selected ‘baseline’ period (2001-2017)  

In order to test the modified GSI model’s robustness, its prediction capabilities were 

compared against the known data values of the NDVI for the period 2001-2017 (‘the 

baseline’), following the same steps as outlined in Daham et al. (2018a). I then compared 
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the 16-day mean of developed modified GSI with each respective NDVI point for 2001-

2017 (the ‘baseline’) and the correlation coefficient between GSI values and NDVI values 

were computed for baseline period for the developed modified GSI model before and after 

modification (adding precipitation as an index after modification as mentioned in Daham et 

al. (2018a)) and compared them as shown in Figure 6.3. All correlations were significant (P 

value < 0.001), and correlations were better with the Sulaymaniyah region than with Basrah 

when precipitation was added. In all cases, as can be seen in Figure D.2(a)-D.2(d) in 

Appendix D, the GSI-predicted canopy dynamics correspond well with satellite-derived 

NDVI with a correlation coefficient over the baseline period (further details can be found in 

Tables C.1-C.4 in Section C.3 (Appendix C)). I obtained the same results as I did for the 10-

year period covered in Daham et al. (2018a), indicating that the model is robust. Also, it can 

be found that the correlation between predicted NDVI and predicted GSI values for the other 

periods (past, near future and far future) were also significant (see Figure D.1(a)- D.1(d), 

Figure D.3(a)- D.3(d), and Figure D.4(a)- D.4(d), which are provided in Appendix D).  

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 6.3 Box-whisker plot of correlations between composite period NDVI values and 

modified modelled GSI values over seventeen years (2001-2017) for the whole study area 

(Iraq) and for test sites (Sulaymaniyah, Wait, and Basrah). All correlations were 

significant (P value < 0.001). 
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6.4.2 Application and comparison of the developed modified GSI model of the whole 

study area (Iraq) and three different locations (Sulaymaniyah, Wasit, and Basrah)  

Next, I applied the developed modified GSI model over the whole study region (Iraq) and 

the three sub-regions (Sulaymaniyah, Wasit, and Basrah) and estimated modified GSI values 

for the whole time period (1951-2098) and each selected time period (50-year (the ‘past’), 

17-year (the ‘baseline’), 33-year (‘near future’), and 48-year (‘far future’)) and compared 

these simulations. Following Daham et al. (2018a), model simulations were performed daily 

from 1951 to 2098. I found that I could predict the intra-annual vegetation dynamics across 

Iraq and at the individual test sites (Sulaymaniyah, Wasit and Basrah) for the entire period 

(1951-2098), using Regional Climate Data PRECIS.   

I then tested the ability of the modified GSI model to predict phenological changes using 

climate change scenarios datasets (PRECIS) for the whole period (1951-2098) and for the 

four different periods. The results showed that the developed modified GSI model performs 

well. In Figures (6.4)-(6.7), averages were used to summarise some individual yearly results 

for each period. The trend for predicted phenological GSI values goes down for the whole 

study period 1951-2098. The results for the baseline period mirrored those from Daham et 

al., (2018a), with high correlations especially for the whole of Iraq and Sulaymaniyah. The 

underperformance of prediction in Basrah noted in some years over all selected periods (the 

‘past’, the ‘baseline’, ‘near future’ and ‘far future’) is likely due to lower rainfall climate 

dataset accuracy, rather than due to the performance of the developed modified GSI model.  
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(a) (b) 

(c) (d) 

Figure 6.4 The predicted seasonal index values for minimum temperature, vapour pressure deficit, 

precipitation and photoperiod for whole study area for Iraq (a), Sulaymaniyah (b), Wasit (c), and 

Basrah (d), showing the seasonal limits of each variable for a 50-year average, for the period 1951-

2000 (the ‘past’). Indices are presented as a 21-day running average to depict seasonal trends better. 
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(a) (b) 

(c) (d) 

Figure 6.5 The calculated seasonal index values for minimum temperature, vapour pressure deficit, 

precipitation and photoperiod for whole study area for Iraq (a), Sulaymaniyah (b), Wasit (c), and 

Basrah (d), showing the seasonal limits of each variable for a 17-year average, for the period 2001-2017 

(the ‘baseline’). Indices are presented as a 21-day running average to depict seasonal trends better. 
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(a) (b) 

(c) (d) 

Figure 6.6 The predicted seasonal index values for minimum temperature, vapour pressure deficit, 

precipitation and photoperiod for whole study area for Iraq (a), Sulaymaniyah (b), Wasit (c), and 

Basrah (d), showing the seasonal limits of each variable for a 33-year average, for the period 2018-

2050 (‘near future’). Indices are presented as a 21-day running average to depict seasonal trends 

better. 
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(a) (b) 

(c) (d) 

Figure 6.7 The predicted seasonal index values for minimum temperature, vapour pressure deficit, 

precipitation and photoperiod for whole study area for Iraq (a), Sulaymaniyah (b), Wasit (c), and Basrah 

(d), showing the seasonal limits of each variable for a 48-year average, for the period 2051-2098 (‘far 

future’). Indices are presented as a 21-day running average to depict seasonal trends better. 
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I then predicted the NDVI values, using the GSI values given above for the whole of Iraq 

and each study area over the four different time periods (Figure 6.8(a)-6.8(d)). I found 

similar results in terms of peaks as I did with the 2001-2010 time span (Daham et al., 2018a) 

in that there is a peak in March and April for both the modified GSI and NDVI (Figure 

6.8(a)), indicating the apex of the flowering season. 

My results (Figure 6.8 (a)) show a peak in the modified GSI and NDVI in March and April. 

Subsequently, the dominant vegetation signal over all of the selected periods (the ‘past’, the 

‘baseline’, ‘near future’ and ‘far future’), which makes sense given that this is the peak 

flowering season, following the rainy winter months of December to February in Iraq. 

Throughout the year fluctuations in the predictive power of the modified GSI model were 

noticed what was also noted, following the rainy winter of December to February in Iraq and 

the flowering season peak as shown in Figures 6.4(a), 6.5(a), 6.6(a), and 6.7(a) and Figure 

6.8(a). However, due to the vegetation growth which is being primarily driven by persistent 

precipitation during the period of November, December and March to May, the predictive 

power was high. In contrast, in summer and autumn, the modified GSI model is less able to 

capture as the vegetation is correlated and respondent to a more erratic or sudden rainfall 

event. Despite the differences, resulting from the natural variability of precipitation and 

temperature (temporally and spatially), there was an indication of consistency for all year 

periods (1951-2000, 2001-2017, 2018-2050, and 2051-2098). Noticeably, the indices of the 

GSI model had changed across all periods as shown in Figure 6.9 (a). When viewed on time 

scale one can observed lower temperatures in the past are lower in comparison to those of 

the baseline period and temperatures in the far future are higher than temperatures in the past 

and near future. There is a tendency for temperatures to rise in the far future. Observably, 

high temperatures can cause vapour pressure deficit in all periods. The future vegetation 

growth will be negatively influenced because of the significant drop in precipitation in the 

far future. It is also very important to note that the seasons are shifting in the whole study 

area (Iraq) over two periods (‘near future’) and (‘far future’). Shifting seasons are directly 

linked to warmer global temperatures. A slight change in temperature is enough to push the 

spring thaw earlier and delay the first frost until later in the autumn, resulting in vegetation 

blooming earlier.  

The United States Environmental Protection Agency (US EPA) uses leaf and bloom dates 

reflecting national phenology trends to indicate climate change. Scientists have high 
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confidence that the earlier arrival of spring events is linked to recent warming trends in 

global climate. Disruptions in the timing of these events can have a variety of impacts on 

ecosystems and human society. For example, an earlier spring might lead to longer growing 

seasons, more abundant invasive species and pests, and earlier and longer allergy seasons. 

Unusually warm weather in late winter can create a “false spring” that triggers the new 

growth of plants to begin too early, leaving them vulnerable to any subsequent frosts – trends 

that have been increasingly observed throughout the USA (Wolfe et al., 2005). It is 

impossible to follow the same approach that applied to the USA in Iraq to observe these 

changes but given the circumstances in Iraq is it difficult to collected field phenological data; 

therefore, I used a developed modified GSI model to study the shifting season.  

Figure 6.8(b) depicts the 50-year average, the 17-year average, the 33-year average, and the 

48-year average respectively for the Sulaymaniyah region. A similar profile of predictable 

NDVI in March till May, though, I noticed that there is a shift for the far future time period 

(2051-2098). At the beginning of June until the early September there is a drop-in prediction 

followed by a sharp increase in the middle of September to October. Moreover, the predictive 

power decreases slowly again and then rises at the end of October to November. Persistent 

precipitations drive Plant growth as reflected by the above-mentioned fluctuations. In 

Sulaymaniyah, for instance, there is a high level of precipitation of over 1,000 mm/year), 

with rain sometimes falling during the summer months. Generally, the modified GSI model 

(Figure 6.9(b)) and the predicted NDVI (Figure 6.8(b)) for Sulaymaniyah are distinguished 

of being consistent for all years across the entire selected study periods, albeit with some 

slight differences resulting from the natural variability of rainfall and temperature from year 

to year across all the selected periods. Despite the climatic characteristics mentioned above, 

the following are some distinguishing features: Significant correspondence between the rise 

in temperature and the rise of evaporation during the selected periods and the decline in 

rainfall is in the last period (2051-2098). However, it remains the region with the highest 

precipitation levels. In addition, the season shifting is much clearer in predicted the GSI 

values for this area over all periods (see Figure 6.9(b)). This is due to the expected climate 

change (which includes extreme temperature rises and thus high evaporation rates, in 

addition to decreasing precipitation), which will affect vegetation growth times in the future.  

Wasit region profile, on the other hand, is depicted in Figure 6.8(c) marking the 50-year 

average, the 17-year average, the 33-year average, and the 48-year average respectively. a 
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similar profile of predictable NDVI for Iraq and Sulaymaniyah is observed over the selected 

periods of time. The weak predictability from the beginning of June until the beginning of 

September is the only difference. The reason behind this is due to the lack of rainfall during 

these months in central Iraq. A similar trend is seen for Basrah (Figures 6.8(d) and 6.9(d)) 

over the same periods. Though better predictability with Sulaymaniyah from March until 

May and from October until November as a result of the vegetation growth is being primarily 

driven by persistent precipitation. A lesser response that cannot be captured by the modified 

GSI model is happening in summer and autumn, especially in the middle and south of Iraq. 

A significant decrease in precipitation and high temperatures which can result in high VPD 

and might impact vegetation growth, can be observed In Figure 6.8 for the period (2051-

2098) for whole of the study area and three selected regions. 

However, there is a good correspondence between the modified GSI-predicted canopy 

dynamic and satellite-derived NDVI over the baseline period (2001-2017). For instance, 

determining the start of the season is usually marked by the temperature limits and a high 

VPD for the growing season. Whereas water stress is indicated by the smaller areas in 

summer, the lack of precipitation is indicated by the larger regions during summer Figures 

(6.4)-(6.7). It is likely that VPD and precipitation may impact the rate of canopy growth. 

Thus, the rate of increase of NDVI is less than the early season when the predicted canopy 

activity drop. Similarly, Jolly’s et al. (2005) and Daham’s et al. (2018a) tested model in the 

modified GSI not only overpredicts changes in the timing of satellite-derived NDVI 

increases in canopy leaf area, but also the changes in canopy greenness seen in the modelled 

changes still correspond well with those of the satellite-derived NDVI at all sites and over 

all the periods. More details on the results and comparisons between predicted NDVI values 

and predicted modified GSI values (which have been adopted in the prediction of NDVI 

values) for the whole study area and for in each selected site can be obtained by the authors. 
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Figure 6.8 A seasonal variation in the predicted Normalized Difference Vegetation Index 

(NDVI) at whole study area Iraq (a), Sulaymaniyah (b), Wasit (c), and Basrah (d) over the 

selected time periods. 
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6.4.3 Weather-Driven Effective Growing Season Length (EGSL) estimates 

The PRECIS regional climate data to estimate the ‘effective’ growing season length (EGSL) 

was used for each year over the whole time period (1951-2098) for the whole study area and 

the selected sites. The EGSL was calculated by summing each year’s daily growth indicators, 

which are the products of minimum temperature, vapour pressure deficit, photoperiod and 

total running precipitation (Jolly et al., 2005; Daham et al., 2018a). These parameters define 

the relative daily limitations of temperature and evaporative demand on vegetative 

Figure 6.9 A comparison of seasonal variation in the modified modelled Growing Season Index 

(GSI) at whole study area Iraq (a), Sulaymaniyah (b), Wasit (c), and Basrah (d) over the selected 

time periods. 
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physiological processes. EGSL can be reduced because of colder temperatures or 

drought. Figure 6.10 represents the yearly effective growing season lengths (EGSL) for the 

whole study area, Sulaymaniyah, Wasit, and Basrah respectively and for the whole period 

(1951-2098). The EGSL has an interesting the multi-decadal cycle in the climate change 

scenarios for each area (due to the change in temperature across the decades and thus the 

change in the amount of evaporation), however, generally, the trend for EGSL goes down 

for the period 1951-2098. Knowledge of the impact of EGSL variability on the decadal 

timescale is essential for policy makers and planners as it enables them to make decisions in 

a range of sectors, including agriculture, water resources, energy, and infrastructure.  

The empirical results illustrate that the multi-decadal cycle EGSL variability phase 

combinations were associated with variations in daily growth indicators across the country 

using the regional climate data from 1951 to 2098. In Figure 6.10, residual density estimates 

are also represented as histograms and trends for EGSL over the whole study area and 

selected test sites. It can be observed that the linear trends of EGSL extend for the whole 

study area and each selected test site EGSL goes down over the whole period 1951-2098.  
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Figure 6.10 The effective growing season lengths (EGSL) for the whole study area for 

Iraq, Sulaymaniyah, Wasit, and Basrah, showing the yearly EGSL, residual density, 

and the trend of each area for the period (1951-2098).  
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6.5 Discussion 

In this study, I expanded on the modelling presented in Daham et al. (2018a), by testing the 

model’s capability in predicting past and future phenological dynamics in Iraq using climate 

change scenario datasets for the period ranging from 1951 to 2098. The time period was 

divided into four ranges: 1951-2000 (the ‘past’), 2001-2017 (the ‘baseline’), 2018-2050 

(‘near future’), and 2051-2098 (‘far future’). I again tested the robustness of the modified 

GSI model by comparing its predictions against the NDVI dataset for the date range 2001-

2017 (the ‘baseline’) and found similar results to my earlier test. I then used the developed 

modified GSI model predicted values for the whole period (1951-2098) to predict the NDVI 

using a linear regression model. The GSI values were predicted using climate change 

scenario datasets for the period 1951-2098.  

First, testing the model for the baseline period and finding that all correlations were 

significant (Figure 6.3), I applied the developed GSI phenology model for the whole of Iraq 

and the three subregions (Sulaymaniyah, Wasit, and Basrah) over the whole time period 

(1951-2098) and each selected time period (50-year (the ‘past’), 17-year (the ‘baseline’), 33-

year (‘near future’), and 48-year (‘far future’)).  

When observed changes in the canopy were evident, the developed GSI phenology model 

predicts the suitable conditions. It was noticed that VPD was low in the early growing season 

and high in summer; photoperiods were long during the summer; precipitation was very low 

during summer; and canopy changes were observed. These trends occur in all study time 

periods. When summer temperatures were high, VPD was also high, and vegetation changes 

were observed clearly. Similar observations were made over the individual sites 

(Sulaymaniyah, Wasit, and Basrah). This indicates that the selected model variables are 

adequate for these locations. Season and rainfall indices were created for the baseline period 

(2001-2017) and results were very similar to those obtained in Daham et al. (2018a) for the 

time period 2001-2010, as expected.  

Figure 6.4(a) and 6.4(b) show the seasonal index for the 50-year average (1951-2000 (the 

‘past’)) for Iraq and Sulaymaniyah. The rainfall index distribution has low amplitude 

fluctuations and is very high during the winter and very low in the summer. Despite the sharp 

decline in summer, this period is characterised by lower temperatures (than present), which 

in turn lead to lower evaporation rate compared to other periods (baseline, near future, and 

far future). Additionally, the level of precipitation during this period was higher compared 
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to other periods. This disparity in quantities of precipitation, temperatures and VPD over the 

time period indicates a clear change in the climate across the whole study area and the 

selected sites. Figure 6.4(c) and 6.4(d) represent the seasonal index for the four variables for 

the past period for Wasit and Basrah. Again, the VPD index distribution is very high in the 

summer and very low in the winter, resulting from respectively higher and lower 

temperatures.  

The rainfall index is similar across the whole of the study area and the Sulaymaniyah region. 

However, when examining the indices for individual years, it can be found inconsistencies: 

in some years (1959, 1968, 1971, 1988, and 1995), there are drops in precipitation levels 

during the winter months or sudden rises in precipitation during the summer months (these 

examples can be found in Appendix F). These anomalies, however, can be explained through 

the natural variation in weather from one year to the next (see also Daham et al., 2018a). 

Despite these minor anomalies, the regional climate data derived from precipitation for Iraq, 

Sulaymaniyah, Wasit, and Basrah are very good (whether over the 50-year average or 

individual years). Overall, it can be found that the model is able to robustly retrodict past 

phenological changes across Iraq and in the individual test areas.   

Figure 6.5(a), 6.5(b) and 6.5(c) represent the seasonal index for the four variables for a 17-

year average (2001-2017 (the ‘baseline’)) for Iraq, Sulaymaniyah, and Wasit respectively. It 

can be observed that the distribution of the rainfall index is even (low amplitude 

fluctuations), and very high in the winter months and very low in the summer months. 

However, when looking at the indices for individual years, it can be found anomalous cases, 

such as sudden drops in the amount of rainfall during the winter months or sudden rise of 

precipitation in the summer months. For instance, there was a drop in the precipitation index 

in the months of March, April, May, November, and December in different years within the 

study period baseline (2001-2017). This decline is not expected during these months, 

especially in the Sulaymaniyah region, which is an area of heavy precipitation. Additionally, 

there was a decline noted in the precipitation index for Wasit (central Iraq) during December. 

However, these anomalies can be explained by natural variability of weather and 

precipitation from one year to another. Also, it can be observed an expected drop in the 

precipitation index during the month of March and April (Figure 6.5(d)). This drop-in 

precipitation is expected in the Basrah area (southern Iraq) because these months are marked 

by increased temperatures and very low to no precipitation. This anomaly may be due to 
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natural climate variation in this region. Despite these anomalies, it can be seen that the 

regional climate data of precipitation for Iraq, Sulaymaniyah, and Wasit were generally very 

good and there are no real issues in using precipitation as an index (whether over the 17-year 

average or individual years). And it could be noticed that the resulting graphs were very 

clear, smooth, and reasonable (see Figure E.3 in Appendix E).  

Figure 6.6(a)-6.6(d) represent the seasonal index for the four variables for a 33-year average 

(2018-2050 (‘near future’)) for Iraq, Sulaymaniyah, Wasit, and Basrah respectively. The 

rainfall index is very high in the winter months and very low in the summer months during 

this period, while the VPD index is very low in the winter months and very high in the 

summer months. The distribution of the temperature index is opposite. This rise in the 

temperature and VPD indices while precipitation is low can be observed across Iraq and 

selected sites (Sulaymaniyah, Wasit and Basrah) and in the previous periods (past and 

baseline). Figure 6.6(d) shows that there was a steep drop in the precipitation index in the 

months of January, February, March, April, May, November, and December in some years 

within the near future range. There is also a steep high rise in temperatures when compared 

to the other periods for this region; this temperature increase will lead to an increase in 

evaporation. This will be an important negative effect on vegetation growth across Iraq in 

the future (see Figure E.4 in Appendix E).  

Figure 6.7(a)-6.7(d) represent the seasonal index for the four variables for a 48-year average 

(2051-2098 (‘far future’)) for Iraq, Sulaymaniyah, Wasit, and Basrah respectively. Although 

the distribution of the rainfall index is similar to the other time periods, when I examined the 

indices at individual years, I found anomalous cases, such as sudden drops in precipitation 

during the winter months or a sudden rise during the summer months. I further noticed that 

there more anomalies in this period than found in the past and baseline periods. As the 

climate warms, there will be more extreme events (hotter summers, colder winters for 

example) and the increasing number of anomalies indicated in the model clearly shows 

worsening climate conditions in Iraq. More details on the results of the near future period 

can be found in see Figure E.5 in Appendix E. 

At sub-regional areas, the model showed a good agreement between the predicted and 

observed (satellite) NDVI over the selected baseline period (2001-2017), as shown in Figure 

D.2 in Appendix D. For this test, I followed Daham et al. (2018a), by defining a threshold 

value, which represents a proportion of days within the smoothing window, wherein plant 
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canopy conditions are suitable. Predicted vegetation values at Basrah, Wasit, and 

Sulaymaniyah were consistently highly correlated with satellite. This convergence in values 

might suggest that the threshold is suitable for Iraq as the study area. It should be noted that 

this threshold value could vary from region to region (Jolly et al., 2005 and Daham et al., 

2018a). I was able to improve the correlations between modified GSI model predictions and 

NDVI observations at both the regional and sub-regional scales after adding the precipitation 

as an indicator in the GSI model over the baseline period (2001-2017), as the MODIS NDVI 

was available just for this period. As an example, correlations between the modified GSI 

model predicted and NDVI observed for 2001 for Iraq, Sulaymaniyah, Wasit, and Basrah 

improved from 0.4846 to 0.8615, 0.3908 to 0.9012, 0.8084 to 0.9780, 0.3590 to 0.8255 

respectively. Another example, correlations between the modified GSI model predicted and 

NDVI observed for 2017 for, Sulaymaniyah, Wasit and Basrah improved from 0.5715 to 

0.8356, 0.3219 to 0.9473, 0.7198 to 0.8397, 0.4524 to 0.8723 respectively (more details can 

be found in Tables C.1-C.4 in Appendix C). The most important finding of this research was 

that the predicting future phenological changes that estimated by the modified GSI approach 

(Daham et al., 2018a). 

I also predicted the NDVI indices using the modified GSI model values in order to better 

visualise the growing season over Iraq and over the studied time span (Figure 6.8(a)-6.8(d)). 

The robustness of the model’s resulting values was already shown in Figure 6.3, where I 

compared satellite-derived NDVI values with those derived from the model over the 17-year 

baseline period (2001-2017; this was also shown over a ten-year period in Daham et al. 

(2018a)). I have also previously discussed the preference of using precipitation instead of 

VPD as an indicator of vegetation growth periods (Daham et al., 2018a). Figure 6.8(a)-6.8(d) 

graphically illustrate the peak growing seasons (peak greenness) in Iraq and the three 

subregions over the four-time spans. The most interesting and important result of this 

analysis is that the growing seasons change, especially in the near and far future: the spring 

thaw begins earlier in the year and the cooler temperatures and rainy seasons start later in 

the year, thus shifting and possibly shortening the growing season. This happens across Iraq 

and in all of the regions. For example, currently, the peak growing season is May/June. In 

the far future, this shifts back to March. The rainy season will be shorter, which in turn 

affects soil moisture and seed germination. 
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I also calculated the EGSL for Iraq and the three subregions over the whole time period 

(Figure 6.10). What I found is that while there is the year-to-year variation, overall, there is 

a downward trend. In other words, the growing season across the region becomes steadily 

shorter into the future. 

Comparing my findings with other studies in Iraq, I found that my results are similar and/or 

complement those studies. Salman et al. (2018) combined a number of General Circulation 

Global Models (GCMs) and found that both minimum and maximum temperatures would 

increase in all seasons across Iraq, with the highest project temperature increases in the 

northern part. This complements my findings above, whereby I found that precipitation 

decreases, the spring thaw is earlier and growing seasons shift and shorten. De Pauw et al. 

(2015), in their ICARDA working paper, also look at the near future (2010-2040 in their 

case) and find that, through the analysis of climate point data from stations across the region, 

the Mediterranena and northern Africa, there would be an increase in temperatures, decrease 

in precipitation and a commensurate decrease in growing periods. Further datasets, such as 

the World Bank Climate Change Knowledge Portal (using Coupled Model Intercomparison 

Project phase 5 (CMPI5) models), also indicate rising temperatures (by 4 degrees during the 

winter, and up to over 6 degrees in August/September by 2099). Precipitation by 2099 will 

generally be less than at present, with an increase from present levels in October. This seems 

to be reflecting a shift in the rainy season, thus the growing season, as indicated by my 

findings. What separates my model is that this is a phenological model that is able to show 

predicted peak greenness, which in turn graphically illustrates the shifting growing seasons 

along with changes in precipitation and temperature. Additionally, the modified GSI model 

allows us to analyse yearly projected phenological changes as opposed to the decadal or 

longer projections of the CMPI5 data, which in turn allows us to note anomalous conditions 

(extreme weather events for instance). 
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6.6 Conclusions and remarks 

That precipitation is an important variable in climate modelling and that the modified GSI 

model is robust were both established in previous studies (Daham et al., 2018 a,b). Here I 

expanded the testing of the model to demonstrate the model’s ability to predict future 

phenological change. The results show that the model is robust. The most interesting and 

important result of this analysis, especially for policy makers and others who will use these 

data, is that the growing seasons change, especially in the near and far future: the spring 

thaw begins earlier in the year and the cooler temperatures and rainy seasons start later in 

the year, thus shifting and possibly shortening the growing season. This happens across Iraq 

and in all of the regions. For example, currently, the peak growing season is May/June. In 

the far future, this shifts back to March. The rainy season will be shorter, which in turn 

affects soil moisture and seed germination. This is further backed up by the results of the 

Effective Growing Season Length Estimates for Iraq and the three subregions over the whole 

time period (Figure 6.10). What I found is that while there is the year to year variation, 

overall, there is a downward trend. In other words, the growing season across the region 

becomes increasingly shorter into the future. This will profoundly impact the agricultural 

sector in Iraq in the near future and could lead to further instability in the country. 
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CHAPTER 7 

 

1FUTURE VEGETATION MONITORING TECHNOLOGY 

AND UK PHENOLOGY PREDICTION  
 

In this chapter, two parts of the results are shown. The first part relates to the use of modern 

remote sensing data (Synthetic Aperture Radar (SAR) images) to monitor wheat cropland 

growth in a specific region of the United Kingdom, Duxford, and for a limited timespan of 

two years (2015 and 2017). The purpose of this section is to study alternative observation 

data on the vegetation maturity and compare it with other remote sensing data (MODIS 

dataset) for phenological predictors. The second part presents the phenological predictions 

using the GSI phenological model that was developed (details are discussed in Chapters 5 

and 6) of this thesis. 

 

Part 1: Cropland monitoring using Sentinel-1 SAR data: A case study in 

the Duxford area, UK 

 

7.1 Introduction 

A proxy descriptor for forest and crop inventories, from which some essential attributes can 

be derived, is called vegetation height. Characterising crops’ phenological stages, yield, 

biomass, and health, in light of in the view of sustainable environmental management is very 

crucial. It is a prerequisite for carbon storage, wood volume, and biomass when it comes to 

calculations forestry applications. Environmental applications such as conventional space-

based height information can help obviating the necessity for time-consuming land-based 

surveys and providing detailed information for the height of the monitored vegetation and 

crops’ biophysical attributes e.g., biomass and aboveground carbon storage (Minh et al., 

2015; Erten et al., 2016). As far as environmental monitoring is concerned and as one of the 

most popular microwave imaging techniques, space-based Synthetic Aperture Radar (SAR) 
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with its imaging capability of all weather is a particularly crucial factor for rain forests and 

irrigated farming (Chauhan et al., 2018; Kumar et al., 2018). Estimation of forest height in 

comparison to crops has been studied with space-based SAR; a wide range of studies have 

broached the different forest types. These studies can be categorised under three approaches: 

Radiative Transfer Theory (RTT), Polarimetric Interferometric SAR (PolInSAR), and 

Interferometric SAR (InSAR) (Tanase et al., 2014; Li et al., 2014; Guo et al., 2014; Karila 

et al., 2015; Erten et al., 2016). Due to the time interval between two stages of development, 

e.g., the morphological changes may occur in a week for cereals, whereas in forestry a very 

long time was taken. Therefore, the use of space-based SAR for crop height estimation was 

limited. 

However, it was viable to detect phenological changes in crop growth because of the 12 days 

for SENTINEL-1, gained as visit time of the current generation of SAR satellites. 

Consequently, the number of studies about space-based crop height monitoring applications 

with SAR images was significant  increasing (Lopez-Sanchez et al., 2012; Rossi and Erten, 

2015; Küçük et al., 2015; Vicente-Guijalba et al., 2015; Yuzugullu et al., 2017; Erten et al., 

2016). The detection of biological and morphological changes of crops has been examined 

using RTT in canopy modelling, a method dated back to the 90’s (Karam et al., 1992; Erten 

et al., 2016). With assumptions on dielectric constant and ground scattering of the monitored 

target, the vegetation backscattering as a function of the canopy physical attributes, for 

example, vegetation height, leaf size, number of leaves, leaf angle, stem width was expressed 

by the RTT based models. Due to the complicated interaction between electromagnetic 

waves and vegetation canopy, which make developing a direct relationship of the 

backscattering with biophysical parameters, not an easy task, interesting results have been 

obtained in terms of airborne (Karam et al., 1995; Villard and Le Toan, 2015; Erten et al., 

2016a) and space (Le Toan et al., 1997; Koay et al., 2007; Wang et al., 2009; Inoue et al., 

2014; Erten et al., 2016), and ground (Kim et al., 2013; Liu et al., 2016; Erten et al., 2016) 

based SAR measurements. To relate the observed backscattering to the entire canopy 

physical attributes (Erten et al., 2016), simulations may be required utilising a large study 

with Monte Carlo (MC) in light of In RTT based approaches.  

Differential Interferometry Synthetic-Aperture Radar (DInSAR), an influential and well-

known method that is based on the evaluation of phase difference between two SAR 

acquisitions, has been applied to a wide range of land use and forestry applications. 
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However, several articles have discussed the applicability, consistency, disadvantages and 

advantages, e.g., Bamler & Hartl (1998) and Hanssen (2001). Considering the outdated 

space-based SAR sensors; the impossibility of having crop height estimation with 

interferometry; the low resolution and the considerable re-visit time, cause unreliable phase 

information. Nonetheless, a more convenient way to monitor crop height changes is via 

tandem interferometric acquisitions. As per Engdahl et al. (2001) and Srivastava et al. (2006) 

there is a linear relationship between ERS 1/2 tandem coherence and the height of crops. 

Thus, the adherence decreases as the crop height increases. Rossi and Erten, (2015); and 

Zalite et al. (2016) indicate there is detecting crop height changes through its phenological 

development, can be made feasible via the use of the TerraSAR-X add-on for Digital 

Elevation Measurement (TanDEM-X) mission (bi-static interferometry) in the light of the 

recent significant improvements in space-based SAR sensors.  

Deriving three-dimensional (3D) vegetation products was achievable by the use of an 

advanced technique called PolInSAR, making use of interferometry and polarimetry 

together to separate different scattering centres along with the canopy. A variety of forests 

with air-borne SAR sensors have shown the potential and limits Soja et al. (2014); Kugler 

et al. (2014); Lee and Fatoyinbo, (2015); Soja et al. (2015); and Abdullahi et al. (2016) have 

recently discussed PolInSAR forest height estimation from space. However, as far as the 

crop height estimation is concerned, an observed drawback is the restricted implementation 

of PolInSAR method to the airborne acquisitions. The first demonstration of the viability 

retrieving canopy height via of PolInSAR as reported by Lopez-Sanchez et al. (2012). An 

improvement to this demonstration is made by  Pichierri et al. (2016) who considered the 

vertical structure of the canopy, including multi-baseline data. the requirement of large 

spatial baseline and high temporal resolution is the challenge for crop height estimation by 

space-based PolInSAR, which is explained in detail by Lopez-Sanchez and Ballester-

Berman, (2009) as a multipolarisation interferometric technique. Although, assessing these 

three crop height estimation methods in the context of operational monitoring not possible 

previously due to the practical restrictions on temporal resolution time between satellites, it 

was allowed for the first time by the TanDEM-X satellite mission. 

To help generating a global high-resolution Digital Elevation Model (DEM) and 

accomplishing HRTI-3 accuracy requirements by a bi-static configuration, TanDEM-X as 

the first innovative mission in space to achieve this aim combining two twin satellites, 
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namely, TerraSAR-X satellite (TSX-1) and another TerraSAR-X add-on satellite (TDX-1) 

(Krieger et al., 2007, Krieger et al., 2013). Abdullahi et al. (2016); Rossi et al. (2016); Zhang 

et al. (2016); and Mason et al. (2016) have led new research in space-based SAR applications 

despite the plans for global DEM generation, polarization acquisition policy, the orbit 

control, and the spatial resolution. 

In this study, the wheat height and distribution were estimated using the Differential 

Interferometry Synthetic-Aperture Radar (DInSAR). The VV polarisation data of the S-1 

SAR images were acquired through the wheat growing season and the harvest wheat season 

of 2015 and 2017. The MODIS dataset was used, mainly to derive NDVI, for a comparison 

between its observation and the DInSAR results. As Patel et al. (2006); Lopez-Sanchez and 

Ballester-Berman (2009); Erten et al. (2016) noted, “the performance of the SAR based crop 

height retrieval techniques is affected by the system frequency”. As such, the primary 

purpose of this study is to monitor wheat crop height from space by using Sentinel-1 SAR 

images for two different periods in the Duxford area of UK. For this study, the short 

wavelength, which provides enough posterior scattering of the size of the vegetation, should 

be distinguished by the high extinction of the canopy. This was done by using the VV 

polarization data of the S-1 SAR images, which were collected during the wheat growing 

and harvest seasons of 2015 and 2017. Section 7.1 will cover the theoretical background of 

the InSAR technique for crop height estimation. Section 7.2 presents the study area and 

discusses the data acquisitions, with a discussion of how InSAR was implemented and the 

resulting crop estimations in Section 7.3. Section 7.4 presents the validation of the InSAR 

technique results. Finally, Section 7.5 applies the results within the context of agricultural 

studies. The results of this study will also be used in Chapter 8, whereby the maturity of the 

vegetation in this area will be compared with the predicted phenological vegetation derived 

from the phenological model for these specific years. 
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7.2 The study area and dataset acquisition 

7.2.1 Site selection 

In the UK, winter wheat is sown in October and harvested 11 months later, in September 

(USDA-FAS, 2015). June is a crucial month for British wheat farmers as the right 

combination of rainy and sunny days impacts grain enlargement and thus yields (USDA-

FAS, 2015) (Figure 7.1). Fortunately, rainfall in the UK in the summer of 2015 had been 

adequate for wheat-growing (and for other crops, such as barley and rapeseed), although 

much of continental Europe had suffered from summer drought (USDA-FAS, 2015). 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

The village of Duxford is located on the river Cam, about, 16 km south of Cambridge 

(coordinates 52.096°N 0. 1354°E) (Figure 7.2). To test the applicability of DInSAR in crop 

height estimation, wheat fields, which form a sort of ‘green’ border around Duxford, were 

chosen as test sites (see Figure 7.3). 

 

 

 

Figure 7.1 United Kingdom wheat mid-June 2015 (USDA-FAS -IPAD, 2015). 
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Figure 7.3 The general extent of the green belt in Duxford (ECDC, 2005).  

Figure 7.2 Location of the selected study area of Duxford (indicated by the red circle).  
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7.2.2 Dataset acquisition  

I used eight Sentinel-1 Interferometric Wide (IW) Single Look Complex (SLC) images. An 

example of four images is represented in Figure 7.4, acquired from ascending and 

descending orbits over a much shorter monitoring of between February 2015 to October 

2017, (Table 7.1). All IW images were downloaded from the scientific data hub (ESA, 

2014c) of Sentinel-1 and VV polarization mode data was used only in the processing. 

 

 

Table 7.1 Sentinel-1 SAR (ascending and descending for the year 2015 and 2017, 

respectively) images dates and perpendicular baseline B⊥ relative to the master images 

(23/06/2015) and (20/06/2015). 

 

Sensor Date B⊥ Date B⊥ 

Sentinel-1 

SAR  

Ascending Track (132) Descending Track (81) 

23/06/2015 master  20/06/2015 master  

06/11/2015 25 11/11/2015 67 

30/06/2017 28 21/06/2017 87 

03/11/2017 34 04/11/2017 45 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 Figure 7.4 Four images presented as examples for June 2015 and 2017 (ascending 

and descending) of the study area (marked by a red circle). 
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7.3 Methods 

7.3.1 Data processing for SAR images using SARPROZ software 

7.3.1.1 The SARPROZ software 

The Synthetic Aperture Radar PROcessing tool by periZ (SARPROZ) is a very versatile 

software to process InSAR data, written in Matlab programming language. Solving the 

specific problem of combining coherent data with different carrier frequencies, in particular, 

European Remote-Sensing Satellite (ERS) and Environmental Satellite (Envisat), through 

an advanced PS technique, was the original purpose for developing the code (Perissin and 

Rocca, 2006). The problem is restricted to the nature of radar targets and to their capability 

of being “visible” under different looking angles/illuminating frequencies. To be able to 

process and extract information from the amplitude of radar images the software tool was 

prepared with a module for target characterization and recognition (Perissin and Ferretti, 

2007). The tool became to have the ability to deal with temporary targets using amplitude 

time-series (Ferretti et al., 2003; Colesanti et al., 2004). Within SARPROZ numerous 

techniques for improving the height estimation and the consequent geocoding process were 

developed as a precise localisation implied within the recognition of a radar target (Perissin 

and Rocca, 2006). As a consequence, the Digital Surface Model (DSM) and Digital 

Elevation Model (DEM) algorithms extracted from sparse points were included (Perissin 

and Rocca, 2006; Perissin, 2008). Perissin and Wang (2012) stated that the problem of 

increasing the density of Permanent Scatterers (PSs) in extra-urban areas was encountered 

and the Quantitative Perfusion SPECT (QPS) algorithm was studied and implemented. 

Currently, SARPROZ supplies different options for combining a long series of the dataset, 

and the user has the possibility to choose which set of interferograms for processing and with 

techniques. The program includes some helpful functions such as detection of change, a 

classification that I can apply on SAR images to provide important information. Finally, for 

data visualization and exportation, a whole section is dedicated.; in particular for geocoding 

sparse and extended results in Google Earth, several smart tools have been developed. 

SARPROZ is a research tool that: is continually under development; is it written in Matlab; 

it allows the user to access the data very easily and make their own adjustments. At the same 

time, thanks to Matlab's powerful tools, SARPROZ can face extremely large and practical 

computational burdens. 
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7.3.1.2 Sentinel-1 images processing  

All eight Sentinel-1 images were processed using the SARPROZ InSAR software 

(http://www.sarproz.com January 26, 2016, version). The ascending and the descending 

images were processed in separate runs, using the same procedure. I used four images for 

2015 and four images for 2017. For each year, I used one ascending image and one 

descending image in June when the wheat crop is finished from flowering stages (maximum 

height), and one ascending and one descending image in November when the wheat crop is 

harvested by farmers (lower height). I followed Yan et al. (2012)’s orbital and temporal 

baseline restrictions as they lead to spatial coherence maximisation and fewer DEM errors 

while creating the differential interferograms. A window size of 10 × 5 pixels has been used, 

to make the interferograms in multi-looked, Giving the final pixel dimension of about 30 x 

20 m to Sentinel-1 in order to increase the phase estimation quality and reduce the radar 

signal noise in the scene. In addition to the maximum normal perpendicular baseline, which 

was set up in the software to process the eight Sentinel-1 Interferometric Wide (IW) images; 

two different baselines were used: two months and about two years. The Sentinel-1 record 

determined the more extended baseline at the time of data analyses. The shorter baseline of 

two months was chosen to examine if this had any impact on potential phase ambiguity, 

particularly in this dynamic vegetation environment. 

 

7.3.2 Interferogram processing flow 

This section shows the typical steps involved in interferogram creation. Starting from a set 

of single look complex (SLC) images, interferograms are formed as follows: co-registering 

the data, interferogram formation by differencing the phases of the complex images, and 

coherence estimation, TOPS deburst and TOPS merge, topographic phase removal, 

Goldstein phase filtering, multilooking, unwrapping, phase to displacement, and range-

doppler terrain correction. More details about the processing of SAR images using 

SARPROZ software can be found through the following link (https://www.sarproz.com/). It 

is worth mentioning that I can do the same processing using another software called the 

Sentinel Application Platform (SNAP) software (http://step.esa.int/main/doc/tutorials/). The 

flowchart of processing of an interferogram is as follows: 

 

 

https://www.sarproz.com/
http://step.esa.int/main/doc/tutorials/
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7.3.3 Preparing SAR data for Differential Interferometry Synthetic Aperture Radar 

(DInSAR)  

Microwave remote sensing (e.g., Synthetic Aperture Radar (SAR)) and related techniques 

(e.g., differential interferometry) are fundamental methods for measuring the displacements 

of different geological and environmental phenomena (Del Ventisette et al., 2014). In this 

study, DInSAR analysis was applied to process Sentinel-1 images to monitor vegetation 

growth (or cropping) near the Duxford area. I started the processing by reading the SLC 

scenes provided by Sentinel-1. I only used the VV polarisation to monitor the wheat crop. 

VV polarisation is adequate for this type of processing, as my aim was to find the height of 

the wheat crop, look at the vertical displacement. For each of the ascending and descending 
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tracks, the master image was used as the early image from each track. In order to avoid the 

additional noise that results as a spatial decorrelation that causes signal corruption, the 

normal baselines that selected of these two tracks are less than 100 m (Zebker and Villasenor, 

1992). The signal of the interferometric phase (∆𝛷𝑖𝑛𝑡) resulting from multiple contributions 

is shown in Equation (7.1) (Hooper et al., 2004): 

 

∆𝛷𝑖𝑛𝑡 = ∆𝛷𝑡𝑜𝑝𝑜 + ∆𝛷𝑑𝑖𝑠𝑝𝑙 + ∆𝛷𝑎𝑡𝑚𝑜 + ∆𝛷𝑛𝑜𝑖𝑠𝑒                                                                  (7.1) 

 

where ∆𝛷𝑡𝑜𝑝𝑜 is the residual topographic height (H) without the Digital Elevation Model 

(DEM), ∆𝛷𝑑𝑖𝑠𝑝𝑙 is the searched displacement (D) information, ∆𝛷𝑎𝑡𝑚𝑜 is the disturbance 

caused by the atmospheric phase screen, and ∆𝛷𝑛𝑜𝑖𝑠𝑒 is the non-removable phase 

disturbance. An area of approximately 0.76 km2 from the second swath was selected (Figure 

7.5). I used precise information of orbit to process SLC products accurately. Accurate co-

registration of SAR images is a prerequisite and a step for accurate determination of 

interferometric deformation analysis (Milillo et al., 2016). I co-registered the slave images 

to the master image. Then, I estimated the flat-earth phase using the orbital and metadata 

information and finally subtracted its results from the complex interferogram.  

I removed the zero doppler time within the subswath using the deburst operator. After wards, 

I applied the Goldstein adaptive filter (Goldstein and Werner, 1998) to decrease the noise of 

phase (thermal noise, temporal change and baseline geometry), and improved both 

measurement accuracy and phase unwrapping for SAR interferometry. In order to compute 

the actual height variation between the two scenes and solve the ambiguity (interferometric 

phase within 2π), I unwrapped the interferometric phase (Figure 7.5). The final result is the 

displacement in mm. This displacement was calculated parallel to the line of sight (LoS) of 

Sentinel; therefore, it is necessary to convert it to vertical displacement (Figure 7.6 and 7.7) 

using Equation 7.2: 

 

VD = 𝐿𝑂𝑆𝐷 ∗ 𝐶𝑜𝑠𝑖𝑛                                                                                                                      (7.2) 

 

Where VD is the vertical displacement in mm,  𝐿𝑂𝑆𝐷 is the line of sight distance of Sentinel, 

𝐶𝑜𝑠𝑖𝑛 is the cosine of the radar incidence angle. A threshold of 35cm was applied to the 

vertical displacement layers, where any pixel with a displacement value of more than 35cm 

was considered cropland. Using both the ascending and descending results, the common area 
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between the two tracks is identified as harvested cropland. Field visits for researchers to the 

site confirmed that this area is used for wheat production at this time of the year and thus, 

any change in the displacement can be considered as a wheat harvested area. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

The vertical velocity maps resulting from the processed Sentinel-1 data were assessed 

qualitatively (i.e., by comparisons with the patterns of known cropland area pattern over the 

study area, mainly related to land cover and site history). Prior to the assessment, the outputs 

of vertical velocity from Sentinel-1 processing (using DInSAR technique) were output raster 

layers and were corrected (orthorectified) using nearest neighborhood interpolation method 

to provide pixels at a uniform spacing in the UTM map projection, and these steps have done 

using functions that are provided in the SARPROZ software. 

 

Figure 7.5 The coherence and unwrapped interferogram. 
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Figure 7.6 The classification of InSAR image 2015 for wheat farming. 

Figure 7.7 The classification of InSAR image 2017 for wheat farming. 
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The change detection technique is important to determine changes between two images. To 

ensure data type homogeneity, these three types of change detection can be used (Armenakis 

et al., 2002; Mishra et al., 2016): 

 -  Feature-based: extracted thematic feature layers are compared to two temporal vector 

datasets; normally applied to the change detection between image and vector data; 

-  Region-based: extracted thematic class layers are compared to two temporal class 

datasets; normally applied to multi-temporal image datasets with (usually) raster-type data; 

-  Pixel-based: the pixels of two co-registered images are directly compared; normally 

applied to multi-temporal images. 

Factors, such as the image sensor, the location, and view angle of the sensor, the atmospheric 

and environmental conditions can affect change detection between multi-temporal images 

the comparison (Hayes et al., 2001; Armenakis et al., 2002). This mainly affects the pixel-

based comparison (comparison at data level). As for the feature- and region-based 

approaches certain processing of the images has already been done, and the comparison was 

done at the information level (use of analysed data). In Figure 7.8, I applied the change 

Figure 7.8 The detected change between InSAR images from 2015 and 2017. 
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detection algorithm using ArcMap software to calculate the area of wheat over the two 

different years for whole raster images included the study area (Duxford) (values are 

presented in Table 7.2 (a)). The estimated height for the wheat crop during June and 

November is presented in Table 7.2 (b)). The height of wheat after harvest is usually around 

0.3 m or slightly higher, which corresponds to the maximum height at which there is no loss 

of grain during collection (McMaster et al., 2000).  

 

 

 

Type Area in km2 for wheat farming 

Decrease 1.936389 

Increase 1.134262 

No change 21.073909 

The total processed area 24.14456 

 

 

 

 
 

 

Year Months Wheat height in (cm) 

2015 
June 120.004 

November 30.102 

2017 
June 125.012 

November 33.022 

 

 
 

7.4 Validation of the InSAR results 

It is important to validate the InSAR results that I obtained previously with field observations 

for wheat farms in the study area for the selected timespan period. But due to the limited 

time and the difficulty of conducting these field surveys, another type from SAR images 

(Sentinel-1A IW GRD (Ground Range Detected)) has been used. All images were 

downloaded from the scientific data hub of Sentinel-1 and VV polarization mode data was 

used only in the processing. Where there is a possibility to create a time series for agriculture 

monitoring (i.e., lands of wheat fields) over the two years selected (2015 and 2017) by 

following the procedure provided through the tutorial entitled (ESA Echoes in Space - 

Table 7.2 (a) Calculations of decreasing and increasing areas of wheat. 

Table 7.2 (b) Wheat crop height estimations using DInSAR technique for June 

and November for each year 2015 and 2017.  
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Land:Crop type mapping with Sentinel-1) which is available online through (https://eo-

college.org/courses/echoes-in-space/) using Sentinel Application Platform (SNAP) 

software. At the same time the results obtained from these images were compared with the 

observations of the observed satellite MODIS NDVI using a crop mask for the study area. 

The extracted observed dataset for MODIS NDVI using the cropland mask is shown in Table 

7.3. Also, the crop height estimations are presented as well.   

 

7.4.1 Comparison between observed satellite (MODIS NDVI) values and the InSAR 

values 

In this section, I compared the NDVI values (using the crop mask) for two different years 

(2015 and 2017), extracted from observed satellite datasets (after a quality assessment 

process using TiSeG software was applied), with values (crop height) that were extracted 

from SAR images (GRD) using the DInSAR technique (as shown in Figure 7.9 and Table 

7.3).   

 

Date 

Observed values 

(MODIS NDVI) 

(Crop mask) 

Estimated values  

(SAR images, GRD) 

(DInSAR technique) 

2015 2017 2015 2017 

January  0.593 0.5955 0.52 0.5455 

February 0.58 0.6115 0.5 0.55936 

March 0.5775 0.618 0.5772 0.5935 

April 0.649 0.6795 0.669 0.6295 

May 0.722 0.7065 0.742 0.7555 

June 0.7455 0.761 0.7955 0.7977 

July 0.7095 0.707 0.6985 0.68242 

August 0.712 0.69 0.64985 0.6699 

September 0.689 0.674 0.628855 0.6435 

October 0.679 0.653 0.60005 0.70175 

November 0.686 0.6645 0.5449 0.53235 

December 0.5885 0.5755 0.567 0.5356 

 

Table7.3 Observed MODID NDVI and estimated crop height values.  

https://eo-college.org/courses/echoes-in-space/
https://eo-college.org/courses/echoes-in-space/
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Table 7.4 summarises the statistical analysis of the NDVI (crop height) comparison between 

SAR and MODIS. The statistical analysis includes the R2 and computed error statistics (Root 

Mean Square Error (RMSE), Mean Absolute Error (MAE), Mean Absolute Percentage Error 

(MAPE), Standard Deviation (STD), and Correlation Coefficient (CORR) indicators) for the 

vegetation index that I used (NDVI).  

 

    

NDVI R2 RMSE MAE, MAPE STD CORR 

2015 0.7142 0.0495 0.0404, 4.04% 0.0720 0.8615 

2017 0.6909 0.0494 0.0405, 4.05% 0.0720 0.8612 

 

 

 

Figure7.9 Scatter plot and multi-temporal (2015 and 2017) variation of the observed 

MODIS NDVI and estimated (crop height) across the season. 

Table7.4 Parameter wise R2 and error statistics (RMSE, MAE, MAPE, STD, and 

CORR).  
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The estimated crop height values would be close to the observed MODIS NDVI on average 

when the RMSE values are expected to be close to zero (but not equal). Given the complexity 

of estimating (crop height) parameter based on SAR GRD data; owing to high degree of 

non-linearity associated with the vegetation (crop); satellite-derived parameter and also the 

inherent dynamicity of the variability that exists among the vegetation (crop) biophysical 

parameters over the growing season, it can be concluded that the above RMSE values are 

fairly close to zero.  

Since the SAR signal is known to interact with the vegetation (crop) at an oblique angle, the 

impact of incidence and azimuth angle relative to the field orientation may result in some 

secondary errors. However, the flexibility provided by SAR sensors regarding the control 

that can be exercised on the sensor parameters compensates for this problem and may be 

worked upon to achieve higher accuracy (Chauhan et al., 2018).   

The coefficient of determination (R2), reached up to 0. 7142 for the first year (2015), while 

in the second year (2017) it was 0.6909 between the estimated crop height and the observed 

MODIS NDVI values. In both cases, the R2 still good although there is a slight difference. 

At the same time, the scatter plot for the validated results of observed NDVI values (Figure 

7.9) indicates that the estimated crop height values were in close agreement with the 

observed ones with low MAPE of 4.04% and 4.05% respectively for both years.  

 

7.5 Conclusions and future work 

One of the most important activities in the agriculture sector is wheat farming, producing 

staple foods for most of the world's growing population. Up-to-date and an accurate 

assessment of the spatial distribution of the wheat cultivation area is key information 

requested by all stakeholders, including consumers, wheat farmers, and policymakers. 

Timely evaluation with high accuracy is crucial for monitoring market prices, managing 

water resources, and aid supplies during the humanitarian food crisis. Optical and radar 

remote sensing data can help map crops, and this is made easier because of the availability 

of free remote sensing data such as Sentinel S-1 (launched by the European Space Agency 

(ESA) as part of the Copernicus programme). The advanced data collection capabilities of 

S-1 provide a unique chance to monitor different land cover types at temporal (twice-weekly 

to biweekly) and high spatial (20 m) resolutions. In this chapter, I have referred to a potential 

satellite-based monitoring system based on Sentinel-1 SAR images that can operate on 
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cropland land areas. Specifically, I examined the feasibility of the DInSAR technique for 

crop height monitoring over cropland area (Duxford), in the north-west of England. From 

this study, I found that it is possible to use Sentinel-1 SAR images to monitor crop height, 

albeit with the shortcomings noted by others (i.e., increasing standard error over agricultural 

and forest land because of the intermittent coherence (De Grandi et al., 2015). However, it 

is still the best option: firstly, because it is a new remote sensing dataset and secondly, and 

most importantly, this data is entirely free from cloud cover, which is problematic in other 

datasets because it negatively affects the detection of pixels in imagery related to agricultural 

areas, especially in the UK.  

There is a true potential for using this DInSAR technique and remote sensing data (MODIS 

dataset) to estimate the height of the crop and calculate the area of crop distribution. There 

is now actual possibility of monitoring the entire landscape of the cropland areas with 

measurements certainty that carries the direction of crop movement to be mapped throughout 

the area. Further work is needed. For instance, it can be seen the need for real observations 

(field observations with high accuracy) rather than only relying on the MODIS dataset to do 

the validation that will permit one to understand how / if errors are distributed through the 

use of DInSAR technique for processing farmland monitoring. Such understanding should 

help in advising how a synergistic monitoring system between strategically deployed 

ground-based observations and satellite (in locations where ambiguity and/or temporal 

decorrelation would limit the confidence in the measurements made) is appropriate to 

validate DInSAR ground measurements. Lessons learned from other Earth Observations 

validation campaigns will be invaluable here. Additionally, it can be expanded the 

geographical area to include different environmental and climate regimes) and monitor 

(barley, rapeseed, etc) using the DInSAR technique. Also, it can be recommended in the 

future using SLC (Single Look Complex) images more than GRD (Ground Range Detected), 

as the first is more accurate and has more information which provides more details about the 

study area.  
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Part 2: Predicting vegetation phenology in response to climate change in 

the UK using bioclimatic indices  

7.6 Introduction 

Phenology is the study of the timing of recurrent, cyclical biological and climatic events, 

such as hibernation, bird migration, leaf emergence, leaf fall, etc. What is more important 

and crucial to understand the impact of deciduous trees on view of other ecosystem 

components, in the context of carbon science, is the duration of the leaf-on period and the 

timing of emergence of leaves: vegetation flowering dates and fruit production are an 

important constraint on the temporal behaviour of fruit-eating wildlife, for example. In 

agricultural practices is phenology is also essential as certain management practices are only 

applied at particular phenological stages of crop development. Because of plant phenology 

reaction to a warmer climate, where leaf emergence happens earlier, and leaf all happens 

later due to milder winters, it is important to monitor phenology. 

Historically, researchers have documented budburst, breeding times, flowering date and leaf 

fall, etc. for individual species. The USA’s phenology network or efforts such as the UK’s 

Nature Calendar depend on meticulous observation of the events of phenology by dedicated 

researchers and members of the public. While these efforts are invaluable, and often allow 

the data series to go back in the past, they tend to observe only a handful of species on a 

limited geographical scale. Broadly, the indices of vegetation, such as NDVI or EVI, respond 

to the amount of vegetation within the scene, and typical temporal trajectories can be used 

to monitor the temporal development of vegetation and can be related to the measurements 

of phenology in the ground. 

In this chapter, I used the GSI developed phenology model and apply it to the 17-year 

baseline period (2001-2017) as well as to predictions over future and past time periods. Here, 

I run the GSI developed model using regional climate model datasets to predict the GSI 

values for the whole period 1951–2098 (148 years) and for different selected periods: 1951-

2000 (the ‘past’), 2001-2017, 2018-2050 (‘near future’) and 2051-2098 (‘far future’). I used 

the NDVI Moderate Imaging Resolution Spectroradiometer (MODIS) dataset, available 

until 2017, and selected the study period of 2001-2017 in order to cover the commonly 

available climate and satellite data for the baseline period. The NDVI derived from satellite 



Chapter 7. Future vegetation monitoring technology and UK phenology prediction  
 

 

169 

images is taken every 16 days, resulting in 23 data points per year. Further detail on the 

datasets and how they were used can be found in Appendix A. 

Then the linear regression model was used for predicting the NDVI values for the period 

before 2001 (1951-2000) and the periods after 2017 (2018-2098). This sort of predictive 

analysis is vital in light of accelerated climate change, particularly in the area such UK (the 

environment and climate of the UK are described in Chapter 2, Section 3.1.2).  

The objective of this study is to predict future phenological changes in the UK, which has a 

climate regime that is markedly different from semi-arid regions such as Iraq. The 

applicability of the modified GSI model has been shown to work in semi-arid areas, and this 

chapter will show how the model can also be applied to temperate regions, such as the UK, 

as well. 

The GSI model performs well in predicting future phenological changes in the study region. 

The predicted Normalized Difference Vegetation Index (NDVI) will test the correlation with 

future changes in GSI and will show the trend from 1951-2098 in the study area. 

Additionally, the Effective Growing Season Length (EGSL) will be calculated to determine 

the decadal cycle in climate change scenarios. This will subsequently be employed to predict 

global vegetation phenology. Finally, the 148-year (1951-2098) regional phenological 

results are presented. Observed and predicted NDVI and GSI are evaluated, and 

subsequently, a thematic discussion assesses the robustness of the methodology and dataset. 

 

7.7 Datasets 

7.7.1 Observed and climate datasets 

Because this chapter uses four different datasets, I will briefly describe them here (more 

detail can be found in Chapter 3 (Sections 3.4.4, and 3.4.2). The UK study area described in 

Chapter 3 (Section 3.1.2) is used in this study. The Centre of Ecology & Hydrology Gridded 

Estimates of Areal Rainfall (CEH_GEAR) data covering the study area for the period 1950–

2014 were adopted as the observed data.  

In addition, the Climate Hydrology and Ecology research Support System meteorology 

(CHESS-met) temperature data at 1-km spatial resolution, for the period 1961-2015 were 

adopted for the observed temperature dataset. The CHESS temperature data were used to 

bias-correct the climate temperature variable (Appendix G, Section G.1) and the rainfall 
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(Appendix G, Section G.2). However, the climate temperature data provided by the 

HadRM3-PPE-UK model with 25 km spatial were bias corrected for the far future based on 

the period 1985-2014. The study area is covered with multi 25-km grids of the climate grids.  

The gridded daily specific humidity, air temperature and air pressure data for the UK 

provided by the CHESS-met dataset at 1 km spatial resolution (1961-2015) are used in this 

thesis as well. These variables were used because the relative humidity needed for the 

phenological model is not available as part of CHESS-met. However, it is possible to 

calculate it from the variables that are available: air temperature (tas), specific humidity 

(huss), and air pressure (psurf). Details of the calculation are shown in this Chapter (Section 

7.8.3). 

 

7.7.2 Observed satellite dataset 

The monthly mean Normalized Difference Vegetation Index (NDVI) dataset was collected 

from the Moderate Resolution Imaging Spectroradiometer (MODIS) and was downloaded 

from NASA’s Land Processes Distributed Active Archive Centre (LP DAAC). More details 

on the NDVI dataset can be found in Section 3.2.1 (Chapter 3). A 17-year span of MODIS 

vegetation indices was chosen due to the fact that UK’s vegetation is highly dynamic. More 

details, including the structure and the quality assessment of this dataset, can found in 

Appendix A (Section A.1). 

 

7.8 Methodology  

7.8.1 Phenology Model  

The GSI (Growing Season Index) by Jolly et al. (2005) analyses vegetation state using three 

main climatic engines that serve as an alternative to the basic controls in vegetation 

phenology: minimum temperatures, vapour pressure deficit, and photoperiod. In Daham et 

al. (2018a), I modified the GSI model by adding a new climatic variable (precipitation). 

Details of the modified GSI model and four variables used (minimum temperature, water 

vapour pressure deficit (VPD), day length (photoperiod) and daily total precipitation can be 

found in Section 7.8.4; discussion of the Antecedent Precipitation Index (API) and 

computations used can be found in Section 7.8.3. This modified model can be further 

developed to predict future phenological responses to changing climatic conditions, as well 

as to reconstruct historical vegetation conditions. To predict future and historical 
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phenological changes, I first developed the modified GSI model using the baseline period 

(2001-2017), then used this developed model to predict values in the future using a linear 

regression model, applying it at whole second study area (UK). The quality assessment of 

the MODIS NDVI satellite observation data was carried out as in Daham et al. (2018a) for 

the period 2001-2017. As the threshold varies from region to region, I discussed the 

justification of selected threshold limits in the next section. 

 

7.8.2 Justification and selection of threshold limits for GSI indices  

Figure 7.10 shows the ratio difference (error analysis) between the modified GSI and 

observed NDVI values for different threshold limits (as shown in Table 7.5). The improved 

GSI data was selected by analyzing nine different threshold limits for all four parameters 

including minimum temperature, vapour pressure deficit, photoperiod, and precipitation. 

Results were obtained for the whole study area, the UK, for the average duration of 17 years. 

The model parameters’ threshold limit options were chosen based on literature research and 

assumptions of phenological activity and environmental conditions. 

In order to integrate a range of vegetation types, the range for minimum temperature limits 

used is between -6 ≤Tmin≤ -2, which is applicable to the study area. The vapor pressure 

deficit limits range was chosen based on the data reported by White et al. (2001), which 

states that the range of 900 ≤VPD≤ 4100 is adequate to cause stomatal closure. Additionally, 

an assumption was made in choosing the range for the photoperiods, where a 7-hour 

photoperiod is assumed for canopy limitation and an 11-hour photoperiod for canopy 

development. As for precipitation, the minimum value is fixed at 0 mm, and the maximum 

value is taken in the range of 2-15mm, based on the rainfall characteristics in the study 

region. Using the trial and error method, the designated threshold limits were chosen based 

on the least ratio differences from the results. The ratio difference (Sdiff) was acquired from 

the formula (the absolute value is used instead of a mean square error or R^2 so that the 

result is more robust to outliers), defined as Equation 5.15 that is described in Section 5.11, 

Chapter 5. 

where GSIi is the modified growing season index for the ith GSI value, and NDVIi is the 

modified growing season index for the ith NDVI value. The results indicate that the threshold 

limit option 8 has the least ratio difference between the modified GSI data and the observed 

NDVI data over the whole study area. It was also shown that the threshold limit option with 
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smaller values (options 1, 2 and 3), in all the parameters result in significantly higher ratio 

deviation between the modified GSI and the observed NDVI data (as shown in Figure 7.10). 

Then followed by (options 4, 5 and 6) which have the larger threshold limit values, they have 

a slightly higher difference between the GSI and observed NDVI data in comparison with 

option8. On the contrary, options 9 still have a slightly higher difference between the GSI 

and observed NDVI data in comparison with option8 as it has a little higher threshold limit 

value for precipitation more than option 8.  

Additionally, another method to select threshold limits was employed – measuring the 

correlation coefficient between the GSI and NDVI values, to measure the degree in which 

the values of GSI and NDVI change compared to each another. In other words, the 

correlation coefficient demonstrates how strong the two variables are associated with each 

other. This is analyzed using Equation 5.16 (see Section 5.11, Chapter 5). 

Figure 7.11 and Table 7.7 show the correlation coefficients of the explored threshold limit 

options. Note that the correlation coefficients of the measured values are expressed as values 

between +1 (positively correlated) and 0. Similar to the observation in the former method 

(trial and error), the results in Figure 7.11 indicate that the threshold limit option 8 has the 

highest correlation coefficient between the modified GSI data and the observed NDVI data 

compared with the other options. It is reassuring that both the ratio error method and the 

correlation method agree with each other, therefore either can be used in other studies. 

Hence, it can be concluded that option 8 threshold limits are the best-fit model between the 

modified GSI and the observed NDVI data, providing the least ratio error among all the 

options (as shown in Table 7.6 and Table 7.7) and the highest correlation coefficient (as 

shown in Figure 7.11). Due to the restrictions in time and resources, only a limited number 

of options have been explored in this study, and better threshold limits could be achieved 

with more options explored in the future (e.g., through a more detailed sensitivity analysis). 
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Parameters 

of modified 

GSI model 

Threshold Limits of parameters  
Lower 

and 

upper 

Limits 

Option1 Option2 Option3 Option4 Option5 Option6 Option7 Option8 Option9 

Minimum 

Temperature 

(°C) 

Minimum -6 -4 -2 0 0 0 0 -2 -2 

Maximum 2 3 5 10 15 20 25 5 5 

Vapour 

Pressure 

Deficit (Pa) 

Minimum 1400 1000 900 500 250 125 100 900 900 

Maximum 3100 3600 4100 4700 5000 5350 6000 4100 4100 

Photoperiod 

(hr) 

Minimum 10 10 10 10 10 10 10 7 7 

Maximum 11 11 11 11 11 11 11 9 9 

Precipitation 

(mm) 

Minimum 0 0 0 0 0 0 0 0 0 

Maximum 2 3 7 8 9 10 15 7 10 

Threshold limits options 
Ratio difference between modified GSI and 

observed NDVI values 

Threshold limits option1 0.4501 

Threshold limits option2 0.3782 

Threshold limits option3 0.2641 

Threshold limits option4 0.1564 

Threshold limits option5 0.1970 

Threshold limits option6 0.1624 

Threshold limits option7 0.0756 

Threshold limits option8 0.0391 

Threshold limits option9 0.1245 

Table 7.5 Selection of different threshold limits for the parameter model. 

Table 7.6 Ratio difference between modified GSI and observed NDVI values for all 

threshold limits options, for whole study area (UK). 
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Study 

Area 

UK 

Correlation coefficients (r) 
Threshold 

limits1 

Threshold 

limits2 

Threshold 

limits3 

Threshold 

limits4 

Threshold 

limits5 

Threshold 

limits6 

Threshold 

limits7 

Threshold 

limits8 

Threshold 

limits9 

2001 0.679258 0.705376 0.79242 0.801053 0.792420 0.792196 0.791859 0.879852 0.859852 

2002 0.770678 0.771964 0.857609 0.865419 0.857609 0.857508 0.857367 0.864173 0.800000 

2003 0.759286 0.761742 0.886576 0.88756 0.886576 0.886227 0.885690 0.893654 0.853654 

2004 0.807529 0.819108 0.895753 0.905547 0.895753 0.895569 0.895286 0.890219 0.830219 

2005 0.697366 0.706134 0.778842 0.784840 0.778842 0.778703 0.778490 0.769239 0.649239 

2006 0.652272 0.678742 0.795588 0.813712 0.795588 0.795155 0.794487 0.829712 0.809712 

2007 0.738597 0.760349 0.786909 0.800213 0.786909 0.786806 0.786706 0.787221 0.707221 

2008 0.786253 0.793074 0.855488 0.870690 0.855488 0.855294 0.854997 0.867955 0.827955 

2009 0.722603 0.722606 0.849423 0.855251 0.849423 0.849428 0.849434 0.831484 0.801484 

2010 0.634497 0.634497 0.811571 0.810384 0.811571 0.811605 0.811652 0.827161 0.807161 

2011 0.732709 0.743426 0.803541 0.819442 0.805889 0.805654 0.805303 0.879200 0.819200 

2012 0.795153 0.799930 0.847947 0.866350 0.847947 0.847566 0.846983 0.864116 0.844116 

2013 0.702535 0.718232 0.793723 0.807274 0.793723 0.793421 0.792958 0.804180 0.800000 

2014 0.701209 0.705384 0.833651 0.840484 0.833651 0.833649 0.833669 0.843344 0.773344 

2015 0.742952 0.750010 0.834205 0.844925 0.834205 0.834046 0.833803 0.876634 0.846634 

2016 0.683841 0.702590 0.812934 0.817304 0.812934 0.812799 0.812593 0.867056 0.827056 

2017 0.686690 0.687335 0.787697 0.795236 0.787697 0.787654 0.787595 0.812462 0.800462 

Avg. 0.723143 0.732970 0.824934 0.834452 0.825072 0.824899 0.824640 0.846333 0.803371 

Table 7.7 Correlation coefficients between modified GSI and observed NDVI values for 

all threshold limits options, for whole study area (UK). 
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Figure 7.10 Ratio difference between modified GSI and observed NDVI values for all 

threshold limits options, for the whole study area (UK). 
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Finally, I needed to ensure the selection of appropriate threshold limits of the GSI model 

before applying it to a study area like the UK. I took each option and has been tested on the 

one hand and the installation of three parameters and the work of one parameter on the 

decreasing and increasing it and making sure of its effect as shown in the tables attached in 

the (Appendix H). In the end, it can be concluded that the best option was option 8, which 

corresponded with the evidence above. Figure 7.12 graphically displays the threshold limits 

for the four indicators used in the application of the modified GSI model in the UK. 
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Figure 7.11 Correlation coefficients between modified GSI and observed NDVI values 

for all threshold limits options, for the whole study area. 
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Figure 7.12 Graphic representation of minimum temperature (iTMin), vapour pressure deficit 

(iVPD), photoperiod (iPhoto), and precipitation (iPrecip) indicator functions used to predict 

foliar phenology. For each variable, threshold limits are defined, between which the relative 

constraint on phenology is assumed to vary linearly from inactive (0) to unconstrained (1). 

https://tonyladson.wordpress.com/tag/antecedent-precipitation-index/
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7.8.3 Calculation Antecedent Precipitation Index (API) 

The Antecedent Precipitation Index (API) is an indicator of moisture stored inside the 

drainage basin before the storm. It is a weighted summation of daily precipitation amounts, 

used as an indicator of soil moisture. Koehler & Linsley, (1951) and Ali, Ghosh, & Singh, 

(2010) defined API as: 

 

𝐴𝑃𝐼𝑡= ∑ 𝑃𝑡

−𝑖

𝑡=−1

×𝐾−𝑡                                                                                                                                 (7.5)      

 

where i is the considered number of antecedent days, 𝐾 is the decay constant; and 𝑃𝑡 is the 

rainfall during day t [L]. Equation (7.5) is also known as the “retained rainfall” model (Singh, 

1989). The value of i is usually taken as 5, 7 or 14 days (Lewis, Singer, Tate, & Conservation, 

2000; Patra, 2001). The value of 𝐾 ranges between 0.80 and 0.98 (Viessman & Lewis, 1996). 

By employing the API for event-based rainfall, a number of investigators (Sittner et al., 

1969; Garg, 1987; Rose, 1998; Descroix et al., 2002) simulated runoff yields and 

streamflow. Several researchers (e.g., Dawson & Abrahart, 2007) reported improved results 

of streamflow and runoff estimation by using the Artificial Neural Network (ANN) model 

structured with API. As the API is a simple number derived from rainfall depth, it lacks 

regional meaning. Xia et al. (1997) suggested that the API can enhance the efficiency of a 

nonlinear forecasting model by the level of analytical sophistication. In this section, I 

calculated the API for 5, 7, 14, 30, 45, 60, and 90 days as shown in Figure 7.13. Additionally, 

I applied total running precipitation 45 days techniques and obtained the same results when 

I used this index as input in the developed phenological GSI model, for prediction seasonal 

index values for precipitation.  

 

 

 

 

 

 

 

https://tonyladson.wordpress.com/tag/antecedent-precipitation-index/
https://tonyladson.wordpress.com/tag/antecedent-precipitation-index/
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Figure 7.13 Calculated Antecedent Precipitation Index (API) using the considered number 

of antecedent 5, 7, 14, 30,45, 60, and 90 days.  
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7.8.4 Calculation of indices (VPD and photoperiod) 

Intra-annual variability is best expressed over a calendar year because the peak vegetation 

activity in the UK is in June. Only average temperature, minimum temperature, and 

maximum temperature were required. Daily VPDs are estimated for the whole study area as 

the difference between saturation vapour pressure (es) and actual vapour pressure (ea), 

estimated using minimum and maximum temperature, respectively, with a standard 

relationship between temperature and vapour pressure (Allen et al., 1998b, 1998c; Campbell 

and Norman, 1998) as shown in Chapter 5.  

The daily photoperiod is estimated using site latitude and year day (Evapotranspiration, 

1998, Mott and Parkhurst, 1991). The details of the equations used to calculate vapour 

pressure deficit and photoperiod for the periods that I selected [1951-2000 (the ‘past’), 2001-

2017 (the ‘baseline’), 2018-2050 (‘near future’) and 2051-2098 (‘far future’)] are described 

in Chapter 5.  

 

7.8.5 Calculation of observed relative humidity  

In this section, I calculated the relative humidity as it is not available as part of CHESS-met. 

It is possible to calculate it from the variables that are available: air temperature (tas), specific 

humidity (huss), and air pressure (psurf). The current version of the CHESS dataset is 

available through a web interface https://catalogue.ceh.ac.uk/documents/b745e7b1-626c-

4ccc-ac27-56582e77b900.  

The relative humidity (Equation 7.8) is the ratio of specific humidity and saturated specific 

humidity, 𝑞𝑠 (Robinson et al., 2017). I used Equation 7.6 to calculate saturated specific 

humidity as a function of saturated vapour pressure and air pressure (psurf). Saturated vapour 

is given in Equation 7.7 as a function of air temperature (tas) (Robinson et al., 2017). 

  

𝑞𝑎 =
𝜖𝑎

𝑃∗ − (1 − 𝜖)𝑒
                                                                                                                       (7.6) 

 

where e is the vapour pressure (Pa) and 𝜖 = 0.622 is the mass ratio of water to dry air (Gill, 

1982). The air pressure, 𝑃∗, in this calculation was supposed to have a constant value of 100 

000 Pa because this was prescribed in the computer code. 

https://catalogue.ceh.ac.uk/documents/b745e7b1-626c-4ccc-ac27-56582e77b900
https://catalogue.ceh.ac.uk/documents/b745e7b1-626c-4ccc-ac27-56582e77b900
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It may seem to be better to use varying air pressure, as calculated in Robinson et al. 2017, 

however this makes a little difference (only a few percentage points) to the calculated 

specific humidity, and to the PET and PETI calculated in Robinson et al. 2017, and a 

constant 𝑃∗ was retained. 

The saturated specific humidity, qs (kg kg-1), is calculated from saturated vapour pressure, 

es (Pa), using Equation (7.6). The saturated vapour pressure is calculated using an empirical 

fit to air temperature. 

 

𝑒 𝑠 = 𝑃𝑆𝑃  𝑒𝑥𝑝 (∑ 𝑎𝑖  (1 −
𝑇𝑠𝑝

𝑇𝑎
 )

𝑖
4
𝑖=1 )                                                                                                            (7.7) 

 

where psp =101 325 Pa is the steam point pressure, Tsp =373.15K is the steam point 

temperature and a = (13.3185, -1.9760, -0.6445, -0.1299) are empirical coefficients 

(Richards, 1971). The derivative of the saturated specific humidity with respect to 

temperature, ∆ (kg kg-1 K-1), is therefore relative humidity is calculated from the specific 

humidity using: 

 

𝑅𝐻 =  
𝑞𝑎

𝑞𝑠
                                                                                                                                          (7.8)                                                   

 

7.8.6 Calculation Weather-Driven Effective Growing Season Length (EGSL)  

There are a number of factors including temperature, precipitation and photoperiod, that 

influence the growing season length in any given region. Changes in any of these variables 

will impact the vegetation, either negatively or positively (EPA 2016). While some areas 

may benefit from climate warming, most regions will be negatively impacted with an 

increase in invasive species, increased demand for irrigation and an increase in pests, as well 

as change ecosystems as noted in EPA (2016). In light of these impacts of the changing 

climate, understanding and predicting effective growing seasons is vital for government 

policymakers and NGOs to be able to formulate mitigation strategies. 

In this chapter, I used regional climate model data to estimate the EGSL for each year over 

the period of record (1951- 2098) for the whole study area. EGSL is calculated by annually 

summing daily growth indicators that are the product of minimum temperature, vapour 

pressure deficit, photoperiod and precipitation (Jolly and Dobbertin, 2005). These 
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parameters define the relative daily limitations of temperature and evaporative demand on 

vegetative physiological processes (Daham et al., 2018a). EGSL can be reduced as a result 

of colder temperatures or drought. 

 

7.8.7 Modified GSI model development (Linear Regression Model)  

I developed the modified GSI model on the baseline period (2001-2017), then used the 

modified GSI model to predict GSI values for the future (near future (2018-2050) and far 

future (2051-2098)) using a linear regression model in order to predict future phenological 

responses to changing climatic conditions and to reconstruct historical vegetation conditions. 

I also calculated the GSI values for the period before 2001 (the past: 1950-2001). 

Comparisons between the observations of NDVI and the predicted GSI values were carried 

over the baseline period (2001-2017).   

Linear Regression Model 

Figures 7.14 and 7.15 show the developed modified GSI model used on the baseline period 

(2001-2017) and for predicting GSI values in the future and the past using linear regression. 

Comparisons between the observations of NDVI and the predicted GSI values were carried 

over the baseline period (2001-2017). 

Figure 7.14 A sample graph for the whole study area (UK), presenting the change in 

GSI values against MODIS NDVI values (monthly time series for the baseline period 

(2001-2017)), and the ‘best fit’ line is drawn across (204 points).  
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(a) 

(b) 

Figure 7.15 (a) presenting the observed NDVI and modelled GSI values, (b) displaying 

the average observed and modelled NDVI values, (c) showing the predicted GSI values 

and observed NDVI values, and (d) display modelled NDVI and GSI value, for sub-

monthly time series for the baseline period (2001-2017) for the whole UK.  
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Figure 7.15 (continued) 

 

 

 

 

 

(c) 

(d) 
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7.9 Results  

As discussed in Chapter 5, the modified GSI model was shown firstly to be effective in 

predicting greenness against the NDVI (with a high correlation) (Daham et al., 2018a), and 

in Chapter 6 I tested it against different time frames, for the region of Iraq. Here I tested it 

again, in the UK, with a different climate regime, using the regional climate model dataset 

for the whole of UK, as shown in Figures 7.17. As before, I used averages to summarise 

some individual yearly results for the baseline period to reduce the number of graphs needed 

(see Appendix I). NDVI values were predicted, using the GSI values (as shown in Figure 

7.18), applying the developed modified GSI model (as shown in Figure 7.19) for the same 

time periods. Finally, I calculated the Weather-Driven Effective Growing Season Estimates 

(EGSL) for the whole of the UK to highlight the multi-decadal cycles in the results (See 

Figure 7.20). The results will now be discussed in more detail. 

 

7.9.1 Comparison between the modified GSI model and the phenological observations 

(NDVI) for the selected ‘baseline’ period (2001-2017) for the UK 

The prediction capabilities of the modified GSI model were compared against the known 

data values of the NDVI for the period 2001-2017 (‘the baseline’) in order to test the model’s 

robustness, following the same steps as outlined in Chapter 6. Following the methodology 

in Chapter 6, I compared the 16-day mean of developed modified GSI with each NDVI point 

for 2001-2017 (the ‘baseline’), then computed the correlation coefficient between GSI 

values and NDVI values for the baseline period for the developed modified GSI model 

before and after modification (adding precipitation as an index after modification as 

mentioned in Daham et al. (2018a)) and compared them as shown in Figure 7.16. All 

correlations were significant (P value < 0.001), and I found that correlations were better with 

the Iraq region than with the UK when precipitation was added.  

The GSI-predicted canopy dynamics correspond well with satellite-derived NDVI with a 

correlation coefficient over the baseline period (further details can be found in Appendix J). 

The results indicate that the model is robust but not to the same extent as with Iraq. I also 

found that the correlation between the predicted NDVI and predicted GSI values for the 

other periods (past, near future and far future) were also significant. 
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7.9.2 Application and comparison of the developed modified GSI model of the whole 

study area (UK)  

Next, the developed modified GSI model was applied over the whole study region (UK) and 

estimated modified GSI values for the whole time period (1951-2098) and each selected time 

period and compared the simulations. Following the same logical steps as described in 

Chapter 6, model simulations were performed daily from 1951 to 2098. Similarly, to my 

(b) 

(a) 

Figure 7.16 Box-whisker plot of correlations between composite period NDVI values and 

modified modelled GSI values over seventeen years (2001-2017) for the whole second study 

area (UK). All correlations were significant (P value < 0.001). The extent of the y-axis is 

presented in both (a) and (b) to showing the correlations in clearer. 
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results for Iraq, I again could predict the intra-annual vegetation dynamics across UK for the 

entire period (1951-2098) using the Regional Climate Data (RCM) dataset. I then tested the 

whether the modified GSI model could predict phenological changes using climate change 

scenarios datasets for the whole period (1951-2098) and for the different periods. The 

developed modified GSI model performed well. In Figure 7.17(a)-7.17(d), averages were 

used to summarise some individual yearly results for each period. The trend for predicted 

phenological GSI values goes down slightly for the whole study period 1951-2098 and for 

other selected periods as shown in Figure 7.19(a)-7.19(e). 

Then I predicted the NDVI values using the GSI values derived for the whole of the UK over 

the four selected different time periods (Figure 7.19(a)-7.19(e)). I found, as I did with the 

2001-2017 time span (Chapter 6), that there is a maximum peak in June, July, August, and 

September for both the modified GSI and NDVI (Figure 7.18(a)-7.18(d)), indicating the apex 

of the flowering season.  

In Figure 7.18(a), which shows the UK region for a fifty-year average (1951-2000 – the 

‘past’), it can be observed a peak in the modified GSI and NDVI from May through 

September (picking up the dominant vegetation signal), which makes sense given that this 

is the peak flowering season, following the rainy winter months of December to February in 

the UK. It also can be noted that there are fluctuations in the predictive power of the modified 

GSI model at the beginning of the year starting from January until March. Predictive power 

is high from May to September because during these periods vegetation growth is primarily 

driven by the persistent precipitation that falls during the winter and spring months (the 

response time between vegetation and precipitation is around 45 days to two months). In the 

summer and autumn months, vegetation is responding to more sudden or erratic rainfall 

events, which the modified GSI model captures. These patterns are consistent for all years 

across the entire study period as shown in Figure 7.19(b), but there are some differences 

because of the natural variability of precipitation, VPD, and temperature. Also, it is crucial 

to note the range of NDVI values from a minimum of 0.35 to a maximum of 0.75. While the 

range values of predicted modified GSI values from 0.15 as a minimum approximately and 

1 as a maximum as I defined the threshold limits previously, between which the relative 

limitations on phenology is assumed to vary linearly from inactive (0) to unconstrained (1). 
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Figure 7.17 The predicted seasonal index values for minimum temperature, vapour pressure deficit, 

precipitation and photoperiod for whole study area (UK), showing the seasonal limits of each variable for 

(a), 50-year average, for the period 1951-2000 (the ‘past’), (b), 17-year average, for the period 2001-2017 

(the ‘baseline’), (c), 33-year average, for the period 2018-2050 (‘near future’), (d), 48-year average, for the 

period 2051-2098 (‘far future’). Indices are presented as a 21-day running average to depict seasonal 

trends better. 

 

(a) (b) 

(d) (c) 
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In Figure 7.18(b), which displays the UK region for a seventeen-year average (2001-2017, 

the ‘baseline’), it can be seen the predictable NDVI in May through until September. There 

is a drop in prediction at the beginning of November until the end of December, followed by 

a sharp increase in January; the predictive power slowly decreases again until February, with 

a subsequent rise at the mid of April. This rise continues at the same level until mid-

November. The fluctuations are occurring from the beginning of January until the beginning 

of March result from the fact that plant growth is driven by persistent precipitation, with rain 

falling even during the summer months. The modified GSI model and NDVI for the UK are 

generally consistent for all years across the entire study period (as shown in Figure 7.19(c)), 

although some slight differences are resulting from the natural variability of rainfall and 

temperature. The trend for this period also goes down slowly, which could mean that there 

is a slight drop in the vegetation over this period. 

In Figure 7.18(c), depicting the UK region for a thirty three-year average (2018-2050, the 

‘near future’), it can be observed an approximately similar profile of predictable NDVI to 

the baseline period, with some differences. Firstly, the predictability reaches a maximum 

from mid-May and continues until the beginning of October. Secondly, and the NDVI values 

range from around 0.35 (minimum) to circa 0.68 (maximum). Thirdly, there is a slight shift 

between predicted GSI and NDVI values around 15 days. This shift due to differences in 

temperature and precipitation over the years of this period and therefore the result of different 

vapour pressure deficits and this cycle affects the effectiveness of vegetation growth. The 

patterns for this period also are consistent for all years across the entire study period (as 

shown in Figure 7.19(c)).  

It can be seen a similar trend (as for a near future period) for the UK for the 48-year average 

(2051-2098, the ‘far future’) (Figure 7.18(d)). However, there are few fluctuations in the 

predictability during January, and there is a peak of vegetation starting from May continuing 

until mid-September. During January, February and mid-December, there is a smaller 

response, which the modified GSI model is not able to capture. In Figure 7.19(d), it can be 

seen that the pattern for this period is similar for all years across the entire period. 
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(a) (b) 

(c) (d) 

Figure 7.18 A comparison of seasonal variation in the modified modelled Growing Season Index (GSI) 

with the predicted Normalized Difference Vegetation Index (NDVI) at whole second study area UK (a), 

for a 50-year average, for the period 1951-2000 (the ‘past’) (b), for a 17-year average, for the period 

2001-2017 (the ‘baseline’) (c), for a 33-year average, for the period 2018-2050 (the ‘near future’) (d) for 

a 48-year average, for the period 2051-2098 (the ‘far future’). 
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When viewed over time, it can be seen that the lower temperatures in the past are lower in 

comparison to those of the baseline period and temperatures in the far future are higher than 

temperatures in the past and near future. There is a tendency for temperatures to rise in the 

far future. High temperatures can cause vapour pressure deficit in all periods. However, 

future vegetation growth will be not be very negatively influenced because there is no 

significant drop in precipitation in the far future. It is also vital to note that the shift in the 

whole study area (UK) over a baseline period. Shifting seasons are directly related to warmer 

global temperatures. A slight rise in temperature is enough to push spring forward and 

causing the autumn season to start later, resulting in vegetation blooming earlier. In all 

periods, it can be seen that the modified GSI-predicted canopy dynamic appears to 

correspond well with satellite-derived NDVI. 
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(a) 

Figure 7.19 A comparison of yearly variation in the developed modified modelled Growing Season Index 

(Predicted GSI) with the Normalized Difference Vegetation Index (predicted NDVI) at whole second 

study area UK for (a): a 50-year for the period 1951-2000 (the ‘past’), (b): a 17-year for the period 2001-

2017 (the ‘baseline’), (c): a 33-year for the period 2018-2050 (‘near future’), (d): a 48-year for the period 

2051-2098 (‘far future’), and (e): a whole period a 148-year for the period (1951-2098). 
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Figure 7.19 (continued) 
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Figure 7.19 (continued) 
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Figure 7.19 (continued) 
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Figure 7.19 (continued) 

 

 

7.9.3 Weather-Driven Effective Growing Season Length (EGSL) estimates 

I used regional climate data to estimate the EGSL for each year over the whole period (1951–

2098) for the whole study area (UK). EGSL is calculated by aggregating daily growth 

indicators annually resulting from low temperatures and high evaporative demand limits (as 

shown in Chapter 6). These indicators describe the relative daily constraints of evaporative 

demand and temperature on plant physiological processes, cold temperatures and drought 

that can reduce EGSL (Daham et al., 2018a). Figure 7.20 represents the yearly EGSL for the 

(e) 
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whole study area and for the entire period (1951-2098). The EGSL fluctuates steadily in the 

climate change scenarios over the whole period; however, generally, there is a downward 

trend for EGSL. It is imperative for policymakers and planners to study EGSL variability 

over the long term as it enables them to make decisions and implement strategies for a range 

of sectors, including water resources, energy, agriculture, biodiversity, and infrastructure. 

In Figure 7.20, residual density estimates are also represented as histograms and trends for 

EGSL over the whole study area. The linear trends of EGSL go down slightly for the period 

1951-2098. This means that the number of green days will only increase slightly, despite 

climate change. Additionally, the UK will experience more extreme weather events due to 

climate change, thus it is important to understand long term changes and how these will 

impact growing seasons and vegetation.  

 

 

 

 

 

 

 

 

 

 

 

  

 

 

 

 

Figure 7.20 The effective growing season lengths (EGSL) for the whole second study 

area the United Kingdom, showing the yearly EGSL, residual density, and the trend of 

EGSL for the whole period (1951-2098).  
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Figure 7.20 (continued) 

 
 

7.10 Discussion  

Here I tested the developed phenological GSI model, presented in Chapter 6, in terms of the 

model’s capability in predicting past and future phenological dynamics in the United 

Kingdom using climate change scenarios datasets for the period ranging from 1951 to 2098. 

I tested the robustness of the modified GSI model by comparing its predictions against the 

NDVI dataset for the date range 2001-2017 (the ‘baseline’) and found significant results. I 

then used the developed modified GSI model’s predicted values for the whole period (1951-

2098) and the different time periods to predict the NDVI using a linear regression model. 

The GSI values were predicted using climate change scenarios datasets for the period 1951-

2098. 

After testing the model for the baseline period (2001-2017) and finding that all correlations 

were significant (as shown in Figure 7.16), the developed GSI phenology model was applied 

for the whole of UK over the whole time period (1951-2098) and each selected time period 

(50-year (the ‘past’), 17-year (the ‘baseline’), 33-year (‘near future’), and 48-year (‘far 

future’)), as shown in Figure 7.17(a)-7.17(d).  

When observed changes in the canopy were evident, the developed GSI phenology model 

predicts the suitable conditions. VPD was very low in summer and the early growing season 
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as well; photoperiods were long during the summer; precipitation was very high during 

winter, and canopy changes were observed. These trends occur in all study time periods. 

When summer temperatures were low, VPD was also low, and vegetation changes were 

observed clearly. Similar observations were made over the individual time periods. This 

indicates that the selected model variables are adequate for this region. Season and rainfall 

indices were created for the baseline period (2001-2017), and results explained in details 

(Sections 7.9.1 and 7.9.2). 

Figure 7.17(a) shows the seasonal index for the 50-year average (1951-2000, the ‘past’) for 

the UK. The rainfall index is very high during the winter and in the summer as well. During 

the winter months, this period is characterised by lower temperatures (than present), which 

in turn leads to a lower evaporation rate. I have similar interpretations in the other periods: 

baseline, near future, and far future. Additionally, the level of precipitation during this period 

was much higher, and it can be observed the same results compared to other periods. This 

disparity in quantities of precipitation, temperatures, and VPD over the time period indicates 

a clear change in the climate across the whole study area. Figure 7.17(c)-7.17(d) represent 

the seasonal index for the four variables for the past, baseline, near future and far future 

periods respectively. Again, the VPD index distribution is very low in the summer and the 

winter as well, resulting from respectively lower and higher temperatures. 

Figure 7.17(b) represents the seasonal index for the four variables for a 17-year average 

(2001-2017, the ‘baseline’) for the UK. It can be observed that the distribution of the rainfall 

index is very high in the winter months and high in the summer months as well. When 

looking at the indices for individual years, it can be found small anomalous cases, such as 

sudden slight drops in the amount of rainfall during the winter months. For example, there 

was a slight drop in the precipitation index in the months of January and February and 

December in different years within the study period baseline (2001-2017) and other selected 

time periods. This decline is not expected during winter months, especially in the UK region, 

which is an area of heavy precipitation. However, these anomalies are not large and can be 

explained by the natural variability of weather and precipitation from one year to another. 

Also, it can be seen that the regional climate data of precipitation for the UK (as shown in 

Figure 7.19(a)-7.19(e)), were generally very good and there are no real issues in using 

precipitation as an index (whether over the 17-year average or individual years). And it can 

be noticed that the resulting graphs were very clear, smooth, and reasonable. 
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Figure 7.17(c) displays the seasonal index for the four variables for a 33-year average (2018-

2050, ‘near future’) for the UK. The rainfall index is very high in the winter months and in 

the summer months as well during this period, while the VPD index is very low in the winter 

months and very low in the summer months as well. The distribution of the temperature 

index is the opposite. This rise in the temperature and VPD indices while precipitation is low 

can be observed across the UK and in the previous periods (past and baseline). It can be also 

observed the same results in the far future (Figure 7.17(d)), which represent the seasonal 

index for the four variables for a 48-year period average (2051-2098), with only one 

difference: the temperature is higher than the previous period (near future).  

The model displayed a good agreement between the observed (satellite) and predicted NDVI 

over the selected different periods. For this test, I followed the same steps as outlined in 

Chapter 6, by defining a threshold value (after testing several thresholds values for each 

variable as described in Appendix H), which represents a proportion of days within the 

smoothing window, wherein plant canopy conditions are suitable.  

Predicted vegetation values in the UK were consistently highly correlated with satellite data. 

This convergence in values might suggest that the threshold is suitable for the UK. It should 

be noted that this threshold value could vary from region to region (Jolly et al., 2005 and 

Daham et al., 2018a). I was able to improve the correlations between the modified GSI model 

predictions and NDVI observations at a regional scale (like the UK) after adding the 

precipitation as an indicator in the GSI model over the baseline period (2001-2017), as the 

MODIS NDVI is available just for this period (as showing in Figure 7.16).  

Also, it is worth mentioning that the improvement of correlations between GSI values before 

and after adding the precipitation as the fourth index in the GSI model for the UK were not 

as significant as in Iraq.  

The correlations are improved, as shown in Figure 7.16, but not by a large amount, this 

shows that precipitation plays a crucial role on vegetation in Iraq (see also Chapter 4 and 

Chapter 5). This is not to say that precipitation has no effect on vegetation in the UK. It 

should also be noted that because the UK is cloudy much of the time, SAR images are the 

best option to study its climate (as discussed earlier in this chapter), however, SAR images 

are limited as they are very recent in date, and so remains a dataset to use in the future when 

more images are collected.  
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I also predicted the NDVI indices using the modified GSI model values in order to better 

visualise the growing season over the UK and over the studied time span. The robustness of 

the model’s resulting values was already shown in Figure 7.18(a)-7.18(d), where I compared 

satellite-derived NDVI values with those derived from the model over the 17-year baseline 

period (2001-2017). I have also previously discussed the preference of using precipitation 

instead of VPD as an indicator of vegetation growth periods (Daham et al., 2018a). 

Figure 7.18(a)-7.18(d) graphically illustrate the peak growing seasons (peak greenness) in 

the UK over the four-time spans and showing the variations in the change of bioclimatic 

variables over all selected periods. In Figure 7.19(a)-7.19(e) it can be noted that the trend for 

the predicted NDVI over each period is decreasing but not extensively; however, this shows 

that climate change will have an impact on vegetation in the far future. Perhaps the most 

important finding from this analysis is that the growing seasons shift, especially in the far 

future: the spring thaw begins earlier in the year and the cooler temperatures and rainy 

seasons start later in the year, thus shifting and possibly shortening the growing season. This 

happens across the UK. For example, currently, the peak growing season is June/July. In the 

far future, this shifts back to May. The rainy season will be shorter, which in turn affects soil 

moisture and seed germination. 

I also calculated the EGSL for the UK over the whole time period (Figure 7.20). What I 

noticed is that while there is the year-to-year variation, overall, there is a little upward trend. 

In other words, the growing season across the region becomes slightly increasingly longer 

into the future.  

Winters will be shorter, spring will arrive earlier, and there will be fewer days with freezing 

temperatures. Seasons will shift. These changes are directly related to increased 

temperatures. These changes will affect many different biological cycles, such as when 

pollinators emerge or when flowers bloom. Changes in the timing of these events can have 

adverse effect on ecosystems: different flora and fauna are interdependent, relying on 

predetermined timings of flowering, pollination and so on, which in turn will impact the 

growing of crops for instance. There will also be other impacts, such as an increase in 

invasive plants and pests, and the ‘false spring’ more often experienced in late winter triggers 

too-early vegetation germination and budding, making plants vulnerable to later frosts 

(Schwartz et al., 2006, 2016). 
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Because of the risk to the agricultural sector in the UK due to a warming climate, shifting 

seasonality, increased numbers of invasive pests, to list a few, it is imperative that more 

studies are done in order to assess the magnitude of climate warming in this region and the 

likely impact it will have on vegetation in the future. An extensive review of the literature 

shows that there are no studies using the same or similar methods to this one. There are, 

however, studies that look at phenological changes in farming in the past and present, others 

using satellite images and a simple model, as well as a paper looking at historical 

phenological records to show how flowering times changed from the past (Sparks, Jeffree, 

& Jeffree, 2000; Sparks, Croxton, Collinson, & Taylor, 2005). While these papers come to 

similar results as I have in this thesis, the methods employed are not as robust or detailed. 

For instance, the paper using past phenological records (Sparks, Jeffree, & Jeffree, 2000) 

uses a dataset that is limited, both geographically and temporally. The paper comparing the 

simple phenological model compared with satellite imagery is also limited because (you 

need to add something here – I am assuming that the study is limited as the model is simple 

and does not consider various factors as you do, which makes the phenology model more 

robust, etc).  

 

7.11 Conclusions and remarks and recommendations for future  

I applied a developed phenology GSI model for the whole UK. I tested the model to 

demonstrate the model’s ability to predict future phenological change, the results show that 

the model is robust. The most important and interesting result of this analysis, especially for 

policymakers and others who will use this data, is that the growing seasons change, 

especially in the near and far future: the spring is arriving sooner in the year and the autumn 

is starting later because of climate change, thus shifting and possibly shortening the growing 

season. Even a small shift could disrupt the ecological cycles of many species. This happens 

across the UK and in all of the regions. For example, currently, the peak growing season is 

May-August. In the far future, this shifts back to April. The rainy season will be shorter, 

which in turn affects soil moisture and seed germination. This is further backed up by the 

results of the Effective Growing Season Length Estimates for UK over the whole time period 

(see Figure 7.20). What I found is that while there are year-to-year variations, overall, there 

is a little upward trend. In other words, the growing season across the region becomes 

increasingly shorter into the future. This will profoundly impact the agricultural sector in 
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UK in the near future. The parameters of model provided more information about UK 

vegetation. The model also provided EGSL estimates, which can be used to improve 

seasonal cycle expectations. 

Future research could include the following:  

1. Given that the GSI could be related to the current vegetation distributions across UK, what 

if I explored using GSI values to predict current vegetation distribution and then compared 

those predictions under future climate? I could show areas in UK where vegetation 

composition might be threatened by climate change. So, I would run GSI once with current 

climate conditions, develop relationships with vegetation distribution, run GSI with GCM 

data and look at potential vegetation shifts. 

2. In the future, it would be beneficial to apply the developed GSI model in the areas in the 

UK that are more susceptible to climate change or that have seen large changes in climate 

over recent decades. 

3. Future leaf and bloom dates for the UK could be used to compare with the developed GSI 

model results, to further test the robustness of this model.   
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CHAPTER 8 

 

 

 

COMPARISON OF PREDICTING VEGETATION 

PHENOLOGY CHANGES IN RESPONSE TO CLIMATE 

CHANGE USING DEVELOPED GSI PHENOLOGICAL 

MODEL BETWEEN IRAQ AND UK 

 

Phenology response to climatic variables is an essential indicator in understanding changes 

in biosphere processes related to potential climate change. In this chapter, I explored GSI 

variations across Iraq and the UK. Although it is difficult to compare GSI to NDVI across 

the UK because of cloud cover, it is necessary as the UK will be susceptible to climate 

change and many areas have already seen significant changes in the climate over recent 

decades. To that end, I completed the quality assessment for NDVI, which could reduce the 

possible maximum numbers of invalid pixels that result because of the cloud cover. 

 

8.1 Introduction 

8.1.1 Iraq Climate  

Iraq is located between longitudes 38–48°E and latitudes 29–37°N and is bordered by Iran, 

Turkey, Syria, Jordan, and Saudi Arabia to the west, with the Arabian/Persian Gulf to the 

south. The main subenvironments are the expansive alluvial plain and associated marshland, 

created by the Tigris and the Euphrates, desert; and the northern mountainous region (Iraqi 

Kurdistan). Most of Iraq has a continental subtropical climate; areas to the north experience 

a Mediterranean climate (Jaradat, 2002, FAO, 2008). The summers are extremely hot 

(average maximum temperature in July–August about 43°C, in the shade) with no 

precipitation, and the winters are cool and short (FAO, 2008, FAO, 2011). Rainfall varies 

from less than 200mm (irrigated and desert zones) to over 400mm per year (Mediterranean 

zone) (FAO, 2008). The study areas chosen for this research fall into either the irrigated zone 
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or the Mediterranean zone, which are both more agriculturally productive (FAO, 2003). 

Three areas in Iraq were chosen to test the developed phenological GSI model: 

Sulaymaniyah in the north (Iraqi Kurdistan), Wasit in the middle, and Basrah to the south. 

The three study areas have different climates and thus provide a way to test the model against 

gradients of temperature and precipitation and to explore their combined impact on 

vegetation greenness (more details on the study areas and related climates and environments 

can be found in Chapters 4, 5 and 6).  

 

8.1.2 UK climate  

The United Kingdom (UK) is located off the coast of mainland Europe and has a total area 

of approximately 248,532 km2 (95,960 sq mi). The majority of the UK is situated between 

latitudes 49°N and 59°N, and longitudes 8°W to 2°E (Murphy et al., 2009). Chapters 7 and 

Chapter 8 focus on the UK as a study area, specifically on the test site (Duxford), which is 

located in Cambridgeshire (more details can be found in Chapters 3 and 7). 

 

8.2 Comparison between climate variables (temperature, rainfall, relative 

humidity, and photoperiod). 

The differences between different climates, in particular, the difference between the Middle 

East (for example, Iraq) and the UK, including how synoptics can differ in these climates is 

an interesting aspect. As such, I will discuss the differences in the climate between Iraq and 

the UK. In this section, a comparison between the climate variables that I used in the 

phenological model (developed GSI model) is presented. The data that I used to compare the 

two datasets is the Meteorological data (AgMERRA Climate Forcing Dataset for 

Agricultural Modelling) dataset for the timespan of 1980-2010 (which was used in Chapter 

5 to show the variation in climate between the two regions). In Figure 8.1(a)-8.1(d) it can be 

seen the minimum, average, and maximum temperature for both Iraq and the UK for the 31-

year timespan (1980-2010). There is a large difference in the temperatures between the two 

areas. The UK has, on average, colder and snowier winters than Iraq, and Iraq has hotter and 

more humid summers.  

The maximum temperature in Iraq is 45°C while in the UK it is 25°C (as shown in Figure 

8(a) and (d)), and the average temperature for Iraq is 37°C and for the UK, it is 19°C (as 

shown in Figure 8(c) and (f)). The minimum temperature for Iraq is approximately 28°C, 
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while in the UK it is around 15°C (as displayed in the Figure 8(b) and (e)). So, the difference 

between the two study areas is apparent. Figure 8.1(f)-(h) represents the average minimum, 

mean, and maximum temperatures for 31 years for Iraq and the UK, and it easy to see the 

differences in the temperatures.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 8.1 The maximum, mean, and minimum temperatures for Iraq (a, b, c) and the UK 

(d, e, f), and the average; is shown in g, h, i. 

(a) 

(b) 

(c) 

(d) 

(e) 

(f) 
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Figure 8.1 (continued)  

 

Relative humidity is the ratio between how much moisture is in the air and the amount the 

air can hold at that same temperature. Figure 8.2 (a)-(b) shows the average relative humidity 

for Iraq and the UK for the period 1980-2010. The yearly averages for humidity levels are 

shown in Figure 8.2 (c) for the UK. The averages of daily readings for the lowest and highest 

relative humidity levels are 45 and 90 for the UK and 7 and 60 for Iraq as shown in Figure 

8.2(a) and 8.2(b). This indicates that the UK is more humid than Iraq. 

 

 

 

 

 

 

 

 

 

(g) 

(i) 

(h) 
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In Iraq, the precipitation increased from 16.28mm in November 2015 to 24.2mm in 

December; and the average precipitation increased by 16.3mm from 1901 to 2015 (Peterson 

& Vose, 1997). The weather is drier from June through September, with an average 

precipitation of 0 mm. The wettest weather is in February and March, with an average of 

28mm (1.1in) of precipitation. The average annual precipitation for the UK is, 885mm 

(33.7in), over 133 days of rain or snow (Peterson & Vose, 1997). In Figure 8.3(a) and 8.3(b), 

It can be seen that there is a big difference in precipitation between Iraq and the UK: there 

us more rainfall winters are colder and longer in the UK. 

 

Figure 8.2 Relative humidity in percentage for Iraq (a) and the UK (b) for the period 

1980-2010, and the average over this period (c). 

(a) (b) 

(c) 
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Figure 8.4 (a) and (b) displays the photoperiod for Iraq and the UK. Photoperiod does not 

vary significantly from year to year at the different locations in Iraq and the UK. As 

discussed previously, photoperiod provides plants with regular climatic cues (Jolly et al., 

2005; see Chapter 5 and Chapter 6). As, discussed previously, photoperiods of 10 h or less 

for completely limited canopy development and 11 h to allow unconstrained canopy 

development were selected for Iraq, while photoperiods of 7 h or less for developing the 

entirely limited canopy and 9 h to permit unconstrained canopy development were selected 

for the UK. It can be also seen the difference in daylength for Iraq (minimum of 10 hours 

and a maximum of 14 hours) and the UK (minimum of 7 hours and a maximum of 17 hours). 

As such, the photoperiod in the UK is longer than in Iraq. 

(a) 

(b) 

Figure 8.3 Daily precipitation (in mm) for Iraq and the UK (a) for the period 1980-2010, 

and the average over this period (b). 
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The Vapour Pressure Deficit (VPD) is defined as the difference (deficit) between the amount 

of moisture in the air and how much moisture the air can hold when it is saturated. Once the 

air turn into saturated, the clouds and dew will be formed on the leaves due to condensing 

out of water. VPD is an important indicator in greenhouse gas regulation. Additionally, 

plants are far more susceptible to rot if dew forms on their leaves. On the other hand, with 

increasing VPD, the vegetation needs to draw more water from its roots. The plant may dry 

out and die. More detail can be found in Chapter 5 (Sections 5.3.1.2 and 5.5). Figure 8.5 

displays the daily VPD for 31 years for both study areas. It can be observed that the VPD 

for Iraq is very high compared to the UK, which results in high temperatures in Iraq. 

 

Figure 8.4 Photoperiod (daylength) for 31 years (a) and the average (b) for Iraq and 

the UK. 

(a) 

(b) 
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(a) 

(b) 

(c) 

(d) 

(e) 

(f) 

Figure 8.5 The daily Vapour Pressure Deficit (VPD) for 31 years for Iraq (a, b, c) and the UK 

(d, e, f), and the average (g, h, i). 
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Figure 8.5 (continued)  
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8.3 Results and discussion 

8.3.1 Comparison between Iraq and the UK in the prediction of vegetation phenology 

changes in response to climate change using the developed GSI phenological model. 

The Intergovernmental Panel on Climate Change (IPCC) reports are a primary source for 

evidence on climate change and impacts. The magnitude of the evidence arises from 

phenological variation data (McCarthy et al., 2001). Phenological events timing is extremely 

sensitive to global warming especially in the main species in temperate regions. There have 

been a number of studies into phenological change in the UK, for example in invertebrates 

(e.g., Burton & Sparks, 2003), flowering (e.g., Fitter & Fitter, 2002), tree leafing (e.g., Sparks 

& Gill, 2002), bird breeding (e.g., Crick & Sparks, 1999), bird migration (e.g., Sparks & 

Mason, 2001), and amphibians (e.g., Beebee, 1995). However, the impact of climate change 

on phenology is more widespread than this. Changes in phenological events have been 

reported across the northern hemisphere (e.g., Abu-Asab et al., 2001; Matsumoto et al., 

2003), and Europe (Menzel & Fabian, 1999). Studies on long-term records of cultured 

species have revealed strategies for agriculture and horticulture, particularly with regard to 

cropping  and flowering (e.g., Hanks, 1996; Chmielewski et al., 2004; Williams & Abberton, 

2004) and the timing of the emergence of pest species (e.g., Zhou et al., 1995).  

As a result of biological processes, for example, the carbon balance of ecosystems, the 

seasonality of vegetation, frost damage risk, and vegetation plays an important role in the 

climate system as a feedback factor (Lieth, 1974). The design of phenological models needs 

to be robust and the model needs to contain multiple climatic variables to cope with the 

uncertainty of climate change. The phenological stages of plants, such as foliage and leaf 

colouring of trees, as well as animal events, such as the arrival of migratory birds, are mainly 

driven by environmental factors. Among these factors affecting plant, phenology are 

biological factors such as soil conditions, pests, heredity, diseases, age, and competition. 

However, weather conditions are the most important factors through the period of past 

vegetation, the period of actual vegetation, and the period of dormancy, as is the photoperiod 

(Schnelle, 1955; Defila, 1991). As such, predicting phenological changes for the past and 

future decades provide crucial information about the impact of climate change on vegetation 

(changes in the temperature during winter and spring, precipitation, and vapour pressure 

deficit).  
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Figure 8.6(a)-(d) displays the comparison of seasonal variation predicted by the modified 

Growing Season Index (GSI) for Iraq and the UK, for a 50-year average (1951-2000, the 

‘past’), a 17-year average (2001-2017, the ‘baseline’), a 33-year average (2018-2050, the 

‘near future’), and a 48-year average (2051-2098, the ‘far future’) respectively. 

In Figure 8.6 (a) and (b), it can be observed that the peak for vegetation in Iraq will be in 

April for both the past and baseline periods while in the UK, it can be seen that the peak of 

vegetation is from May to October. Additionally, it can be seen a slight drop in mid-February 

during these periods. The values of predicted GSI for Iraq is around between 0.1-0.7 while 

for the UK they are between 0.2-1.0. 

In Figure 8.6 (c) and (d), it can be seen that there is a shift in the peak of vegetation in Iraq 

for both the near and future periods, moving to mid-March. This is due to rising 

temperatures. Vegetation maturity for the UK is shifted back by a few days. 

Figure 8.7 (a)-(d) shows a comparison of yearly variation in the developed modified 

Growing Season Index (predicted GSI) for Iraq and the UK for a 50-year period (1951-2000, 

the ‘past’), for a 17-year period (2001-2017, the ‘baseline’), for a 33-year period (2018-2050, 

‘near future’), and for a 48-year period (2051-2098, ‘far future’) respectively.  
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Figure 8.6 A comparison of seasonal variation in the predicted modified modelled 

Growing Season Index (GSI) for Iraq and the UK (a), for a 50-year average (1951-2000, 

the ‘past’) (b), for a 17-year average (2001-2017, the ‘baseline’) (c), for a 33-year average 

(2018-2050, the ‘near future’) (d) for a 48-year average (2051-2098, the ‘far future’). 

(a) 

(b) 

(c) 
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Figure 8.7 A comparison of yearly variation in the developed modified modelled Growing 

Season Index (Predicted GSI) for Iraq and the UK for (a): a 50-year period (1951-2000, 

the ‘past’), (b): a 17-year period (2001-2017, the ‘baseline’), (c): a 33-year period (2018-

2050, ‘near future’), and (d): a 48-year period (2051-2098, ‘far future’). 

(a) 

(b) 

(c) 

(d) 
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Figure 8.8(a)-(d) shows a comparison of seasonal variation in the predicted NDVI for  

Iraq and the UK, for a 50-year average (1951-2000, the ‘past’), for a 17-year average (2001-

2017, the ‘baseline’), for a 33-year average (2018-2050, the ‘near future’) and for a 48-year 

average (2051-2098, the ‘far future’) respectively. In Figure 8.8(a) and (b), it can be seen 

that the peak for NDVI in Iraq is in April for both the past and baseline periods while in the 

UK, it can be observed that the highest of NDVI is from May until October. There is also a 

slight drop in mid-February during these periods. The values of predicted GSI for Iraq is 

between 0.1-0.55 while for the UK they are between 0.4-0.7. 

Figure 8.9 (a)-(d) shows a comparison of yearly variation in the predicted NDVI for both 

study areas Iraq and the UK for a 50-year period (1951-2000, the ‘past’), for a 17-year period 

(2001-2017, the ‘baseline’), for a 33-year period (2018-2050, ‘near future’), and for a 48-

year period (2051-2098, ‘far future’) respectively. 
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Figure 8.8 A comparison of seasonal variation in the predicted Normalized Difference 

Vegetation Index (NDVI) for Iraq and the UK (a), for a 50-year average (1951-2000, the 

‘past’) (b), for a 17-year average (2001-2017, the ‘baseline’) (c), for a 33-year average (2018-

2050, the ‘near future’) (d) for a 48-year average (2051-2098, the ‘far future’). 
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Figure 8.9 A comparison of yearly variation in the Normalized Difference Vegetation 

Index (predicted NDVI) for Iraq and the UK (a): a 50-year period (1951-2000, the 

‘past’), (b): a 17-year period (2001-2017, the ‘baseline’), (c): a 33-year period (2018-

2050, ‘near future’), and (d): a 48-year period (2051-2098, ‘far future’). 
 

(a) 

(b) 

(c) 
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Figure 8.10(a)-(b) displays a comparison of yearly variation in the developed modified 

Growing Season Index (Predicted GSI) and Normalized Difference Vegetation Index 

(predicted NDVI) for Iraq and the UK for the 148-year period (1951-2098, including the 

‘past’, the ‘baseline’, ‘near future’, and ‘far future’). It can be observed the range of values 

for predicted GSI for Iraq ranging from 0.05 as a minimum and 0.5 as a maximum value, 

while for the UK the range is from 0.3 (minimum) 1 (maximum). This is evidence that the 

growing vegetation is more active in the UK than in Iraq. 

The value of predicted NDVI ranges from 0.1 (minimum) and 0.4 (approximate maximum) 

in Iraq, and, for the UK, the values range from 0.45 (minimum) and 0.7 (approximate 

maximum). As before, again it can be seen from the predicted NDVI that the UK has more 

active growing vegetation over the whole period. 

Figure 8.11(a)-(b) presents the Effective Growing Season Length (EGSL) for Iraq and UK 

for two periods (1980-2010 and 1951-2098). The EGSL is the number of days each year 

where plants are likely to grow. It is easier to calculate with the daily GSI values but 

multiplying the monthly GSI with the days in the month and summing up for each year will 

give us a cumulative annual metric of growing season length, this as the result of serving 

climate variability in Iraq. Additionally, it can be noted that there is an interesting multi-

decadal cycle in the EGSL data for Iraq, but for the UK, it can be seen that the EGSL over 

all the whole period was regular. Generally, it can be found that vegetation can grow for 

about 250 days in the UK, while in Iraq it can be seen that the number of days for vegetation 

growth is less than 100 days. This difference clearly confirms that vegetation growth is 

significantly higher in the UK than in Iraq. 

It is also crucial to note that there is a very significant difference in the level of decline for 

predicted NDVI over whole the entire period (1951-2098). There is a sharp drop for 

predicted NDVI and GSI values in Iraq, indicating the deterioration of the state of the future 

vegetation due to changing climate conditions (e.g., scarcity of rain, high evaporation 

pressure, high levels of water pollution, etc). The recent war and instability in Iraq also 

significantly contributed to the disruption in the environment, increased occurrence of 

sandstorms, and negative impact on human and plant health. 
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Figure 8.10 A comparison of yearly variation in the developed modified modelled 

Growing Season Index (Predicted GSI) (a) and Normalized Difference Vegetation 

Index (predicted NDVI) (b) for Iraq and the UK respectively, for 148-year period 

(1951-2098, included the ‘past’, the ‘baseline’, ‘near future’, and ‘far future’.  
 

(a) 

(b) 
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Figure 8.10 (continued)  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

(a) 

(b) 

Figure 8.11 Represents the Effective Growing Season Length (EGSL) for Iraq and UK 

for two periods (1980-2010 and 1951-2098). 
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8.4 Conclusions and remarks 

This chapter presents the application of the developed GSI phenological model established 

in a previous study (Daham et al., 2018b) for different study areas in Iraq and the UK, using 

different thresholds and scenario climate datasets. The methodology is providing a flexible 

way to monitor dynamics of vegetation over a large region using observations of remote 

sensing (MODIS NDVI data). I expanded the testing of the model to demonstrate the 

model’s ability to predict future phenological changes in the UK. The results show that the 

model is robust in both study areas, provided that variables are chosen carefully, dependent 

on the climate in those areas. The most interesting and important result of this analysis, 

especially for policymakers and others who will use this data, is that the predicted NDVI, 

especially in the near and far future, declines significantly in Iraq, especially in comparison 

to the UK. This is not good news for a region like Iraq, and the government and 

environmental institutions must develop policies and mitigation strategies to confront this 

problem. In addition, temperatures will increase, which in turn will affect soil moisture and 

seed germination. In other words, the growing season across both regions will become 

increasingly shorter in the future. Although not as significant as in Iraq, this will still 

profoundly impact the agricultural sector in the UK in the near future. 



Chapter 9. Conclusions and recommendations  
 

 

223 

 

CHAPTER 9  

 

CONCLUSIONS AND RECOMMENDATIONS  

 

9.1 Conclusions 

The primary aim of this thesis was to investigate the knowledge gaps in the development of 

a phenological model to measure the impact of climate change on vegetation using satellite 

imagery. This thesis addressed four main themes and was, therefore, divided into four main 

parts. The first part (Chapter 4) described the analysis of NDVI variability in response to 

two climatic variables (precipitation and air temperature) using MODIS vegetation indices. 

The second part (Chapter 5) explained the prediction of vegetation phenology in response to 

climate change using additional bioclimatic indices (the developed GSI phenological 

model). The third part (Chapters 6 and 7) explored the prediction of future phenological 

changes using climate change scenarios utilising the developed GSI phenology model. The 

last part (Chapter 8) compared the predicted vegetation phenology changes in response to 

climate change using the developed GSI phenological model between Iraq and the UK.  

The main aim of the first part was to analyse the variability of NDVI in response to two 

climatic factors (precipitation and air temperature) using MODIS vegetation indices. As 

discussed in Chapter 4, little environmental research has been carried out in Iraq and, as 

such, relatively little is known about the interaction between Iraq’s vegetation and climate. 

This part served to fill this knowledge gap by investigating the relationship between the 

NDVI and two climatic factors (precipitation and air temperature) over the last decade. The 

precipitation and air temperature datasets were from the WFDEI, and the NDVI dataset was 

extracted from the MODIS at 250 m spatial resolution and 16-day temporal resolution. Three 

different climatic regions in Iraq, Sulaymaniyah, Wasit, and Basrah, were selected for the 

period of 2001–2015. This is the first study to compare these regions in Iraq, and one of only 

a few investigating vegetation’s relationship with multiple climatic factors, including 

precipitation and air temperature, particularly in a semi-arid region. The interannual, intra-
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annual and seasonal variability for each region was analysed to compare the different 

responses of vegetation growth to climatic factors. Correlations between NDVI and climatic 

factors were also included. Plotting annual cycles of NDVI and precipitation reveals a 

coherent onset, fluctuation (peak and decline), with a time lag of four months for 

Sulaymaniyah and Wasit, while for the Basrah region, high temperatures and a short rainy 

season were observed. 

The key findings of this analysis are summarized below:  

(1) There are relatively high correlation coefficients between NDVI and precipitation, 

especially in Sulaymaniyah. The largest positive correlation was (0.8635) with a time 

lag of four months. The primary driver in vegetation growth is precipitation; 

significant impacts can also result from other factors. As such, precipitation and 

NDVI in Basrah are characterised by a much more complicated relationship, with 

both negative and positive correlations. Temperature extremes, the fragility of the 

environment, salinisation of soils resulting from irrigation, and the impacts of 

conflict all affect infrastructure and agricultural output, and thus impacts the NDVI 

for that time period.  

(2) The phenological transition points range between three- and four-month time lags; 

this corresponds to the duration of maturity of the vegetation. However, when 

correlated with air temperature, NDVI experiences an inverse relationship, although 

not as strong as that of NDVI and precipitation. The highest negative correlation was 

observed in Wasit with a time lag of two months (− 0.7562).  

(3) The results showed that there is a similarity between the temporal patterns of NDVI 

and precipitation. This similarity is stronger than that of NDVI and air temperature, 

so it can be concluded that NDVI is a sensitive indicator of the inter-annual 

variability of precipitation and that precipitation constitutes the primary factor in 

germination while air temperature acts with a lesser effect. 

(4) There are different avenues of research that can be pursued using these results: 

- Firstly, because precipitation has been shown to be the primary driver in 

germination, precipitation can be added as a variable to modify existing phenological 

models (this is what was done in this thesis – see Chapters 5 and 6).  
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- Secondly, with regards to other external factors: the relationship between 

precipitation and NDVI in Basrah can be examined in more detail where the 

correlations are skewed. Reasons for inverse correlations, in some cases, may be due 

to conflict (e.g., irrigation). Other regions with high conflict and fragile 

environments, such as Syria, are also suitable targets for this type of analysis. 

- Thirdly, in order to adequately cover the highly diverse environments, phenology 

network stations across Iraq need to be established. Further, a simple and effective 

means to input, report and utilise ground-based phenological observations for a 

variety of ecological, climatic and agricultural applications would have to be 

included. Such a network can also take advantage of a wide variety of remote-sensing 

products and meteorological data available from different governmental departments 

in Iraq.  

- Fourthly, to further understand how the relationship between vegetation, 

temperature and precipitation works in Iraq (and other semi-arid to arid 

environments) more research needs to be undertaken, taking into account the fact 

that precipitation and temperature in Iraq are driven by different mechanisms. A 

combination of different classifications of vegetation in the region, and a closer 

analysis of soil types and water availability can help to implement the above. 

(5) Because of increasing environmental degradation due to a combination of human 

activities and natural climate variation, combining the analyses of this study and 

those suggested above would be beneficial for semi-arid to arid locations. Better and 

more nuanced understanding of vegetation-climate-human dynamics will enable the 

governments and NGOs better plan mitigation strategies within these areas, and to 

implement strategies that are finetuned to the specific needs of the locales. 

 

The goal of the second part (Chapter 5) was to develop and modify the GSI phenological 

model. Although most phenology models can predict vegetation response to climatic 

variations, these models often perform poorly in precipitation-limited regions, such as Iraq. 

In this part, I modified a phenology model, called the GSI, to better quantify relationships 

between weather and vegetation canopy dynamics across various semi-arid regions of Iraq. 

A modified GSI was created by adding a cumulative precipitation control to the existing GSI 

framework. Both unmodified and modified GSI values were calculated daily from 2001 to 
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2010 for three locations in Iraq: Sulaymaniyah (north), Wasit (central) and Basrah (south) 

and a countrywide mean and compared to the NDVI from MODIS for the same time period. 

Countrywide median inter-annual correlations between GSI and NDVI more than doubled 

with the addition of the precipitation control and within-site correlations also show 

substantial improvements. The modified model has huge potential to predict future 

phenological responses to changing climatic conditions, as well as to reconstruct historical 

vegetation conditions. This part improves our understanding of potential vegetation 

responses to climatic changes across Iraq, but it should also improve phenological 

predictions across other semi-arid areas, particularly important in the face of rapid climate 

change and environmental deterioration. 

In summary, the key findings of this part are follows:  

(1) In conjunction with ecosystem process models, the GSI model can also be run 

utilising monthly, instead of daily, running averages. It can also be used to generate 

dynamic estimate LAIs for sites. This is particularly viable after adding precipitation 

into the model due to its impact on the probability of plant canopy. This modified 

phenology model, like the original GSI model, could be used to calculate daily 

estimates for LAI despite some tested ways to define optimal LAIs (Stockli et al., 

2011). This is achievable through a chosen growing season in order to scale potential 

maximum LAI values (Jolly et al., 2005). 

(2) Combined with the flexibility in switching variables, the lack of assumption of a 

priori knowledge of vegetation and climate is especially useful in places that are not 

only difficult to access but also have marginal, fragile environments such as Iraq. In 

such environments where the security situation is so precarious due to continued 

conflict and particularly when the economy and population are so dependent on 

agriculture and related sectors, canopy greenness dynamics are especially important 

to model. Sensitive areas can be identified with accurate modelling and mitigation 

strategies can be put into place when possible to maintain the wellbeing of the 

population and environment.  

(3) Failure to act and immediately address serious problems of environmental 

degradation encountered in Iraq will greatly compound the cost and complexity of 

later remedial efforts. Additionally, environmental degradation is a major threat to 

human well-being, particularly among the poor (Jaradat, 2002). The modified GSI 
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model provides a valuable tool for researchers, NGOs, and governments as it 

finetunes and makes the predictions more robust, assessing climate change in a 

specific region more accurately. To better counter the effects of desertification and 

other climate changes and to take care of populations living in increasingly marginal 

and fragile environments, the data derived from the developed GSI will enable 

governments and NGOs to formulate more suitable mitigation strategies. 

 

The goal of the third part (Chapter 6) was to develop the GSI phenological model for 

predicting future phenological changes using climate change scenarios. Accelerated climate 

change exerts great pressure on the environment and livelihoods of people, particularly in 

the Middle East, which is highly prone to droughts and crop failures. Iraq, especially, is 

experiencing serious socioeconomic and ecological problems due to the changing climate. 

It is, therefore, crucial to analyse and predict phenological changes as these data will enable 

policymakers and NGOs to manage resources better and implement mitigation strategies for 

the present and the future. In this part, I developed the GSI and tested the applicability of the 

model in predicting future phenological changes using climate change scenarios datasets for 

the period (1951-2098).  

 

The main findings of this part are summarized below:  

(1) The modified GSI model performs well in predicting future phenological changes in 

the study region. 

(2) The predicted Normalized Difference Vegetation Index (NDVI) was correlated with 

future changes in GSI and showed a decreasing trend from 1951-2098 in Iraq. 

(3) The Effective Growing Season Length (EGSL) has an interesting multi-decadal cycle 

in the climate change scenarios, however, generally, the trend for EGSL goes down 

for the period 1951-2098. 

(4) These results suggest that climatic changes may exert phenological pressures on this 

region that could lead to shorter growing seasons and heightened pressures on 

agricultural production, suggesting the need to promote or enhance climate 

mitigation strategies across Iraq. Also, the results can facilitate the adoption of 

coping mechanisms with the potential to develop climate risk resiliency for 

agricultural planning and policy. 
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(5) For policymakers and others who will use these data, the most interesting and 

important result of this analysis is the change in growing seasons, especially in the 

near and far future. The shifting and possibly the shortening of the growing season 

is well indicated by the spring thaw beginning earlier in the year and the cooler 

temperatures and rainy seasons starting later in the year. This happens across Iraq 

and in all the regions. For instance, at present, the peak growing season is May/June; 

this shifts back to March in the far future. The rainy season will be shorter, which in 

turn affects soil moisture and seed germination. 

(6) Backed by the Effective Growing Season Length Estimates results for Iraq and the 

three subregions over the whole time period. What I found was that while there were 

the year-to-year variations, overall, there was a downward trend. In other words, the 

growing season across the region becomes increasingly shorter into the future. The 

agricultural sector in Iraq will be profoundly impacted in the near future and this 

could lead to further instability in the country. 

 

In the first part of Chapter 7, I used a new dataset, Sentinel-1SAR, to monitor cropland for 

a case study in the Duxford area, UK. Wheat is a staple crop worldwide, thus important in 

the agriculture sector, up-to-date and an accurate evaluation of the spatial distribution of 

wheat cultivation is essential information for all stakeholders, including wheat farmers, 

consumers, and policymakers. Timely and precise assessment is crucial for instance, in 

controlling market prices and managing water resources (irrigation). Optical and radar 

remote sensing data can help map crops; something made more accessible through the 

availability of free remote sensing data such as Sentinel S-1 (launched by the ESA) under 

the aegis of the Copernicus program). The capabilities for the acquisition of advance data of 

S-1 supply chance to monitor different land cover types at temporal (twice-weekly to 

biweekly) and high spatial (20 m) resolutions. The objective here is to monitor wheat crop 

height from space by using Sentinel-1 SAR images for two different periods in the Duxford 

area of UK. To this end, I processed eight (four ascending and four descending) products to 

estimate the DInSAR of the wheat’s height in order to estimate wheat distribution. The 

vertical transmit and vertical receive (VV) polarisation data of the S-1 SAR images were 

collected through the growing and harvesting seasons of 2015 and 2017. The MODIS 
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product was also used, mainly to derive NDVI, for a comparison between its observations 

and the DInSAR results. 

The key findings of this part of the work are as follows:  

(1) Overall, utilising Sentinel-1 SAR images to monitor vegetation height is useful, 

despite the shortcomings noted by others (i.e., increasing standard error over 

agricultural and forest land due to intermittent coherence (De Grandi, 2015)). 

Although there may be teething problems as it is a new remote sensing dataset, it is 

the best option especially because these data is entirely free from cloud cover, which 

is an issue in other datasets (it negatively affects the detection of pixels in imagery 

related to agricultural areas).         

(2) There is a true potential for using this DInSAR technique and remotely sensed data 

(MODIS dataset) to estimate the height of the crop and calculate the area of crop 

distribution. There is now a real possibility to observe the entire landscape of 

cultivated land regions with certainty in measurements that provide the direction of 

crop movement to be set throughout the area.      

 

In the second part of Chapter 7 from this thesis, I applied a developed phenology GSI model 

for the whole UK. To demonstrate the model’s ability to predict future phenological change, 

I tested the model and the results show that the model is robust. Most importantly, especially 

for policymakers and NGOs, the results indicate a change in growing seasons, particularly 

in the near and far future: the spring arrives sooner and the autumn starts later because of 

climate change, resulting in the shifting and possibly shortening of the growing season. Even 

a small shift could disrupt ecological cycles of and interdependencies between many species 

(for instance, plants blooming earlier than the first emergence of vital pollinators). This 

happens across the UK. For example, the peak growing season is currently from May to 

August. In the far future, season starts in April. The rainy season will be shorter, which in 

turn affects soil moisture and seed germination. This is further backed up by the results of 

the Effective Growing Season Length Estimates for the UK over the whole time period. 

What I found is that while there are year-to-year variations, overall, there is a little upward 

trend. In other words, the growing season across the region becomes increasingly shorter 

into the future. This will profoundly impact the agricultural sector in the UK in the future. 

The model parameters provided further information about the vegetation in the UK. The 
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model also provided EGSL estimates, which can be used to improve predictions of the 

seasonal cycle. 

 

The main findings of this part of the work are as below: 

(1) The modified GSI model performs well in predicting future phenological changes in 

the UK. 

(2) The predicted NDVI was correlated with future changes in GSI and showed a slight 

decreasing trend from 1951-2098 in the UK, similar to Iraq. 

(3) The EGSL has a regular cycle in the climate change scenarios overall selected period 

times, however, generally, the trend for EGSL goes slightly down for the period 

1951-2098, but not to the same degree as the results from Iraq. 

(4) The most significant results for this analysis, especially for policymakers and others 

in the agricultural sector, is that, in the near and far future, the growing season 

changes: the autumn starts later and the spring arrives earlier because of climate 

change, thus possibly shortening the growing season and shifting the onset earlier. 

Even a small shift will have a profound effect on the UK agricultural sector and 

environment.  

(5) The developed phenological model provided very important information about the 

vegetation and EGSL estimates in the UK, which can be used to improve predictions 

of the seasonal cycle. This will be very helpful for the agricultural sector to take 

future precautions to protect the vegetation from deterioration as a result of climate 

change. 

(6) These results indicate that the region is subject to phenological pressures due to 

climate change that can lead to increased pressure on agricultural production. It is 

therefore important to promote mitigation strategies across the UK. The results 

would assist in the adoption of coping mechanisms with the ability to develop climate 

risk resilience for agricultural planning and policy. 

 

The last part of this thesis (Chapter 8) compared the results of the developed GSI 

phenological model established Chapter 4 and 5 (Daham et al., 2018a) between the study 

areas in Iraq and the UK; different thresholds and scenario climate datasets were used. I 

expanded the testing of the model to demonstrate the model’s ability to predict future 
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phenological changes in the UK. The results show that the model is robust in both study 

areas, provided that variables are chosen carefully.  

In summary, the main findings of this part of the work are:  

(1) The most important result of this analysis, especially for policymakers and others 

who will use these data, is that the predicted NDVI, especially in the near and far 

future, declines significantly in Iraq, especially in comparison to the UK. This is not 

good news for a region like Iraq, and the government and environmental institutions 

must develop policies and mitigation strategies to confront this problem. 

(2) In addition, temperatures will increase, which in turn will affect soil moisture and 

seed germination. In other words, the growing season across both regions will 

become increasingly shorter in the future. Although not as significant as in Iraq, this 

will still profoundly impact the agricultural sector in the UK in the near future.  

(3) Also, it can be seen the trend for both predicted GSI values and NDVI values in both 

Iraq and the UK over the whole period (148 years) – there is a significant drop for 

Iraq and a small drop for the UK over this period. Therefore, I expected the insights 

provided by my analysis to have far-reaching implications for improving the current 

understanding of the natural seasonal cycle in Iraq, the UK and elsewhere. 

 

9.2 Limitations and recommendations for further work 

9.2.1 Limitations and recommendations 

(1) The analysis of the different issues presented in this thesis mainly depended on the 

use of data from the main two study areas (regional), except for the analysis in 

Chapters 4-6 where three different areas in Iraq (sub-regional) were chosen, This was 

because the aim of this thesis was to develop and prove the concepts behind the 

proposed ideas and methods related to the last update of the phenological model. 

(2) In Chapter 4, the analysis of NDVI variability in response to two climatic variables 

(precipitation and air temperature) using MODIS vegetation indices was only applied 

to Iraq. However, it would also be interesting to apply this analysis for the UK. 

Furthermore, additional variables, such as solar radiation, could be added to the 

model. Solar radiation obviously plays a vital role in the calculated photoperiod used 
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in the phenological model, and it would be interesting to see its impact in areas such 

as the UK, which is an area covered with clouds for most of the year.  

(3) In Chapter 5, the developed GSI phenological model mainly depended on the 

addition of a new variable to improve the performance of the model. Although it 

would be possible to use the Stockli et al. (2011) modified method to calculate 

photoperiod to account for cloud coverage, Jolly et al. (2005) is adequate here 

because Iraq is not particularly cloudy. But for the UK (in Chapter 7-Part 2) Stockli 

et al’s method could be useful in a future study.  

(4) In Chapter 6, the analyses the predicted phenological changes mainly depended on 

one climate model with one scenario. In future research, taking into account other 

climate models with different scenarios to explore predicted phenological changes 

would be very useful.  

(5) Although it is better to compare the modified GSI model simulations with 

phenological field observations, this was not feasible for this study area (Iraq) 

because there are no existing ground vegetation phenology data and because of the 

difficulties with access to the country due to security risks. As such, remote sensing 

is the only viable method to estimate and predict the vegetation extent. I then applied 

the same methodology to the UK – utilising the MODIS NDVI product to compare 

the simulations of the developed GSI model, as this would enable better direct 

comparisons between the results.  

(6) In Chapter 7, Part2, the developed GSI phenological model was applied to the whole 

UK. In future, it would be interesting to apply the model to different areas, with 

different climates and environments, within the UK. In addition, although I tested the 

thresholds before using them in the developed phenological model. Thus, it is 

important to undertake an in-depth investigation of the selection thresholds over the 

UK.  

(7) In Chapter 8, two study areas (Iraq and the UK) were used to test the prediction of 

vegetation phenology changes using the developed GSI phenological model. 

However, for future studies, it would be very interesting to apply the model in 

different areas for both Iraq and the UK, but they have the same locations, i.e.,  

selecting two areas are located in the north of Iraq and UK (e.g., Sulaymaniyah and 

Glasgow), select two study areas that located in middle of Iraq and the UK (e.g., 
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Wasit and Nottingham), select two study areas that located in the south of Iraq and 

the UK (e.g., Basrah and London). To see the performance the phenological model 

over these areas.  

(8) I was planning from the beginning of my Ph.D. to study the vegetation phenology 

monitoring and modelling using digital aerial photogrammetry. Unfortunately, I 

couldn't get this kind of photos for both study areas (Iraq and the UK) for many 

reasons: Firstly I tried to get like this kind of photos and my supervisor supported me 

but after contacted with Ordnance Survey in the UK, I realised that they were not 

free and it would be high cost for the Iraqi government. Also, I contacted the Iraqi 

ordnance survey and they told me the aerial photos for Iraq were not available and 

suggested for me to use the satellite photos which were free and available for both 

study areas to save the time and the cost. Also, my research would be more applicable 

to Iraq after my graduation. It should be noted that remote sensing is a closely aligned 

technology to photogrammetry in that it also collects information from imagery. The 

term is derived from the fact that information about objects and features is collected 

without coming into contact with them. Therefore, the knowledge and techniques 

from my Ph.D. study in remote sensing data processing and analysis can be readily 

transferred to photogrammetry when digital aerial photos are available in Iraq in the 

future. 

9.2.2 Further recommendations  

In addition to the suggestions made in the above sections, there is scope for further research 

using the developed GSI model and remote sensing data. For Chapter 4, some ideas include: 

(1) Applying the sensitivity analysis method to select thresholds in the phenological 

model. In this thesis, I used the trial and error method and it was very active, and I 

gained satisfactory results.  

(2) Examining the effect of rainfall, temperature and solar radiation under different 

climate change scenarios in order to discover which of these has the greatest effect 

on future vegetation. 

(3) Using the GCM dataset with the new Representative Concentration Pathway (RCP) 

scenarios as input in the phenological model to predict the phenological changes for 

future. Although the resolution will be coarse for these data and for most purposes, 
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it will still be usable. Further comparisons could be made with the prediction 

products coming from the RCM dataset. It is important to mention that in the future 

it is possible that Shared Socioeconomic Pathways (SSPs) will replace with RCP. 

Also, it could be better to consider the Intergovernmental Science-Policy Platform 

on Biodiversity and Ecosystem Services (IPBES) in this study, which is relevant in 

the future. 

(4) Examining the correlation between current vegetation distributions with developed 

GSI phenological model: GSI could be related to current vegetation distributions 

across Iraq for instance. Further, I could explore using GSI values to predict current 

vegetation distribution and then compare those predictions under the future climate. 

I could show areas in Iraq where vegetation composition might be threatened by 

climate change. In other words, I could run GSI once with the current climate to 

highlight vegetation distribution, then run the GSI with GCM data to look at potential 

vegetation shifts. 

(5) It would be useful to investigate the EGSL values for different durations and return 

periods based on the continuous simulation. This will help to find out to what extent 

the difference between the derived EGSL values in comparison to the results 

presented in this thesis. 

(6) The length of the baseline period used for the phenological study was fixed to 17 

years, in line with most of the previous studies, primarily due to the availability of 

the MODIS NDVI product that I used as observations to compare with predictions 

values for developed GSI model. However, it would be possible to extend this period 

if field observations are available. 

In Chapter 7 (Part 1), a new dataset, Sentinel-1SAR, was introduced, it is used to monitor 

wheat crop height from space by using Sentinel-1 SAR images for two different periods in 

the Duxford area of UK. Potential further research includes:  

(1) Using the DInSAR technique to process for cropland monitoring. Real observations 

(i.e., field observations with high accuracy) are needed instead of relying solely on 

the MODIS dataset to do the validation that will permit one to understand how / if 

the errors were propagated. This understanding should help to know how a 

synergistic monitoring system is established between the strategic deployment of 

ground-based observations and the satellite (in sites that have ambiguity and/or 
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reducing the limits of confidence in the measurements made as a result of temporal 

correlation) is appropriate to validate DInSAR ground movement measurements. It 

can be expanded the geographical area to include different environmental and climate 

regimes and monitor barley, rapeseed, etc using the DInSAR technique. Lessons 

learned that provided from other Earth Observations validation campaigns will be 

invaluable here. 

(2) It would be worthwhile to investigate the results with field observations and it would 

also be of interest to find out whether the other index vegetation used for validation.  

 

In Chapter 7 (Part 2), the developed GSI phenological model performed well for the UK but 

there is still a lot of room for improvement. Ideas to explore in the future include:  

(1) Applying the developed GSI model in areas of the UK that are more susceptible to 

climate change or that have seen large changes in climate over recent decades. 

(2) Given that the GSI could be related to the current vegetation distributions across UK, 

I could explore using GSI values to predict current vegetation distribution and then 

compare these to predictions under future climate. I could show areas in the UK 

where vegetation composition might be threatened by climate change.  

(3) Applying the developed GSI model in areas of the UK that are more susceptible to 

climate change or that have seen large changes in climate over recent decades. 

(4) Future leaf and bloom dates for the UK could be used to compare with the developed 

GSI model results, to further test the robustness of this model.   

 

As can be seen here, there are many potential avenues of research that can be pursued in 

order to further test the developed GSI model, through the use of additional variables or 

evaluating different areas with different climate regimes and environments. Further research 

can pursue in obtaining field data and utilising new remote sensing datasets. There is no one 

avenue that is more important than the other. Unfortunately, because the world is facing 

possibly cataclysmic climate change, all avenues are equally important – policymakers need 

excellent, high-precision, robust data now.   
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A.1 Quality assessment of Normalized Difference Vegetation Index 

(NDVI) using Time-Series Generation (TiSeG) software tool 

The monthly (16-day composite) NDVI data covers 17 years from 2001 to 2017 is used. 

Because MODIS is an optical/IR satellite, it cannot retrieve information when conditions are 

cloudy. Thus, the dataset contains some missing values that need spatial and temporal 

interpolation. I used the Time-Series Generator (TiSeG) software developed by Colditz et 

al. (2008), firstly to assess the quality of the MODIS product and secondly to correct invalid 

data and fill gaps by linear interpolation. I used the setting of UI5-C-S (Perfect-Intermediate, 

no Cloud, and no Shadow) for Iraq and UI5-C-S-S (Perfect-Intermediate, no Cloud, no 

snow/ice, and no Shadow) for the UK, after trying many selection options for the settings to 

get the best results (as shown later in Table A.1.3 in Section A.1.2.1), therefore, was applied 

in this analysis because it was found that it gives results close to the undisturbed situation 

for both study area (see Figures A.1.3 (a)-(d)). I found that the data were of good quality and 

suitable for our analysis. I used the same procedure for both study area Iraq and the UK. 

Each original MODIS-.hdf file, as downloaded from the Distributed Active Archive Centre 

(DAAC) is a so-called composite. This means, that it contains the best value of a certain 

period. The length of the period depends on the MODIS product. There are 16-day 

composites, 8-day composites and, monthly composites. 

For the MOD13Q1 product, each pixel of the composite contains the best value of a time 

period of 16 days. The composite 001 contains the best value of the time period between the 

first and the 16th day of a year, the composite 017 the best value between the 17th and the 

32nd day of a year. The dates of the composite number can be looked up in (Table A.1.1). 

The MODIS products are available in tiles. Sinusoidal grid tiling system is used by most 

standard MODIS Land (MODLand) products. The size of the tiles at the equator is 10x10 

degrees. The coordinate system of tile starts at (horizontal tile number (h0), vertical tile 

number (v0)) in the upper left corner and continues right (horizontal) and downward 

(vertical). The tile in the bottom right corner is (h35v17) as shown in (Figure A.1.1).  
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At the core of TiSeG is the quality analysis menu (Figure A.1.3) as the user will be able to 

benefit from decoding the quality information and displaying the availability of data 

according to the settings. All MODLand products from Terra and Aqua appropriate for time-

series analysis can be used with the quality analysis of TiSeG. The appearance of the 

graphical user interface is identical excepting for the quality settings on the left side. This 

window displays the product-specific quality settings and is generated according to the 

loaded product through the MODIS HDF (Hierarchical Data Format) import. Several 

datasets are contained in MODIS products; hence the data layer of interests selected in the 

upper left corner. A spatial dataset can be loaded optionally allowing different settings for 

different spatial units due to the large extent of MODIS data. Despite the same result are 

obtained using two methods, performance for quality evaluation can be selected, see more 

details in Conrad et. al. (2005); Colditz et al. (2006, 2007, 2008). 

 

 

 

 

Figure A.1.1 Sinusoidal grid tiling system. The tiles of the study areas are bounded 

by red squares. 
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Months Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec 

Seasons Winter* Autumn Summer Spring * 

1 1 32 60 91 121 152 182 213 244 274 305 335 

2 2 33 61 92 122 153 183 214 245 275 306 336 

3 3 34 62 93 123 154 184 215 246 276 037 337 

4 4 35 63 94 124 155 185 216 247 277 308 338 

5 5 36 64 95 125 156 186 217 248 278 309 339 

6 6 37 65 96 126 157 187 218 249 279 310 340 

7 7 38 66 97 127 158 188 219 250 280 311 341 

8 8 39 67 98 128 159 189 220 251 281 312 342 

9 9 40 68 99 129 160 190 221 252 282 313 343 

10 10 41 69 100 130 161 191 222 253 283 314 344 

11 11 42 70 101 131 162 192 223 254 284 315 345 

12 12 43 71 102 132 163 193 224 255 285 316 346 

13 13 44 72 103 133 164 194 225 256 286 317 347 

14 14 45 73 104 134 165 195 226 257 287 318 348 

15 15 46 74 105 135 166 196 227 258 288 319 349 

16 16 47 75 106 136 167 197 228 259 289 320 350 

17 17 48 76 107 137 168 198 229 260 290 321 351 

18 18 49 77 108 138 169 199 230 261 291 322 352 

19 19 50 78 109 139 170 200 231 262 292 323 353 

20 20 51 79 110 140 171 201 232 263 293 324 354 

21 21 52 80 111 141 172 202 233 264 294 325 355 

22 22 53 81 112 142 173 203 234 265 295 326 356 

23 23 54 82 113 143 174 204 235 266 296 327 357 

24 24 55 83 114 144 175 205 236 267 297 328 358 

25 25 56 84 115 145 176 206 237 268 298 329 359 

26 26 57 85 116 146 177 207 238 269 299 330 360 

27 27 58 86 117 147 178 208 239 270 300 331 361 

28 28 59 87 118 148 179 209 240 271 301 332 362 

29 29  88 119 149 180 210 241 272 302 333 363 

30 30  89 120 150 181 211 242 273 303 334 364 

31 31  90  151  212 243  304  365 

 

 

 

Table A.1.1 The date of composite number for MOD13Q1 product. 
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Also, it is important to mention when prepared the MODIS data in this software, it be must 

add for each time series, 3 composites of the previous and the following year should be 

attached (See Table A.1.2). They will be removed after the processing as shown in (Figure 

A.1.2). The reason for that: in case the first or the last composite of a time series needs to be 

interpolated, this is only possible with “shoulders”. The reason for this is that, when 

interpolating a missing value, it is necessary to have values at the right and left side of this 

missing value. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Note: The nomenclature of MODIS -Data is as the following:  
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Figure A.1.2 Example of shoulders (left and right for the year 2010).  
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MOD13Q1.A2010001.h21v05.005.2010027214040.hdf 
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Sample for Iraq Sample for UK 

MOD13Q1.A2009321.h21v05.005.2009338172159.hdf MOD13Q1.A2009321.h17v03.005.2009339041256.hdf 

MOD13Q1.A2009337.h21v05.005.2009355112309.hdf MOD13Q1.A2009337.h17v03.005.2009355092006.hdf 

MOD13Q1.A2009353.h21v05.005.2010009060436.hdf MOD13Q1.A2009353.h17v03.005.2010009033310.hdf 

MOD13Q1.A2010001.h21v05.005.2010027214040.hdf MOD13Q1.A2010001.h17v03.005.2010027151325.hdf 

MOD13Q1.A2010017.h21v05.005.2010036094810.hdf MOD13Q1.A2010017.h17v03.005.2010036052959.hdf 

MOD13Q1.A2010033.h21v05.005.2010050223938.hdf MOD13Q1.A2010033.h17v03.005.2010050173916.hdf 

MOD13Q1.A2010049.h21v05.005.2010067091523.hdf MOD13Q1.A2010049.h17v03.005.2010067063330.hdf 

MOD13Q1.A2010065.h21v05.005.2010084221958.hdf MOD13Q1.A2010065.h17v03.005.2010084150035.hdf 

MOD13Q1.A2010081.h21v05.005.2010102103732.hdf MOD13Q1.A2010081.h17v03.005.2010103193946.hdf 

MOD13Q1.A2010097.h21v05.005.2010114214608.hdf MOD13Q1.A2010097.h17v03.005.2010115030021.hdf 

MOD13Q1.A2010113.h21v05.005.2010134035649.hdf MOD13Q1.A2010113.h17v03.005.2010133200715.hdf 

MOD13Q1.A2010129.h21v05.005.2010146192022.hdf MOD13Q1.A2010129.h17v03.005.2010147140021.hdf 

MOD13Q1.A2010145.h21v05.005.2010166080308.hdf MOD13Q1.A2010145.h17v03.005.2010166012949.hdf 

MOD13Q1.A2010161.h21v05.005.2010179010219.hdf MOD13Q1.A2010161.h17v03.005.2010179133158.hdf 

MOD13Q1.A2010177.h21v05.005.2011015122113.hdf MOD13Q1.A2010177.h17v03.005.2011015022854.hdf 

MOD13Q1.A2010193.h21v05.005.2010212111327.hdf MOD13Q1.A2010193.h17v03.005.2010212055216.hdf 

MOD13Q1.A2010209.h21v05.005.2010239065915.hdf MOD13Q1.A2010209.h17v03.005.2010239064658.hdf 

MOD13Q1.A2010225.h21v05.005.2010254030509.hdf MOD13Q1.A2010225.h17v03.005.2010252214850.hdf 

MOD13Q1.A2010241.h21v05.005.2010259101817.hdf MOD13Q1.A2010241.h17v03.005.2010259084231.hdf 

MOD13Q1.A2010257.h21v05.005.2010282165701.hdf MOD13Q1.A2010257.h17v03.005.2010283002357.hdf 

MOD13Q1.A2010273.h21v05.005.2010291214002.hdf MOD13Q1.A2010273.h17v03.005.2010291180257.hdf 

MOD13Q1.A2010289.h21v05.005.2010309191518.hdf MOD13Q1.A2010289.h17v03.005.2010309154040.hdf 

MOD13Q1.A2010305.h21v05.005.2010323100205.hdf MOD13Q1.A2010305.h17v03.005.2010323025959.hdf 

MOD13Q1.A2010321.h21v05.005.2010339185600.hdf MOD13Q1.A2010321.h17v03.005.2010339144612.hdf 

MOD13Q1.A2010337.h21v05.005.2010356041536.hdf MOD13Q1.A2010337.h17v03.005.2010356012522.hdf 

MOD13Q1.A2010353.h21v05.005.2011006230159.hdf MOD13Q1.A2010353.h17v03.005.2011006195218.hdf 

MOD13Q1.A2011001.h21v05.005.2011025025848.hdf MOD13Q1.A2011001.h17v03.005.2011024211921.hdf 

MOD13Q1.A2011017.h21v05.005.2011040222045.hdf MOD13Q1.A2011017.h17v03.005.2011040125914.hdf 

MOD13Q1.A2011033.h21v05.005.2011059043648.hdf MOD13Q1.A2011033.h17v03.005.2011058205604.hdf 

Table A.1.2 The structure of an imported list of MODIS-composite in TiSeG (the year 2010 

as an example) and presented left and right shoulders are highlighted by yellow colour (for 

years 2009 and 2011).   
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MODIS value-added products contain additional layers, including a product specific quality 

layer, the so-called Quality Assessment Science Data Set (QA-SDS). Such layer indicates a 

general advantage and possible contamination at the pixel level, e.g. clouds, aerosol, shadow, 

sensor defects, or adverse angles. For the purpose of getting meaningful processing of 

MODIS imagery, incorporation of the QA-SDS is strongly suggested by the MODIS land 

science team (Roy et. al., 2002; Morisette et al., 2002). The major influence on MODIS data 

quality is attributed to the following factors: the geographical location, season, and time of 

overpass. Furthermore, data quality commonly covers a variety of surface types and regions 

and creates spatial variation within the dataset. 

 

 

Figure A.1.3 (a) Quality analysis user interface of TiSeG to display data availability and 

select quality settings for first two selected sites which are located in north and central of 

Iraq (Sulaymaniyah and Wasit), the tile number is (h21v05). 
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Figure A.1.3 (b) Quality analysis user interface of TiSeG to display data availability and 

select quality settings for a third selected site which is located in the south of Iraq 

(Basrah), the tile number is (h22v05). 
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Figure A.1.3 (c) Quality analysis user interface of TiSeG to display data availability and 

select quality settings for the UK, the tile number is (h17v03). 
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Figure A.1.3 (d) Quality analysis user interface of TiSeG to display data availability and 

select quality settings for the UK, the tile number is (h18v03). 
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A.1.1 Functionalities of TiSeG software and data availability indices 

TiSeG is an interactive software tool handles time series of all gridded MODLand products, 

including bidirectional reflectance distribution function and albedo (MOD43), net primary 

vegetation production (MOD17), leaf-area index and fraction of photosynthetically active 

radiation (MOD15), fire and thermal anomalies (MOD14), vegetation indices (MOD13), 

land cover and land cover Dynamics (MOD12), land-surface temperature and emissivity 

(MOD11), and surface reflectance (MOD09). The software allows the user to select all 

possible combinations of quality settings. The user determines the quality required, and the 

software imagines the availability of data in space and time. Depending on the application, 

quality settings can be adjusted in terms of spatially and temporally. Invalid datasets are 

interpolated or masked by spatial or temporal methods. It also depends on the accuracy of 

the MODLand quality, which is not always completely error-free Colditz et al. (2008), 

description of the TiSeG’s functionalities will be used in this section. 

For display purposes, a sampling factor may limit the processed pixels. Different dates 

(rows) and optional spatial units (columns) are shown according to the loaded datasets (as 

clarified in Figure A.1.3). Then the chosen quality is applied to the picked cells in the table. 

For each composite and spatial, the quality settings unit are manipulated by the TiSeG. The 

output of the quality analysis, saved to a 3-D data cube in HDF format, shows the validity 

of the composite pixels. The maximum gap length and the number of invalid pixels are 

critical indices on data availability. The former indicates the useful data for the entire length 

of the time series whereas the longest gap to be interpolated is examined by the maximum 

gap length. Figure A.1.4 illustrates the importance and difference of both indices with 

respect to the interpolated and original curve. Each example consists of 23 observations, i.e., 

it resembles an annual time series of 16-day composites such as vegetation index data. 

Example A has 9 invalid pixels out of 23 and the longest consecutive data gap is two. Fewer 

invalid pixels and slightly longer gap are shown in example B. Both C and D have a long 

gap with eight missing datasets. While the number of invalid pixels in C is like example A, 

it is noticed that D shows an unacceptable increase in the total number of invalid pixels to 

13 during other periods. Despite the fact that the interpolation of several consecutive missing 

data can only be done with declining confidence, interpolating short gaps are easy to be 

executed. It is significantly useful to visualise the interpolation influence on the original data. 
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The temporal linear interpolations of a hypothetical unimodal pixel for examples A to D is 

shown in the lower portion of Figure A.1.4. Notably, all examples with two obvious outliers 

have identical reference vector e.g. both of A’s outliers are interpolated; however, there is a 

slight change between original and interpolated values of all other invalid data. In example 

B there is no influence of the slightly longer gap length as because of its occurrence during 

a progressive increase. The occurring of the main difference between examples A and B, 

after the peak, denote that a longer gap does not essentially produce a worse result. The 

applying stricter settings on the interpolation of example C show unsatisfying results. 

Eliminating the whole peak, including the falling and rising limb and altering the temporal 

feature of the pixel is noticed. Having more invalid pixels in example D in comparison to 

that of C seems less promising. However, when interpolating the invalid data in example D, 

a general unimodal feature of the original is more likely to be retained (Colditz et al., 2008). 

Figure A.1.3 (a-d) displays both indices spatially and temporally. The spatial display 

illustrates the quality, i.e., the maximum gap length and the number of invalid pixels per 

(pixel). While the upper display shows the zoom image, the display in the lower right can be 

used for panning. On the one hand, individual input datasets, the quality pattern per 

composite, and the optionally loaded spatial dataset are shown by using other modes of 

spatial display. On the other hand, the percentage of invalid pixels for each composite (x-

axis) and the cumulative percentage of the maximum gap length are shown via the temporal 

quality plot. Also, the assessment of the percentage of pixels interpolated at a specific gap 

length is indicated by the summed display allows. Further temporal modes include, for 

example, neighbourhoods or sample interpolations at specific pixel, mean interpolation plots 

of units, or quality displays of optional spatial units. All recovered values are also showed 

in a text window. The data of the current temporal and spatial display, as well as the text, 

can be saved. 

More general spatial and temporal approaches for data interpolation are provided by TiSeG. 

Temporal interpolation is performed on the time vector of a pixel, while spatial interpolation 

uses a distance function and operates on a single SDS only. TiSeG's capability to process all 

types of MODland data entails the choice of general time-interpolation techniques, including 

spline, linear, and polynomial. Presumably, indices of the upper envelope for the vegetation 

may not hold for other datasets such as land-surface temperature and surface reflectance. 

Additional parameters are needed to guide interpolation for each of the three interpolation 
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methods. The interpolation of the longest gap length, specified by the maximum gap-length 

value, enables short gaps interpolation. However, gaps that are longer than what it has been 

specified are filled with a user-defined value. In contrast, the time vector is filled with user-

defined values if there are values fewer than what is specified.  Also, if the respective option 

is activated, the original vector is returned. The number of columns to be loaded in memory, 

referred to as “block size” performance-parameter because the length of a time series can 

easily exceed processing Random Access Memory (RAM). The “set first/last,” option is a 

compulsory parameter for the linear method, which sets the last valid value to the beginning 

of a time series and vice versa and is shown by the Spline and polynomial interpolation. The 

composites of the previous year and the following year can be added at the beginning and 

end due to increased uncertainty in a time series. After interpolation, the “shoulder” datasets 

are uninvolved from the time series. Moreover, the following two modes are used to run the 

polynomial interpolation: with a best fit polynomial or with a defined polynomial degree. 

The standard error is used as the best fit criteria by the latter approach to provide the selected 

degree in an additional dataset. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure A.1.4 Differences in quality indices (top) and hypothetical interpolations (bottom). The 

upper part depicts the differences in data availability indices number of invalid pixels and 

maximum gap length for four quality settings. The lower part illustrates identical hypothetical uni-

modal curves and applies the above settings with valid (green) and invalid (red) data. Dashed lines 

indicate the resulting plots if linear temporal interpolation would be used (Colditz et al., 2007). 
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A.1.2 Time series of Iraq and the UK 

It has been pointed out, for demonstration purposes, that generation and evaluation of NDVI 

time series were made using different quality settings. The following sections describe the 

generation of time-series and different interpolation functions have been described and 

explained in light of the current version of TiSeG software. Spatial and temporal data quality 

of Iraq and the UK is also being analysed.  

 

A.1.2.1 NDVI Time-Series Generation 

Multiple approaches have been used successfully for time series to produce time series that 

focus primarily on Advanced Very High-Resolution Radiometer (AVHRR) datasets (Viovy 

et. al., 1992; el Saleous et. al., 2000; Roerink et. al., 2000; Jönsson and Eklundh 2002; 

Colditz et. al., 2006b). New developments of sensor and dataset production systems such as 

for MEdium Resolution Imaging Spectrometer (MERIS) and MOderate Resolution Imaging 

Spectroradiometer (MODIS) also create indicators of data quality (Roy et al., 2002; 

Brockmann, 2004). These ancillary datasets have been successfully used for time series 

generation and data analysis (Lobell and Asner 2004; Landmann et. al., 2005; Leptoukh et. 

al., 2005, Lunetta et. al., 2006). The Time Series Generator (TiSeG) tool (Conrad et. al., 

2005; Colditz et. al., 2006, 2008) evaluates the pixel level Quality Assessment Science Data 

Set (QA-SDS) available for all value-added MODIS land products and selects appropriate 

pixels according to user-defined settings. The resulting gaps can be interpolated or masked 

by spatial or temporal functions. Besides two indices of availability of data for time series 

quality assessment that are generated via free software package: firstly, the number of invalid 

pixels to indicate the total of useful data for the entire period. Secondly, the maximum gap 

length important indicates a feasible interpolation. Spatial and temporal quality settings 

modification is required to overcome some pitfalls and to mitigate any interpolation 

problems. A detailed description of TiSeG and examples of time series for various quality 

settings is described in Colditz et. al. (2007). An annual time series of 16-day (temporal 

resolution) 250-m (spatial resolution) NDVI data (MOD13Q1, collection 5, version 5) was 

generated for the available period (2001-2017) but in this section, I will present just for one 

year (2010) as a sample (as the same procedure was used for the remain years, which are 

included the whole period (2001-2017)). The area of Iraq and UK are covered by the tiles 

(h21v05 and h22v05) and (h17v03 and h18v03) respectively (see Figure A.1.3), which were 
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mosaiced, re-projected to UTM zone 38N for Iraq and to TUM zone 30-31N for the UK, and 

subset using the MODIS Reprojection Tool (MRT). The data of 2010 were complemented 

with five composites (shoulder datasets) of fall/winter 2009 and winter/spring 2011, 

respectively because of the uncertainty over the beginning and end of a time series. 

Importing the composites into TiSeG; applying quality analysis and selecting the mandatory 

quality identical for all MODLand products, is stored in the first 2 bits. The so-called 

usefulness index is obtained from bits two to five, representing the total number of negative 

effects on a pixel. To derive an order that ranges from perfection to poor quality, more 

detailed quality data and auxiliary information such as viewing angles of the sun and Zenith 

are used. Information on the compositing approach, clouds, aerosols, and product-specific 

quality are saved in bits 6 to 15 (Huete, Justice, & Van Leeuwen, 1999). The generation of 

six time-series of different data quality, including the original data (layer stack) was made 

without difference of quality settings in terms of time and location (Table A.1.3). 

Subsequently, using linear time interpolation the time series were interpolated. For 

interpolating all invalid data, the interpolation parameters were set. Finally, removing the 

shouldering datasets after interpolation. 

 

 

 

 

Settings Usefulness Clouds Snow/ice Shadow 

C-S-S  No No No 

UI3 Perfect – acceptable    

UI3-C-S Perfect – acceptable No  No 

UI3-C-S-S Perfect – acceptable No No No 

UI5 Perfect – intermediate    

UI5-C-S Perfect – intermediate No  No 

UI5-C-S-S Perfect – intermediate No No No 

UI7 Perfect – acceptable –intermediate    

UI7-C-S Perfect – acceptable –intermediate No  No 

UI7-C-S-S Perfect – acceptable –intermediate No No No 
 

Note: The table shows only the quality settings used in this analysis. For a detailed 

description of the quality setting for products of MODIS vegetation index see Huete, Justice, 

& Van Leeuwen (1999) and Didan & Huete (2006).  

Table A.1.3 Quality settings of MODIS–NDVI time series that used in TiSeG 

software tool for Iraq and UK. 
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A.1.2.2 Interpolation functions 

In this section I followed the same experiment as Colditz et. al. (2008), the interpolation of 

different data gaps with real data was the focus. Some basics have been discussed with the 

hypothetical time series shown in Figure A.1.4. For a detailed description of the hypothetical 

interpolation can be found in Section A.1.1. The left part of Figure A.1.5 (a)-(e) displays 

five samples of curves drawn from the dataset of the first whole study area (Iraq) and three 

selected test sites (Sulaymaniyah, Wasit, Basrah) and for the whole second study area (UK). 

It can be observed in Figure A.1.5(a) profiles 1, 5 are similar in the fluctuation over a day of 

the year with some small variations and profile 2 is rather gradual, and furthermore, curves 

3 and 4 have a low dynamic range. While in Figure A.1.5(b), it can be noticed that the 

profiles 1, 4, 5 are consistent and convergent, but curve 2, 3 have significant differences 

compared with other profiles and have a low dynamic range as well. Whereas in Figure 

A.1.5(c), it can be noticed that profile 2 is shifting from other curves and curve 4 has dropped 

and rise in some points over the year and it is considered anomalous compared to the same 

points of other profiles. In Figure A.1.5(d), in all curves there are some drops and rise, also 

it can be seen there is clearly a shift between curve 2 and other profiles. It can be seen in 

Figure A.1.5(e), profiles 1, 2, and 4 are rather gradual, and additionally, curve 3 has a little 

energetic range. The right part of Figure A.1.5 (a)-(e) indicates the interpolation techniques 

include 1) simple linear interpolation, 2) spline functions with (first/last) and without (no 

first/last) confining the fit at the beginning and the end with the last and first good value, 

respectively, and 3) three polynomial functions of varying defined degrees (degree: 2 and 

degree: 8) or with a best-fitting degree, that used to interpolate the invalid pixels and fill the 

maximum gap lengths.  

From this experiment, the RMSE demonstrates the deviation of the interpolation from the 

original profile. The mean RMSE for each profile of different interpolation algorithms (right 

part of Figure A.1.5 (a)-(e)) indicates a constant low value for simple linear interpolation. 

What is also observable is the high-mean RMSEs for polynomials. Whereas a second-degree 

polynomial might not suffice for representing the time series accurately, an eight-degree 

polynomial may overfit. Interestingly, the best fitting polynomial does also not yield 

satisfactory results, since the best-fit criterion using the standard error is based solely on 

using good observations and the residuals.  
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(a) 

 

(b) 

 

(c) 

 

Figure A.1.5 Mean RMSE of interpolations in comparison to reference profiles of invalid data 

for the whole study area (Iraq). The left part indicates curve (unimodal) time series. The right 

part shows mean RMSE of each interpolation function for different profiles. 
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Figure A.1.5 (continued) 

 

Comparing profiles among each other for linear and spline functions (as shown in Figure 

A.1.5 (a)), gentle profile 1 with a high dynamic range shows lowest mean RMSEs, followed 

by gradual curves 2 and 5. Unsteady curves 3 and 4 depict generally high errors. It can be 

seen the same interpretations in Figure A.1.5 (b) and Figure A.1.5 (c). However, this does 

not necessarily result in high correspondence as compared to reference data. Therefore, the 

appropriate degree of polynomial interpolation depends to a large extent on the curve and 

missing data and is difficult to predict in a priori or using simple automated techniques. As 

shown in Figure A.1.5 (d), gentle profile 2 with a low dynamic range shows the lowest mean 

RMSEs, followed by gradual profiles 1 and 5. Unsteady curves 3 and 4 depict generally high 

errors, and the same case it can be observed it in Figure A.1.5 (e).  

 

A.1.2.3 Spatial temporal analysis of NDVI quality of Iraq and UK 

The number of invalid pixels of Iraq and three selected three test site (Figure A.1.6.I (a)-(d)), 

and for the UK (Figure A.1.6.I (e)) illustrates the temporal availability of data for ten selected 

settings (see Table A.1.3). For more details about the number of invalid pixels for the first 

(e) 

 

(d) 
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seven selected settings can be found in Figure A.1.6.II (a)-(e). It can be observed in the UK 

(Figure A.1.6.I (e)), that despite the long compositing period of 16 days per dataset, 

observations from late fall to spring are often contaminated. More valid data is observed in 

the summer period with the exception of day 161 (middle June). The higher number of 

invalid pixels during the winter period is due to both cloud and snow coverage, but a high 

number of invalid values during the summer months is only caused by clouds. The plots 

follow similar patterns but on different magnitudes. The differences in data availability 

between the most lenient (UI5 and UI7) and the strictest settings (UI3, UI3-C-S-S, and UI3-

C-S) are, on average, 25% but rise up to 50% for day 289. Among ten quality settings are 

four groups of data availability with small internal deviances: (A) UI5 and UI7, (B) UI5-C-

S-S, UI7-C-S-S, and C-S-S, (C) UI5-C-S and UI7-C-S, and (D) UI3, UI3-C-S-S and UI3-C-

S. The lenient setting of group A considers pixels with cloud contamination as valid data. In 

groups B and C and D, the effect of cloud cover is omitted. In addition, the strict setting of 

the usefulness in group D excludes several pixels with minor quality issues for example sun 

and view angles or aerosols. 

While in Iraq (Figure A.1.6.I (a)) it can be witnessed that in spite of the long compositing 

period of 16 days per dataset, observations from late mid of spring until winter are often 

contaminated. More valid data is observed in the summer period (as there is no cloud during 

summer in Iraq). A high number of invalid values during the winter months is only caused 

by clouds. The plots follow similar patterns but on different magnitudes. The differences in 

data availability between the most lenient (UI5 and UI3-C-S-S) and the strictest setting (UI3-

C-S) are, on average, 25% but rise up to 50% for day 289. Among ten quality settings are 

four groups of data availability with small internal deviances: (A) UI5, UI5-C-S, and UI5-

C-S-S, (B) UI3 and C-S-S (C) UI3-C-S and UI3-C-S-S, and (D) UI7, UI7-C-S-S, and UI7-

C-S. The lenient setting of group A considers pixels with cloud contamination as valid data 

in (UI5) and on the other hand not consider in (UI5-C-S, and UI5-C-S-S) which belong the 

same group and this is evidence that Iraq as a country, not intensive clouds. The effect of 

cloud cover is omitted in groups B in setting (C-S-S) but consider in (UI3). Also, the effect 

of cloud cover is removed from group C. In addition, the strict setting of the usefulness in 

group D excludes several pixels with minor quality issues such as sun and view angles or 

aerosols. It can be seen the same interpretation in Sulaymaniyah and Wasit (see Figure 

A.31.6.I (b) and (c)) with only difference is that can be seen the number of invalid pixels 
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(225, 241, and 257 days) in the late of summer until the beginning of Spring and this 

depended on nature of regions as Sulaymaniyah is located in the north in Iraq and sometimes 

there is cloud in the summer of Spring seasons. And Wasit is located in the middle of Iraq 

sometimes there is unexpected cloudy weather. While in Basrah (Figure A.1.6.I (d)) many 

invalid pixels during the summer months in most of the selected settings and in the winter 

season as well, as this region is characterised with dry weather and rising temperature 

especially in summer season. Overall, it can be concluded that Iraq as a study area compares 

with the UK the percentage of invalid data not big and it is easy to fill the small gaps for 

invalid data using linear interpolation technique.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

(a) 

 

(c) 

 

(d) 

 

(b) 

 

(e) 

 

Figure A.1.6.I Temporal-quality analysis of Iraq and the UK. The number of invalid pixels for 

Iraq (a), for Sulaymaniyah (b), Wasit (c), Basrah (d) and the UK. For ten selected settings.  
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The groups of quality settings are also revealed by the maximum gap length (as shown in 

Figure A.1.7 (a), and Figure A.1.7(b) for Iraq and the UK respectively). It can be observed 

in the UK (UI5 and UI7) reaches100% at the longest gap of four consecutive composites, 

both of all UI5-C-S-S, UI7-C-S-S, and C-S-S settings show gaps of five observations to 

achieve a level close to 100%. Both UI5-C-S and UI7-C-S settings show gaps of seven five 

observations to achieve a level close to 100%. While Each all of UI3, UI3-C-S-S, and UI3-

C-S settings show gaps of nine observations to achieve a level close to 100%. At the longest 

gap length of four or less, even settings of groups B and C interpolate approximately 96%, 

(a) 

 

(c) 

 

(d) 

 

(b) 

 

(e) 

 

Figure A.1.6.II Temporal-quality analysis of Iraq and the UK. The number of invalid pixels for 

Iraq (a), for Sulaymaniyah (b), Wasit (c), Basrah (d) and the UK. For selected seven settings.  
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90% and 80% of the data, respectively. Due to the limited information on vegetation 

dynamics during the winter season, the majority of the values were missing. The 

interpolation of composites with snow coverage will increase the NDVI response by the set 

snow flag. In Figure A.1.7(a), it can be noticed (UI5-S-C-S, UI5-C-S-S, UI5) reach 100% at 

the longest gap of four consecutive composites, both (UI3 and C-S-S) display gaps of five 

observations to achieve a level close to 100%. While in UI3-C-S-S and UI3-C-S) present of 

seven consecutive composites to reach a level close from 100%. Whereas all UI7 settings 

interpolate approximately 97% of the data. It can be noticed the majority of missing value 

as well happen during the winter season. After the quality assessment for whole study area 

Iraq I extracted the final values for three selected three test sites which (Sulaymaniyah, 

Wasit, and Basrah) so no need to repeat the same concept for each area as both of them 

which are located within whole first study area Iraq.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

(a) 

 

(b) 

 

Figure A.1.7 Temporal-quality analysis of Iraq (a) and the UK (b). Maximum gap length. The 

maximum gap length is plotted in a cumulative fashion, which allows one to estimate the 

proportion of pixels to be interpolated (y-axis) at a specific maximum gap length (x-axis) and vice 

versa. Specifications of quality settings are shown in Table A.1.3. For ten selected settings. 
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As described in the temporal analysis (Figure A.1.7), when applying the spatial view on the 

data quality in TiSeG software tool for Figure A.1.8 for different selected settings for the 

UK, illustrations similar patterns with the same groups of quality settings were observed. 

Areas with more or less available data were depicted by the number of invalid pixels (see 

Figure A.1.8 (a)). According to spatial patterns of lenient (UI5, UI5-C-S, and UI5-C-S-S) 

and medium settings (UI3, C-S-S, UI3-C-S, and UI3-C-S-S), due to snow during the winter 

and frequent cloud coverage in upland regions in the UK showing limited data quality. Strict 

settings (UI7, UI7-C-S-S and UI7-C-S) indicate a high number of invalid pixels between10 

and 15 for (2001, 2004, and 2009). In addition to already described quality features, the 

longest gap length (Figure A.1.8 (b)) indicates the influence of sun and view-angle geometry, 

identified at the path like patterns in the south-eastern and north-western portions of UI3, C-

S-S, UI3-C-S, and UI3-C-S-S. Nevertheless, even for strict settings, the maximum gap 

length shows only small areas in the uplands with more than five consecutive invalid 

composites. 

In this section, I presented the figures for the UK, as it has a big number of invalid pixel and 

there are variations in the terrain and due to the cloud cover most of the year and falling the 

snow in the winter season so there is a lot of things are interesting to discuss here. While in 

Iraq I did not present the figures (due to the huge number of figures) as the number of invalid 

pixels were not big and Iraq as study area consider not cloudy and the sky is clear most of 

the day of the year. 

 

 

 

 

 

 

 

 



Appendix A 

 

258 

 

 

Figure A.1.8 (a) (continued) 

C-S-S UI3 

UI3-C-S UI3-C-S-S 
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Figure A.1.8 (a) (continued) 

UI5 UI5-C-S 

UI5-C-S-S UI7 
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UI7-C-S UI7-C-S-S 

0 +10 Invalid Pixels 

Figure A.1.8 (a) Spatial quality analysis of UK for ten different selected settings. The number of 

invalid pixels: values greater than ten are all displayed in red with the highest values of 15. 

Specifications of quality settings are shown in Table A.1.3. 
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Figure A.1.8 (b) (continued) 

 

 

 

 

C-S-S UI3 

UI3-C-S UI3-C-S-S 
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Figure A.1.8 (b) (continued) 

 

 

UI5 UI5-C-S 

UI5-C-S-S UI7 
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The differences are calculated between the selected NDVI composites of the original values 

and corresponding interpolated NDVI data with ten selected settings (C-S-S, UI3, UI3-C-S, 

UI3-C-S-S, UI5, UI5-C-S, UI5-C-S-S, UI7, UI7-C-S, and UI7-C-S-S) that are illustrated in 

Table A.1.3, for both study area Iraq and the UK. It can be found in the UK most regions 

with low NDVI in January (day 1, the beginning of 16-day compositing period) and selected 

regions in March (day 81) were covered by snow. The interpolation of snow-covered NDVI 

data depends on the application of the time series would be critical for significantly, mapping 

of respiratory activity of green biomass would require information on snow coverage. 

However, if the study’s focus is on typical phenologies to predict it for future, snow coverage 

can be disregarded, because it is only a singular phenomenon. Low values of the interpolated 

March data also highlight large urban districts such as London, Nottingham, Bristol and 

industrial agglomerations in the western part. June (day 161) and July (day 193) are close to 

the peak of phenology in the UK. While in Iraq can be seen a little law values of the 

UI7-C-S UI7-C-S-S 

0 +10 Invalid Pixels 

Figure A.1.8 (b) Spatial quality analysis of UK for ten different selected settings. The maximum 

gap length: values greater than ten are all displayed in red with the highest values of 15. 

Specifications of quality settings are shown in Table A.1.3. 
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interpolated May data also highlight large urban districts such as Baghdad and Basrah. April 

(day 97) is the peak of the vegetation in Iraq. The interpolated values of NDVI for Iraq 

include three selected sites and UK after applied quality assessment process are showed in 

Table A.1.4 (which are directly used as input in the developed GSI phenological model for 

the selected baseline period (2001-2017), for both study areas (Iraq and UK)  (see Chapter 

5, 6, and 7).  

 

 

 

 

 

 

Month 
16-day-

composite 
Iraq Sulaymaniyah Wasit  Basrah  UK 

Jan01 1 0.05738951 0.05011066 0.14011066 0.10011066 0.55570590 

Jan02 17 0.09302324 0.05302324 0.12302324 0.14302324 0.57711760 

Feb01 33 0.14228487 0.08000537 0.17000537 0.19900537 0.58217651 

Feb02 49 0.20998890 0.12608890 0.20889045 0.23000000 0.57247061 

Mar01 65 0.28317479 0.21000846 0.31450846 0.28450846 0.57100000 

Mar02 81 0.38364019 0.25364019 0.36364019 0.34364019 0.58717652 

Apr01 97 0.48210775 0.33000000 0.38376623 0.31376623 0.62217650 

Apr02 113 0.48696299 0.45000000 0.33696299 0.22696299 0.65152941 

May01 129 0.29919582 0.48919144 0.22001914 0.15001914 0.68117650 

May02 145 0.20735064 0.35035064 0.10035064 0.06035064 0.72011763 

Jun01 161 0.13103556 0.19452567 0.02947433 0.02247433 0.74270590 

Jun02 177 0.09983270 0.12783270 0.02216729 0.01216729 0.73841181 

Jul01 193 0.06563304 0.08004467 0.01595533 0.01295533 0.71535292 

Jul02 209 0.05291519 0.06291519 0.02308481 0.01008481 0.68105880 

Aug01 225 0.05497518 0.05005798 0.02034202 0.01334202 0.67294120 

Aug02 241 0.06196317 0.05196317 0.02303683 0.01303683 0.66841181 

Sep01 257 0.06270725 0.05930424 0.01930424 0.01130424 0.66747061 

Sep02 273 0.09027412 0.08027412 0.04027412 0.03027412 0.65835291 

Oct01 289 0.13866483 0.15585661 0.08585661 0.05585661 0.65100000 

Nov01 305 0.20456048 0.35625554 0.26022555 0.15022555 0.64535292 

Nov02 321 0.38536654 0.33536654 0.35000000 0.25536654 0.61811763 

Dec01 337 0.204869016 0.20175069 0.28175069 0.25175069 0.5796471 

Dec02 353 0.10011535 0.14000000 0.11971153 0.15971153 0.5438824 

 

Table A.1.4 Interpolated mean NDVI values for the baseline period (2001-2017) for whole 

Iraq and three selected test sites (Sulaymaniyah, Wasit, and Basrah), and the whole UK after 

applied quality assessment procedure. 
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A.1.3 Conclusions 

Another critical issue for dependable long-term time series, besides accurate calibration, is 

data quality. To provide an advanced assay for generating time series and subsequent 

evaluating, a detailed pixel-level quality validation is to be used along with each MODLand 

data. For the purpose of weighting the quality of the dataset to its quantity; evaluating the 

MODLand; visualising data availability from a spatial and temporal perspective, the TiSeG 

is used as a key tool of implementation. Subsequently, the number of invalid pixels and the 

maximum gap length are two important indices to attest interpolation and viability of the 

analysis. Generating any time series including multiyear datasets is made feasible through 

TiSeG. However, the time series quality generated with TiSeG is more likely to be based on 

the accuracy of the MODLand quality assessment SDS. To get a meaningful interpolation, 

the quantity might not be sufficient. The strictest quality settings are, the higher is the 

selected data quality according to the quality assessment SDS. Thus, too lenient settings do 

not exclude composites of low data quality or enhance the time series. Besides, what can be 

influential and vial to the resulted time series is the suitable specification of the required data 

quality and using interpolation functions. Several generic interpolation routines are being 

offered by the TiSeG. For instance, the linear temporal interpolation and the spline functions, 

to a lesser degree, were most appropriate.   

A distinctive feature of the TiSeG is possibility of modifying the setting both spatially and 

temporally. Having said that, the use of the TiSeG has made is feasible to apply different 

quality settings to each composite and to load an optional discrete map for spatially various 

settings. Based on the goal of the study, the final setting is determined accordingly. This was 

demonstrated by the exclusion of snow-covered compounds during the winter period and the 

comparison of phenology between several years. 
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A.2 The seasonal index values for four climatic variables of modified GSI 

model for the period (2001-2010). 
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Figure A.2.1 The seasonal index values for minimum temperature, vapour pressure deficit, precipitation 

and photoperiod for whole study area for Iraq, showing the seasonal limits of each variable for the period 

(2001-2010). Indices are presented as a 21-day running average to better depict seasonal trends. 
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Figure A.2.2 The seasonal index values for minimum temperature, vapour pressure deficit, precipitation 

and photoperiod for first test site Sulaymaniyah, showing the seasonal limits of each variable for the 

period (2001-2017). Indices are presented as a 21-day running average to better depict seasonal trends. 
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Figure A.2.3 The seasonal index values for minimum temperature, vapour pressure deficit, precipitation 

and photoperiod for second test site Wasit, showing the seasonal limits of each variable for the period 

(2001-2017). Indices are presented as a 21-day running average to better depict seasonal trends. 
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Figure A.2.4 The seasonal index values for minimum temperature, vapour pressure deficit, precipitation 

and photoperiod for third test site Basrah, showing the seasonal limits of each variable for the period 

(2001-2017). Indices are presented as a 21-day running average to better depict seasonal trends. 
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A.3 Comparison of seasonal variation in the modified modelled Growing 

Season Index (GSI) with the Normalized Difference Vegetation Index 

(NDVI) at whole study area Iraq, for the period (2001-2010). 

Figure A.3.1 A comparison of seasonal variation in the modified modelled Growing Season Index (GSI) 

with the Normalized Difference Vegetation Index (NDVI) obtained from satellite coverage at 16-day 

intervals at whole study area Iraq, for the period (2001-2010). 
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Figure A.3.2 A comparison of seasonal variation in the modified modelled Growing Season Index (GSI) 

with the Normalized Difference Vegetation Index (NDVI) obtained from satellite coverage at 16-day 

intervals at Sulaymaniyah, for the baseline period (2001-2017). 

 

 

 



Appendix A 

 

276 

 

 

Figure A.3.3 A comparison of seasonal variation in the modified modelled Growing Season Index (GSI) 

with the Normalized Difference Vegetation Index (NDVI) obtained from satellite coverage at 16-day 

intervals at Wasit, for the period (2001-2010). 
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Figure A.3.4 A comparison of seasonal variation in the modified modelled Growing Season Index (GSI) 

with the Normalized Difference Vegetation Index (NDVI) obtained from satellite coverage at 16-day 

intervals at Basrah, for the period (2001-2010). 
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Appendix B 

B.1 Comparison between modelled and observed NDVI for the baseline 

period (2001-2017) 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

(a) 

Figure B.1 A comparison between modelled and observed Normalized Difference Vegetation 

Index (NDVI) at whole study area Iraq (a), Sulaymaniyah (b), Wasit (c), and Basrah (d) for a 

17-year average, for the period 2001-2017 (the ‘baseline’). 
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Figure B.1 (continued) 

 

 

 

 

(b) 
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Figure B.1 (continued) 

 

 

 

 

(c) 
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Figure B.1 (continued) 

 

 

 

 

(d) 
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Appendix C 

C.1 The seasonal index values for four climatic variables of modified GSI 

model for the baseline period (2001-2017). 
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Figure C.1 The seasonal index values for minimum temperature, vapour pressure deficit, precipitation 

and photoperiod for whole study area for Iraq, showing the seasonal limits of each variable for the baseline 

period (2001-2017). Indices are presented as a 21-day running average to better depict seasonal trends. 
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Figure C.2 The seasonal index values for minimum temperature, vapour pressure deficit, precipitation 

and photoperiod for first test site Sulaymaniyah, showing the seasonal limits of each variable for the 

baseline period (2001-2017). Indices are presented as a 21-day running average to better depict seasonal 

trends. 
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Figure C.3 The seasonal index values for minimum temperature, vapour pressure deficit, precipitation 

and photoperiod for second test site Wasit, showing the seasonal limits of each variable for the baseline 

period (2001-2017). Indices are presented as a 21-day running average to better depict seasonal trends. 
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Figure C.4 The seasonal index values for minimum temperature, vapour pressure deficit, precipitation 

and photoperiod for third test site Basrah, showing the seasonal limits of each variable for the baseline 

period (2001-2017). Indices are presented as a 21-day running average to better depict seasonal trends. 
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C.2 Comparison of seasonal variation in the modified modelled Growing 

Season Index (GSI) with the Normalized Difference Vegetation Index 

(NDVI) at whole study area Iraq, for the baseline period (2001-2017). 
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Figure C.5 A comparison of seasonal variation in the modified modelled Growing Season Index (GSI) with 

the Normalized Difference Vegetation Index (NDVI) obtained from satellite coverage at 16-day intervals at 

whole study area Iraq, for the baseline period (2001-2017). 
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Figure C.6 A comparison of seasonal variation in the modified modelled Growing Season Index (GSI) with 

the Normalized Difference Vegetation Index (NDVI) obtained from satellite coverage at 16-day intervals at 

Sulaymaniyah, for the baseline period (2001-2017). 
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Figure C.7 A comparison of seasonal variation in the modified modelled Growing Season Index (GSI) with 

the Normalized Difference Vegetation Index (NDVI) obtained from satellite coverage at 16-day intervals at 

Wasit, for the baseline period (2001-2017). 
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Figure C.8 A comparison of seasonal variation in the modified modelled Growing Season Index (GSI) with 

the Normalized Difference Vegetation Index (NDVI) obtained from satellite coverage at 16-day intervals at 

Basrah, for the baseline period (2001-2017). 
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C.3 Correlations between composite period NDVI and modified modelled 

GSI values 

 

 

 

 

 

 

 

 

 

 

 

Date Correlation without 

Precipitation 

Correlation with 

Precipitation 

2001 0.3908 0.9012 

2002 0.3041 0.7959 

2003 0.0678 0.7282 

2004 0.0837 0.7407 

2005 0.3470 0.8381 

2006 0.4005 0.7085 

2007 0.3469 0.9723 

2008 0.3011 0.5733 

2009 0.0309 0.7621 

2010 0.3987 0.9467 

2011 0.3658 0.8762 

2012 0.2791 0.7709 

2013 0.0428 0.7032 

2014 0.0587 0.7157 

2015 0.3220 0.8131 

2016 0.3755 0.6835 

2017 0.3219 0.9473 

 

Date Correlation without 

Precipitation 

Correlation with 

Precipitation 

2001 0.4846 0.8615 

2002 0.4067 0.7325 

2003 0.2607 0.8117 

2004 0.2773 0.773 

2005 0.4307 0.8169 

2006 0.5055 0.8002 

2007 0.6165 0.8806 

2008 0.3143 0.8009 

2009 0.2932 0.9077 

2010 0.5815 0.8794 

2011 0.4396 0.8165 

2012 0.3617 0.6875 

2013 0.2157 0.7667 

2014 0.2323 0.728 

2015 0.3857 0.7719 

2016 0.4605 0.7552 

2017 0.5715 0.8356 

Table C.1 Correlations between composite period NDVI values and modified modelled GSI values 

over seventeen years 2001-2017 (the ‘baseline’ period) for whole study area (Iraq).  
 

Table C.2 Correlations between composite period NDVI values and modified modelled GSI values 

over seventeen years 2001-2017 (the ‘baseline’ period) for first test site (Sulaymaniyah). 
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Date Correlation without 

Precipitation 

Correlation with 

Precipitation 

2001 0.8084 0.9780 

2002 0.7153 0.8786 

2003 0.4549 0.7007 

2004 0.6459 0.8468 

2005 0.6704 0.7851 

2006 0.6694 0.8756 

2007 0.7408 0.8617 

2008 0.7511 0.8547 

2009 0.5642 0.7404 

2010 0.7715 0.8312 

2011 0.7874 0.9560 

2012 0.6943 0.8566 

2013 0.4339 0.6787 

2014 0.6249 0.8248 

2015 0.6494 0.7631 

2016 0.6484 0.8536 

2017 0.7198 0.8397 

Date Correlation without 

Precipitation 

Correlation with 

Precipitation 

2001 0.3590 0.8255 

2002 0.5043 0.4837 

2003 0.0444 0.5552 

2004 0.2226 0.2578 

2005 0.6402 0.9176 

2006 -0.1019 0.1997 

2007 0.4634 0.5833 

2008 0.1335 0.6614 

2009 -0.0486 0.0635 

2010 0.4340 0.4120 

2011 0.3480 0.8165 

2012 0.4933 0.8272 

2013 0.0334 0.5462 

2014 0.2116 0.6468 

2015 0.6292 0.9086 

2016 -0.1129 0.1907 

2017 0.4524 0.8723 

Table C3 Correlations between composite period NDVI values and modified modelled GSI values 

over seventeen years 2001-2017 (the ‘baseline’ period) for second test site (Wasit). 
 

Table C.4 Correlations between composite period NDVI values and modified modelled GSI values 

over seventeen years 2001-2017 (the ‘baseline’ period) for third test site (Basrah). 
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Appendix D 

 

D.1 Comparison of seasonal variation in the modified modelled Growing 

Season Index (GSI) with the predicted Normalized Difference Vegetation 

Index (NDVI) at whole study area Iraq (a), Sulaymaniyah (b), Wasit (c), 

and Basrah (d) for all the period that selected 1951-2000 (the ‘past’), 2001-

2017 (the ‘baseline’), 2018-2050 (‘near future’) and 2051-2098 (‘far 

future’). 

 

 

 

 

 

 

 

 

 

 

 

  

 

 

 

 

 

 

(a) (b) 

(c) (d) 

Figure D.1 A comparison of seasonal variation in the modified modelled Growing Season Index (GSI) 

with the predicted Normalized Difference Vegetation Index (NDVI) at whole study area Iraq (a), 

Sulaymaniyah (b), Wasit (c), and Basrah (d) for a 50-year average, for the period 1951-2000 (the ‘past’). 
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Figure D.2 A comparison of seasonal variation in the modified modelled Growing Season Index (GSI) with 

the observed Normalized Difference Vegetation Index (NDVI) obtained from satellite coverage at 16-day 

intervals at whole study area Iraq (a), Sulaymaniyah (b), Wasit (c), and Basrah (d) for a 17-year average, 

for the period 2001-2017 (the ‘baseline’), (see correlation coefficients in Figure 5). 

 

 

 

(a) (b) 

(c) 
(d) 
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(a) (b) 

(c) (d) 

Figure D.3 A comparison of seasonal variation in the modified modelled Growing Season Index (GSI) with 

the predicted Normalized Difference Vegetation Index (NDVI) at whole study area Iraq (a), Sulaymaniyah 

(b), Wasit (c), and Basrah (d) for a 33-year average, for the period 2018-2050 (‘near future’). 
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(a) (b) 

(c) (d) 

Figure D.4 A comparison of seasonal variation in the modified modelled Growing Season Index (GSI) with 

the predicted Normalized Difference Vegetation Index (NDVI) at whole study area Iraq (a), Sulaymaniyah 

(b), Wasit (c), and Basrah (d) for a 48-year average, for the period 2051-2098 (‘far future’). 

 

 

 



Appendix D 

 

308 

 

D.2 Seasonal variation in predicted Normalized Difference Vegetation 

Index (NDVI) 

 

 

 

 

 

 

 

Figure D.5 A seasonal variation in predicted Normalized Difference Vegetation Index (NDVI) at whole 

study area Iraq (a), Sulaymaniyah (b), Wasit (c), and Basrah (d) over selected periods: 1951-2000 (the 

‘past’), 2001-2017 (the ‘baseline’), 2018-2050 (the ‘near future’), and 2051-2098 (the ‘far future’).  
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Appendix E 

E.1 Phenological predictions before and after applied normalization for 

the whole study area (Iraq) for different selected periods 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

(E.1) 
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(E.2) 
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(E.3) 
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(E.7) 



Appendix E 

 

316 
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Figure E A comparison of yearly variation in the developed modified modelled Growing Season Index 

(Predicted GSI) with the Normalized Difference Vegetation Index (predicted NDVI) at whole study area 

Iraq for (E.1): a whole period a 148-year for the period (1951-2098), (E.2): a 50-year for the period 

1951-2000 (the ‘past’), (E.3): a 17-year for the period 2001-2017 (the ‘baseline’), (E.4): a 33-year for the 

period 2018-2050 (‘near future’), and (E.5): a 48-year for the period 2051-2098 (‘far future’). Figures 

(E.6-E.10) represents a comparison of daily variation in the developed modified modelled Growing 

Season Index (Predicted GSI) with the (predicted NDVI) for whole study area and each selected site. 
 

(E.10) 
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Appendix F 

F.1 Inconsistencies cases for predicted seasonal index values 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

 

 

 

 

Figure F.1 The seasonal index values for minimum temperature, vapour pressure deficit, precipitation 

and photoperiod for whole study area for Iraq (a), Sulaymaniyah (b), Wasit (c), and Basrah (d), showing 

the seasonal limits of each variable for year (1959) included past period. Indices are presented as a 21-day 

running average to better depict seasonal trends. 

(a) (b) 

(c) (d) 
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Figure F.2 The predicted seasonal index values for minimum temperature, vapour pressure deficit, 

precipitation and photoperiod for whole study area for Iraq (a), Sulaymaniyah (b), Wasit (c), and Basrah 

(d), showing the seasonal limits of each variable for year (1968) included past period. Indices are presented 

as a 21-day running average to better depict seasonal trends. 

(a) (b) 

(c) (d) 
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Figure F.3 The predicted seasonal index values for minimum temperature, vapour pressure deficit, 

precipitation and photoperiod for whole study area for Iraq (a), Sulaymaniyah (b), Wasit (c), and Basrah 

(d), showing the seasonal limits of each variable for year (1971) included past period. Indices are presented 

as a 21-day running average to better depict seasonal trends. 

(a) (b) 

(c) (d) 
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Figure F.4 The predicted seasonal index values for minimum temperature, vapour pressure deficit, 

precipitation and photoperiod for whole study area for Iraq (a), Sulaymaniyah (b), Wasit (c), and Basrah 

(d), showing the seasonal limits of each variable for year (1988) included past period. Indices are presented 

as a 21-day running average to better depict seasonal trends. 

(a) (b) 

(c) (d) 
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Figure F.5 The predicted seasonal index values for minimum temperature, vapour pressure deficit, 

precipitation and photoperiod for whole study area for Iraq (a), Sulaymaniyah (b), Wasit (c), and Basrah 

(d), showing the seasonal limits of each variable for year (1995) included past period. Indices are presented 

as a 21-day running average to better depict seasonal trends. 

(a) (b) 

(c) (d) 
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F.2 Inconsistencies cases for comparison of seasonal variation 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

(a) 

(b) 

(c) 

(d) 

Figure F.6 A comparison of seasonal variation in the modified modelled Growing Season Index (GSI) 

with predicted Normalized Difference Vegetation Index (NDVI) at whole study area Iraq (a), 

Sulaymaniyah (b), Wasit (c), and Basrah (d) for year (1959) included past period. 
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(a) 

(b) 

(c) 

(d) 

Figure F.7 A comparison of seasonal variation in the modified modelled Growing Season Index (GSI) 

with predicted Normalized Difference Vegetation Index (NDVI) at whole study area Iraq (a), 

Sulaymaniyah (b), Wasit (c), and Basrah (d) for year (1968) included past period. 

 

 4a). 
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(a) 

(b) 

(c) 

(d) 

Figure F.8 A comparison of seasonal variation in the modified modelled Growing Season Index (GSI) 

with predicted Normalized Difference Vegetation Index (NDVI) at whole study area Iraq (a), 

Sulaymaniyah (b), Wasit (c), and Basrah (d) for year (1971) included past period. 

 

4a). 
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(a) 

(b) 

(c) 

(d) 

Figure F.9 A comparison of seasonal variation in the modified modelled Growing Season Index (GSI) 

with predicted Normalized Difference Vegetation Index (NDVI) at whole study area Iraq (a), 

Sulaymaniyah (b), Wasit (c), and Basrah (d) for year (1988) included past period. 
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(a) 

(b) 

(c) 

(d) 

Figure F.10 A comparison of seasonal variation in the modified modelled Growing Season Index (GSI) 

with predicted Normalized Difference Vegetation Index (NDVI) at whole study area Iraq (a), 

Sulaymaniyah (b), Wasit (c), and Basrah (d) for year (1995) included past period. 
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Appendix G 

 

 

Downscaling and statistical bias correction method  

In this Appendix, I presented the methodology that I followed in downscaling and bias 

correction method for both regional climate model (RCM) and observed dataset for climatic 

two variables (precipitation and temperature) for study area (UK), that are used as inputs in 

the developed phenological GSI model, more details for both this data can be found in 

Chapter3 (section 3.4.2). Although this step could be not necessarily in the phenological 

regional and global studies as the required resolution for this application not high, 

nevertheless I did that to more make sure about the results (Ines, Hansen, & meteorology, 

2006). But it will be very important in other studies especially in hydrological models. If the 

realistic output is sought, as is well known that global climate model (GCM) climatic 

variables (e.g., precipitation and temperature) outputs cannot be used to force hydrological 

or other impact models without some form of prior bias correction (Feddersen and Andersen 

2005; Piani et al., 2010). For example, errors in the daily precipitation of GCM infect the 

entire density spectrum: a few dry days, which are compensated by too much drizzle, the 

bias in the mean, and the inability to reproduce the observed high-precipitation events 

(Leander and Buishand 2007; Piani et al., 2010; Boberg et al., 2012). It is familiar, the 

designers of climate models are providing future global or regional temperature or 

precipitation projections in terms of relative changes in statistics (Piani et al., 2010).  

 

G.1 Methodology 

G.1.1 Statistical bias correction method  

Bias correction can be performed using different methods, however, as it was shown in 

Chapter 2 (section 2.6.2) that the distribution-based scaling (DBS) method has better 

performance in correcting the bias for the climate models in comparison to other approaches 

(Teutschbein and Seibert 2012; Chen et al., 2013; Fang et al., 2015; Pinya et al., 2015). For 

the purpose of correcting the daily RCM data from the biases for the two climate variables 

including precipitation and temperature. This study uses the DBS approach that followed by 
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Yang et al. (2010) and Fadhel et al. (2017). To determine the quantiles of the simulated and 

observed data for every month of the year calendar, the Gamma distribution is used when it 

comes to the precipitation.  

In order to bias-correct the regional climate temperature data, firstly should be matched the 

spatial resolution for both observed and modelled temperature datasets. By using a simple 

averaging approach, the observed temperature data were spatially upscaled from 1 km to 25 

km. The whole second study area (UK) has been covered via the upscaling procedure that 

ends up with 400 grids to match the RCM temperature grids. Later, the bias of temperature 

data were corrected to the upscaled observed data, by using the DBS approach based on the 

Gaussian distribution. For smoothing the mean and standard deviation for seasonal 

variations of daily temperature and to take them into account, a 15-day moving window was 

used, which were further smoothed using Fourier series with five harmonics (Fadhel et al., 

2017). Olsson et al. (2015) explored that the bias of modelled temperature data could be 

corrected with and without dependence between precipitation and temperature (i.e., wet-dry 

day separation), therefore, I have corrected the bias for regional climate temperature data 

without wet dry day separation. 

The cumulative distribution function (CDF) is used in the reference period to identify the 

corresponding percentile values of the future period, in order to bias-correct, the model 

future projection. Later the observation CDF is used to determine the value of climate 

variable for the same probability of future cumulative, which represents the bias-corrected 

future value. The negative of the above bias-correction procedure is the hypothesis of 

constant bias between the future and reference periods. However, I will accept this 

assumption as most of the recent studies did (Sunyer et al., 2015; Sarr et al., 2015; Kim et 

al., 2015, 2016; Fadhel et al., 2017). 

It has observed that most of the recent studies have carried out the bias correction of RCMs 

and GCMs statistically by reliant upon one reference period (Mirhosseini et al., 2013; Kuo 

et al., 2014; Sunyer et al., 2015; Sarr et al., 2015). However, a new an approach follows by 

Fadhel et al. (2017) which is by using ensemble of reference periods to bias-correct one 

RCM by. In this study I applied the same approach that followed by Fadhel et al. (2017) but 

with one reference period. The full time series of the observed and modelled precipitation 

for the period 1950–2014 were used in this analysis, to bias-correct the future RCM data. 

Thus, each ensemble member of the future RCM for the period 2069–2098 is bias-corrected 
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one time based on the selected reference period in this study (30 years). It is worth 

mentioning that six different regions are selected (Glasgow, Newcastle, Nottingham, 

Manchester, Bristol, and London) to apply downscaling and bias correction approach for 

both observed and modelled data as the climate in the UK varies in terms of precipitation 

and temperature. Hence, as the focus of this study, not assessing the uncertainty of the 

constructed future curves as have done by (Fadhel et al., 2017), but this step focuses on 

correct bias in the RCM data sets which is used the reference period to bias-correct the 

climate precipitation data, the bias of future climate temperature data for the period (2096-

2098) were corrected by fixing the reference period to (1985-2014). 

 

G.1.2 Creation of Intensity–Duration–Frequency (IDF) curves 

The selection of the Gumbel distribution (an Extreme Value distribution (EV)), as the best 

probability distribution for the study area based on three different viability fit tests: Chi-

Squared test; Kolmogorov–Smirnov; and Anderson–Darling. The derivation process is not 

shown here because it followed the standard procedure (Millington et al., 2011). In order to 

create the IDF curves in this study area, the EV distribution for the annual maximum series 

was used. Then, by using the method of maximum likelihood estimates, the EV parameters 

were estimated. The standard procedure by Fadhel et al. (2017) is followed, and it is not 

shown here the processing of creating IDF curves. 

 

G.2 Results and discussion  

G.2.1 Bias correction  

This study adopted the distribution-based scaling method for bias correction (Yang et al., 

2010; Fadhel et al., 2017). As noticed in the previous studies that the conventional bias 

correction method assumes that the bias for the future and benchmark period is the same 

(Boberg and Christensen 2012; and Sunyer et al., 2014). This assumption has effect on future 

bias-corrected rainfall data. In Figure G.1(a-f) which illustrates bias corrected rainfall by 

using convensional assumption for 11 RCM ensemble members and one selected reference 

period (1985-2014) for six different selected regions over UK. Figure G.1 shows the 

modelled rainfall and observation (top part from each figure) and bias-corrected RCM 

reference period (bottom part from each figure), for 11 RCM ensemble members for six 

selected sites that are located in different locations from UK (Glasgow, Newcastle, 
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Nottingham, Manchester, Bristol, and London). In Figure G.1(a) shows that the modelled 

rainfall for 11 RCM ensemble members over / underestimates the observation for the 

selected reference period 1985-2014. Thus, the bias representing the relative difference 

between the modelled and the observed precipitation in this study is positive / negative. In 

case of overestimation (positive bias), therefore, using the same bias for future RCM 

correction will result in the corrected data will be lower than the original uncorrected RCM 

in the future. The bias correction in this case tends to shift CDFs from the RCM for the 

current and future periods downwards so that the RCM in the current period matches the 

observations as shown at the bottom part of each figure. In contrast, Figure G.1 (a) shows 

that the bias of the RCM for this period underestimates the observation. Thus, the bias-

corrected RCM for the future that obtained by applying the same bias in the control period 

is greater than the corresponding raw future RCM because the corrected CDFs for the current 

and future periods are shifted upwards. Also, it possible to observe that same case in Figure 

G.1(b), there are over/underestimates the observation.  

 

 

 

 

 

 

 

 

 

 

 

 

 
 

 

Figure G.1 Bias-corrected reference period (1985-2014) for rainfall by using the 

convensional assumption of bias correction for six selected different sites over the UK 

(a) Newcastle, (b) Glasgow, (c) Nottingham, (d) Manchester, (e) Bristol), and (f) 

London.  

(a) (b) 
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Figure G.1 (Continued) 

(c) 
(d) 

(e) (f) 
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In order to facilitate visualization of how bias can change over time either by  magnitude 

and trend or both, for example, Figure G.2 shows the monthly  magnitude and trend of bias 

between the areal averages of the modelled and observed precipitation for specified 

reference periods for extreme precipitation for specific months (January February and 

March) for the entire UK. By referring to these changes in bias over time, one can determine 

whether future bias-corrected data will be smaller or larger than the original uncorrected 

data. 

Figure G.2 Monthly trend and magnitude of the biases between the areal averages of 

the observed (solid line) and the modelled (box plot of the 11 ensemble members) 

rainfall for the selected reference period. 
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Figure G.2 (Continued) 

 

It is worth mentioning that the accuracy of a future bias-corrected RCM precipitation 

depends largely on the reference period as it’s confirmed by Newton et al. (2012) and Fadel 

et al. (2017). Because the bias magnitude and trend between the observed and modelled 

precipitation for different reference periods can produce different results for the future bias-

corrected data. In addition, as a result to multifaceted fluctuations, the reference period may 

have fewer extreme cases and/or those extremes may have lower values than those in another 

period (Willems, 2013). Another explanation is that limiting the length of the reference 

period to 30 years may not be sufficient to represent the total length of the oscillation 

(Willems et al., 2012). Thus, these two issues may affect the results of future corrected 

rainfall data and subsequent IDF curves. However, from the above discussion it is important 

to say that in the phenological regional studies the bias correction for one reference period 

will be fine as not required fine resolution. I have adopted the conventional assumption that 

suggested by Fadhel et al. (2017) to bias correct the future RCM rainfall but for one reference 

period. In this method, the future bias-corrected data, then the future IDF curves for the 

corrected data can be produced.   

 

G.2.2 IDF curves resulted from the reference period 

In this study, the IDF curves for a six selected sites in the UK and for whole study area, were 

created for the future climate by using the following: one rainfall durations (day); 11 RCM 

ensemble members; six return periods; and one reference period for the bias corrections of 
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the RCM. In order to find out the percentage of the relative change between the current and 

future climate, the IDF curves were utilised. Furthermore, there is possibility to investigate 

the uncertainty (i.e., range) of the results for the future climate by comparing reference 

periods cases (in case select more than reference period) of future IDF curves that will be 

created based on the selected reference periods that will be  adopted for the bias correction 

of the future RCM. But, in this study the uncertainty in future IDF curves has not been 

investigated. This section is focused on creating the IDF’s curves as mentioned above to 

show relative change percentage between the current and future climate (as shown in Table 

G.1).  

Table G.1 illustrates the sample of the results of the percentage of change between the future 

and current climate for the mean of the 11 RCM ensemble members, one rainfall duration, 

one reference period, for whole study area and six selected sites, and for a 5-year return 

period.  

 

Table G.1 The percentage of change between the future and current climate for the 

mean of the 11 RCM ensemble members, one rainfall duration (1 day), 5-year return 

period, and one selected reference period. 

 

Study area Reference period 1 day 

Glasgow 

1
9
8
5
-2

0
1
4
 

17.79 

Newcastle 25.45 

Nottingham  21.74 

Manchester 21.85 

Bristol  21.99 

London  26.18 

UK 28.19 
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Appendix H 

H.1 Testing different selected threshold limits for parameters GSI model 

for the UK 

   

Table H.1 Selection different threshold limits for parameter model (option 1) 

 

Table H.2 Selection different threshold limits for parameter model (option 2) 

 

 

Parameters of 

modified GSI 

model 

Threshold Limits of parameters  

Lower 

and upper 

Limits 

Option1_1 Option1_2 Option1_3 Option1_4 Option1_5 Option1_6 

Minimum 

Temperature (°C) 

Minimum -6 -6 -6 -6 -6 -6 

Maximum 2 2 2 2 2 2 

Vapour Pressure 

Deficit (Pa) 

Minimum 1400 1400 1400 1400 1400 1400 

Maximum 3100 3100 3100 3100 3100 3100 

Photoperiod (hr) 
Minimum 10 9 8 7 7 7 

Maximum 11 10 9 8 9 10 

Precipitation (mm) 
Minimum 0 0 0 0 0 0 

Maximum 2 2 2 2 2 2 

Parameters of 

modified GSI 

model 

Threshold Limits of parameters  

Lower 

and upper 

Limits 

Option2_1 Option2_2 Optio2_3 Option2_4 Option2_5 Option2_6 

Minimum 

Temperature (°C) 

Minimum -4 -4 -4 -4 -4 -4 

Maximum 3 3 3 3 3 3 

Vapour Pressure 

Deficit (Pa) 

Minimum 1000 1000 1000 1000 1000 1000 

Maximum 3600 3600 3600 3600 3600 3600 

Photoperiod (hr) 
Minimum 10 9 8 7 7 7 

Maximum 11 10 9 8 9 10 

Precipitation (mm) 
Minimum 0 0 0 0 0 0 

Maximum 3 3 3 3 3 3 
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Table H.3 Selection different threshold limits for parameter model (option 3) 

 

 

Table H.4 Selection different threshold limits for parameter model (option 4) 

 

 

 

 

 

Parameters of 

modified GSI 

model 

Threshold Limits of parameters  

Lower 

and upper 

Limits 

Option3_1 Option3_2 Option3_3 Option3_4 Option3_5 Option3_6 

Minimum 

Temperature (°C) 

Minimum -2 -2 -2 -2 -2 -2 

Maximum 5 5 5 5 5 5 

Vapour Pressure 

Deficit (Pa) 

Minimum 900 900 900 900 900 900 

Maximum 4100 4100 4100 4100 4100 4100 

Photoperiod (hr) 
Minimum 10 9 8 7 7 7 

Maximum 11 10 9 8 9 10 

Precipitation (mm) 
Minimum 0 0 0 0 0 0 

Maximum 7 7 7 7 7 7 

Parameters of 

modified GSI 

model 

Threshold Limits of parameters  

Lower 

and upper 

Limits 

Option4_1 Option4_2 Option4_3 Option4_4 Option4_5 Option4_6 

Minimum 

Temperature (°C) 

Minimum 0 0 0 0 0 0 

Maximum 10 10 10 10 10 10 

Vapour Pressure 

Deficit (Pa) 

Minimum 500 500 500 500 500 500 

Maximum 4700 4700 4700 4700 4700 4700 

Photoperiod (hr) 
Minimum 10 9 8 7 7 7 

Maximum 11 10 9 8 9 10 

Precipitation (mm) 
Minimum 0 0 0 0 0 0 

Maximum 8 8 8 8 8 8 
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Table H.5 Selection different threshold limits for parameter model (option 5) 

 

Table H.6 Selection different threshold limits for parameter model (option 6) 

 

 

 

 

 

 

Parameters of 

modified GSI 

model 

Threshold Limits of parameters  

Lower 

and upper 

Limits 

Option5_1 Option5_2 Option5_3 Option5_4 Option5_5 Option5_6 

Minimum 

Temperature (°C) 

Minimum 0 0 0 0 0 0 

Maximum 15 15 15 15 15 15 

Vapour Pressure 

Deficit (Pa) 

Minimum 250 900 900 900 900 900 

Maximum 5000 5000 5000 5000 5000 5000 

Photoperiod (hr) 
Minimum 10 9 8 7 7 7 

Maximum 11 10 9 8 9 10 

Precipitation (mm) 
Minimum 0 0 0 0 0 0 

Maximum 9 9 9 9 9 9 

Parameters of 

modified GSI 

model 

Threshold Limits of parameters  

Lower 

and upper 

Limits 

Option6_1 Option6_2 Option6_3 Option6_4 Option6_5 Option6_6 

Minimum 

Temperature (°C) 

Minimum 0 0 0 0 0 0 

Maximum 20 20 20 20 20 20 

Vapour Pressure 

Deficit (Pa) 

Minimum 125 125 125 125 125 125 

Maximum 5350 5350 5350 5350 5350 5350 

Photoperiod (hr) 
Minimum 10 9 8 7 7 7 

Maximum 11 10 9 8 9 10 

Precipitation (mm) 
Minimum 0 0 0 0 0 0 

Maximum 10 10 10 10 10 10 
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Table H.7 Selection different threshold limits for parameter model (option 7) 

 

Table H.8 Selection different threshold limits for parameter model (option 8) 

 

 

 

 

 

 

 

Parameters of 

modified GSI 

model 

Threshold Limits of parameters  

Lower 

and upper 

Limits 

Option7_1 Option7_2 Option7_3 Option7_4 Option7_5 Option7_6 

Minimum 

Temperature (°C) 

Minimum 0 0 0 0 0 0 

Maximum 25 25 25 25 25 25 

Vapour Pressure 

Deficit (Pa) 

Minimum 100 100 100 100 100 100 

Maximum 6000 6000 6000 6000 6000 6000 

Photoperiod (hr) 
Minimum 10 9 8 7 7 7 

Maximum 11 10 9 8 9 10 

Precipitation (mm) 
Minimum 0 0 0 0 0 0 

Maximum 15 15 15 15 15 15 

Parameters of 

modified GSI 

model 

Threshold Limits of parameters  

Lower 

and upper 

Limits 

Option8_1 Option8_2 Option8_3 Option8_4 Option8_5 Option8_6 

Minimum 

Temperature (°C) 

Minimum -2 -2 -2 -2 -2 -2 

Maximum 5 5 5 5 5 5 

Vapour Pressure 

Deficit (Pa) 

Minimum 900 900 900 900 900 900 

Maximum 4100 4100 4100 4100 4100 4100 

Photoperiod (hr) 
Minimum 7 9 8 7 7 7 

Maximum 9 10 9 8 9 10 

Precipitation (mm) 
Minimum 0 0 0 0 0 0 

Maximum 7 7 7 7 7 7 
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Table H.9 Selection different threshold limits for parameter model (option 9) 

 

 

 

 

 

 

 

 

 

 

 

 

Parameters of 

modified GSI 

model 

Threshold Limits of parameters  

Lower 

and upper 

Limits 

Option9_1 Option9_2 Option9_3 Option9_4 Option9_5 Option9_6 

Minimum 

Temperature (°C) 

Minimum -2 -2 -2 -2 -2 -2 

Maximum 5 5 5 5 5 5 

Vapour Pressure 

Deficit (Pa) 

Minimum 900 900 900 900 900 900 

Maximum 4100 4100 4100 4100 4100 4100 

Photoperiod (hr) 
Minimum 7 9 8 7 7 7 

Maximum 9 10 9 8 9 10 

Precipitation (mm) 
Minimum 0 0 0 0 0 0 

Maximum 10 10 10 10 10 10 
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Appendix I 

I.1 The seasonal index values for four climatic variables of modified GSI 

model for the baseline period (2001-2017) for UK 
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Figure I.1 The seasonal index values for minimum temperature, vapour pressure deficit, precipitation and 

photoperiod for whole second study area for UK, showing the seasonal limits of each variable for the 

baseline period (2001-2017). Indices are presented as a 21-day running average to better depict seasonal 

trends. 
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Appendix J 

J.1 Comparison of seasonal variation in the modified modelled Growing 

Season Index (GSI) with the Normalized Difference Vegetation Index 

(NDVI) at whole study area UK, for the baseline period (2001-2017)  
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Figure J.1 A comparison of seasonal variation in the modified modelled Growing Season Index (GSI) 

with the Normalized Difference Vegetation Index (NDVI) obtained from satellite coverage at 16-day 

intervals at UK, for the baseline period (2001-2017). 
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