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Abstract 

With the development of remote sensing technology, satellite-based soil moisture estimates become more 

and more available, and the potential of satellite soil moisture products in landslide hazard assessment has 

been widely recognized. However, few studies have investigated the difference in this potential between 

different satellite soil moisture products. This study aims to assess different satellite soil moisture products 

from three aspects with more focus on their application in the landslide hazard assessment. First, the satellite 

data accuracy is evaluated by comparing with in-situ soil moisture measurements; Second, the completeness 

of the dataset is evaluated by analyzing missing values; Third, the performance in providing useful 

information for landslide assessment is evaluated based on infiltration events, which are identified from the 

time series of relative soil moisture and classified into two types: events with landslides and events without 

landslide. Through analyzing the difference of the event characteristics between these two types of events, 

the potential for landslide assessment is evaluated. Five latest satellite soil moisture datasets are selected, 

including ESA CCI soil moisture dataset, SMAP Level-3 (L3), enhanced Level-3 (L3), Level-4 (L4) surface, 

and Level-4 (L4) root zone soil moisture datasets. This study is carried out in a landslide-prone area, the 

Emilia-Romagna region in northern Italy. Results show that compared with other products, SMAP Level-4 
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surface and root zone soil moisture products have higher consistency and linear correlation relationship with 

in-situ measurements, and have no missing values in the dataset. Besides, they also perform better in 

distinguishing infiltration events with landslides from those without landslide. These indicate that SMAP 

Level-4 soil moisture products have greater potential to be used in landslide assessment in the study region. 

1. Introduction 

As one of the most common and frequent natural hazards, landslides pose great threats to human lives and 

infrastructures. With the development of mountainous areas, people and infrastructures are more easily 

exposed to landslides. The increase in extreme rainfall events caused by climate change also increases the 

frequency of rainfall-triggered landslides. These make the threats from landslides more serious.  

To mitigate the impact of landslides, landslide early warning system (LEWS) is needed to notify the public 

of upcoming landslides in the hazard  regions all over the world (Lagomarsino et al. 2012; Naidu et al. 2018; 

Piciullo et al. 2018; Segoni et al. 2018). From the published literature, LEWS is mainly based on traditional 

statistical approaches, like the most commonly used rainfall thresholds. Although LEWS performs well in 

term of high hit rate, it is usually achieved at the cost of high false alarm rate (Gariano et al. 2019; Rosi et al. 

2016). Based on the rationale that landslides are initiated by the increase in pore water pressures, which is 

more related to soil moisture, some scholars attempted to improve the credibility of LEWS by making use of 

soil moisture information (Marino et al. 2020; Thomas et al. 2019; Zhao et al. 2019; 2020). Bogaard and 

Greco (2018) advocated to develop hydro-meteorological thresholds to take into account both antecedent 

causal factors and recent rainfall triggers for landslide initiations. Marino et al. (2020) defined hydro-

meteorological thresholds by including soil moisture information, and the false alarm rate of LEWS is 

significantly reduced. Besides combining with rainfall information, soil moisture is also directly used to 

provide useful information for landslide early warnings. For example, Zhuo et al. (2019b) developed soil 

moisture thresholds for landslides under varied environmental conditions like land cover, soil type and slope. 

Wicki et al. (2020) used soil moisture as a proxy for landslide occurrences, and demonstrated the potential 

of soil moisture measurements for regional landslide early warning. 

In-situ measurements could provide accurate soil moisture information; however, due to the high cost of 

instruments and maintenance, it is difficult to have dense measurement networks over large areas. There are 

only a few studies exploring the potential of in-situ soil moisture measurements for landslide early warning 
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(Mirus et al. 2018; Wicki et al. 2020). Land surface modelling or hydrological modelling is another way to 

estimate soil moisture. Zhuo et al. (2019a) integrated three advanced Land Surface Model schemes with the 

Weather Research and Forecasting (WRF) model to estimate soil moisture for landslide hazard assessment. 

Zhao et al. (2020) used a distributed hydrological model SHETRAN to simulate soil moisture, and applied it 

to define thresholds for landslides. However, limitations persist for modelling approaches due to the high 

demand for accurate data inputs. Soil moisture information could also be retrieved using remote sensing 

technology, which is the major source of large-scale data. There are many satellites in orbit providing soil 

moisture estimates. Some are specifically dedicated to the measurement of soil moisture from space, like Soil 

Moisture Ocean Salinity (SMOS) mission by the European Space Agency (ESA), and Soil Moisture Active 

Passive (SMAP) mission by the National Aeronautics and Space Administration (NASA); Others provide 

soil moisture estimates by carrying onboard sensors, like the Advanced Scatterometer (ASCAT) on ESA’s 

MetOp-A and MetOp-B satellites, and the Advanced Microwave Scanning Radiometer 2 (AMSR2) on Japan 

Aerospace Exploration Agency (JAXA)’s GCOM-W1 satellite. With these measurements, there are various 

satellite-based soil moisture products available for research and operational purposes, like ESA Climate 

Change Initiative (CCI) soil moisture product derived by merging multiple active and passive sensors 

(https://www.esa-soilmoisture-cci.org/), and SMAP Level-3 (L3), enhanced Level-3 (L3), Level-4 (L4) 

surface and root zone soil moisture products derived from estimates of the SMAP passive microwave 

radiometer (https://smap.jpl.nasa.gov/data/). With the availability of satellite-based soil moisture estimates, 

there is an increasing interest in the possible use of satellite soil moisture for landslide hazard assessment. 

Brocca et al. (2016) used satellite soil moisture product ASCAT to improve the prediction of landslide hazard 

for an operational early warning system in Umbria Region (central Italy). Ray et al. (2010) developed 

improved landslide susceptibility maps with downscaled AMSR-E soil moisture. Thomas et al. (2019) 

assessed the feasibility of satellite-based information in the definition of thresholds for landslides, with the 

use of SMAP soil moisture products.  

Despite the potential of satellite soil moisture in landslide hazard assessment has been demonstrated, few 

have evaluated the difference in this potential between different satellite soil moisture products. As is known, 

due to differences in the measuring sensors, revisit period, scan pattern, area coverage and processing 

algorithms, satellite-based soil moisture products vary greatly in accuracy and resolutions, which has been 

widely explored in studies of comparing different satellite soil moisture products (Al-Yaari et al. 2019; Cui 
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et al. 2017; Ma et al. 2019). It could be inferred that these different characteristics will lead to different 

potentials of satellite soil moisture for landslide applications. Therefore, in this study, we aim to assess the 

potential of different satellite soil moisture products in landslide hazard assessment. Five latest satellite soil 

moisture datasets are selected for study, including ESA CCI soil moisture dataset, SMAP Level-3 (L3), 

enhanced Level-3 (L3), Level-4 (L4) surface, and Level-4 (L4) root zone soil moisture datasets. The reason 

for considering the ESA CCI soil moisture dataset is that it is created by merging information from multiple 

active and passive sensors. SMAP soil moisture datasets are selected because SMAP operates at L-band 

whereas AMSR-E and ASCAT retrievals are based on X-band (10.7 GHz) and C-band (5.3 GHz), respectively, 

and microwave radiometry at L-band (1.4-1.427 GHz) is recognized as the optimal to estimate soil moisture 

(Monerris et al. 2009). Besides, compared with SMOS that also uses L-band, SMAP could offer observations 

at higher spatial resolution that are less affected by radiofrequency interference than those from SMOS. From 

the perspective of their application in landslide hazard assessment, we assess these satellite soil moisture 

products from three aspects: (1) the accuracy in terms of soil saturation is evaluated by comparing with in-

situ soil moisture measurements; (2) the completeness of the dataset is evaluated by analyzing the missing 

values; (3) the performance in providing useful information for landslide assessment is evaluated by 

characterizing infiltration events. The study area is the Emilia-Romagna region (norther Italy), which is an 

extensively studied landslide-prone region due to its mature landslide records, and rich measurements of the 

hydrological and meteorological information. 

2. Study area and data sources 

2.1 Study area 

The study area is the Emilia-Romagna region in the north of Italy, covering an area of approximately 22446 

square kilometers (Figure 1). The north and east of this region are flat, formed by alluvial deposits of Po 

River. The southern and western parts are occupied by hills and mountains of Apennines, with the maximum 

altitude reaching 2165m. The mountainous area is highly subject to landslide hazards of different types, like 

rational-translational slides, slow earth flows and complex movements. Landslides are mainly induced by 

rainfall in this region. Corresponding to the characteristics of Mediterranean climate (warm and dry summer, 

and mild/cold and wet winter), rainfall-triggered landslides occur frequently in autumns and winters. 

2.2 Landslide data and in-situ measurement 
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Landslide data used in this study are provided by the Emilia-Romagna Geological Survey, which collects 

landslide information from various sources, such as researches, reports, national and local press, technical 

documents, etc. The recorded landslide information should include the occurrence location, location accuracy, 

occurrence date, date accuracy, landslide characteristics (length, width, type and material), triggering factors, 

damage and references. As landslides mainly occur in mountainous areas, it is difficult to collect all the 

information. In most cases, only the occurrence location, location accuracy, date and date accuracy were 

recorded. Despite these issues, this landslide catalogue is relatively complete compared with other regions. 

Given the availability of all satellite soil moisture products, the study period is from April 2015 to December 

2019. We only select landslides with a good accuracy in occurrence location and date for analysis. 

The in-situ soil moisture measurements adopted in this study are from the Regional Agency for the Prevention, 

Environment and Energy of Emilia-Romagna (Arpae), an agency maintaining the measurement of the 

hydrological and meteorological information in the Emilia-Romagna region. Although there are around 19 

soil moisture sensors installed within the region, only one sensor at the San Pietro Capofiume (Figure 1) can 

provide relative complete data for our study period. In this study, the daily volumetric water content (m3/m3) 

measurements at the surface are collected for the study period. 
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Figure 1. Map of the Emilia-Romagna region and the location of landslides, in-situ soil mositure station 

and reference pixels to which all satellite soil moisture products are interpolated 

2.3 Satellite soil moisture products 

Five latest satellite soil moisture datasets are selected for analysis in this study, which are from ESA CCI soil 

moisture product and SMAP (Soil Moisture Active Passive) soil moisture product. 

The ESA CCI soil moisture product is from the ESA Program on Global Monitoring of Essential Climate 

Variables (ECV), which is initiated in 2010 and produces an updated soil moisture product every year (Dorigo 

et al. 2017). There are three separate soil moisture products derived from active, passive and combined (active 

+ passive) sensors. The ACTIVE product and the PASSIVE product were created by fusing scatterometer 

and radiometer soil moisture products, respectively; and the COMBINED product was created by blending 

the former two datasets. In this study, we use the COMBINED product of the latest version (v05.2). 

Compared with previous versions, this version firstly includes SMAP radiometer data. Other improvements 

include improved intercalibration of AMSR-2 in the PASSIVE product and improved retrieval algorithm for 

all PASSIVE sensor data. The format of ESA CCI soil moisture is the volumetric water content (m3/m3), with 

a spatial resolution of 0.25 degree and a daily temporal resolution. 
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SMAP is a NASA environmental monitoring satellite launched on 31 January 2015, which is the latest on-

orbit satellite specifically dedicated to the measurement of soil moisture (Piepmeier et al. 2017). The SMAP 

carries two instruments, a radiometer (passive) and a synthetic-aperture radar (active). The approach of 

combing active and passive measurements takes advantage of the spatial resolution of the radar and the 

sensing accuracy of the radiometer. There are four levels of data processing: Level 1 products contain 

instrument-related data; Level 2 products result from geophysical retrievals that are based on instrument data; 

Level 3 products are daily global composites of the Level 2 geophysical retrievals for an entire UTC day, 

which are derived by re-sampling the Level 2 product to a global grid; Level 4 products contain estimates of 

root zone soil moisture , which are obtained by assimilating SMAP observations into a land surface model. 

In this study, three SMAP products are adopted for analysis: (1) SMAP L3 Radiometer Global Daily 36 km 

EASE-Grid Soil Moisture, Version 7 (hereinafter referred to as ‘SMAP-P’); (2) SMAP Enhanced L3 

Radiometer Global Daily 9 km EASE-Grid Soil Moisture, Version 4 (hereinafter referred to as ‘SMAP-PE’); 

(3) SMAP L4 Global 3-hourly 9 km EASE-Grid Surface and Root Zone Soil Moisture Geophysical Data, 

Version 5, including surface soil moisture and root zone soil moisture (hereinafter referred to as ‘SMAP-Sur’ 

and ‘SMAP-RZ’, respectively). The formats of these four datasets are the volumetric water content (m3/m3). 

Table 1 shows the detailed information of these satellite soil moisture products. For a fair comparison, we 

make the spatial and temporal resolutions of these products consistent. The 9 km grid of the SMAP-PE dataset 

is used as the reference grid to which all satellite products are interpolated through the nearest neighboring 

method (reference grids are shown in Figure 1). The adopted temporal resolution is one day, at which the 3-

hourly SMAP-Sur and SMAP-RZ datasets are aggregated.  

Table 1. Detailed information of satellite soil moisture datasets 

Product Abbreviation 
Temporal 

coverage 

Temporal 

resolution 

Spatial 

resolution 

Soil 

depth 

ESA CCI COMBINED soil 

moisture product (v05.2) 
ESA CCI 

11. 1978 to 

12. 2019 
daily 0.25° x 0.25° 0-5cm 

SMAP L3 Radiometer 

Global Daily 36 km EASE-

Grid Soil Moisture (v7) 

SMAP-P 

4.2015 to 

present 
 

daily 

36 km x 36km 0-5cm 

SMAP Enhanced L3 

Radiometer Global Daily 9 

km EASE-Grid Soil 

SMAP-PE 9 km x 9 km 0-5cm 
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Moisture (v4) 

SMAP L4 Global 3-hourly 

9 km EASE-Grid Surface 

and Root Zone Soil 

Moisture Geophysical Data 

(v5) 

SMAP-Sur 

3-hourly 9 km x 9 km 

0-5cm 

SMAP-RZ 0-100cm 

3. Methods 

3.1 Evaluation indicators 

Before analysis, the time series of the volumetric water content (both satellite and in-situ observations) is 

normalized with the minimum and maximum value for three reasons. First, owing to the limited knowledge 

of the local soil conditions, there are uncertainties related to the sensor calibration, which would lead to 

uncertainties associated with the absolute value of the volumetric water content. Second, the spatial 

heterogeneity of the variation range makes it difficult to compare data at different locations. Third, in 

landslide research, the occurrence of landslides is more related to the relative saturation rather than the 

absolute value of volumetric water content. The min-max normalization uses the following equation: 

 𝜃𝑛𝑜𝑟𝑚 =  
𝜃 − 𝜃𝑚𝑖𝑛

𝜃𝑚𝑎𝑥 − 𝜃𝑚𝑖𝑛
 (1) 

where 𝜃 , 𝜃𝑚𝑎𝑥  and  𝜃𝑚𝑖𝑛  are the measured, maximum and minimum value of the volumetric water 

content of the individual time series, respectively. The 𝜃𝑛𝑜𝑟𝑚 corresponds more or less to the term saturation.  

To evaluate the accuracy of satellite soil moisture estimates in terms of saturation, they are compared with 

in-situ soil moisture measurements by calculating error metrics. The error metrics used in this study include 

bias (Bias), Nash-Sutcliffe efficiency (NSE), root mean square error (RMSE), unbiased root mean square 

error (ubRMSE) and Pearson correlation coefficient (r), which are defined as follows: 

 𝐵𝑖𝑎𝑠 =  
∑ 𝑆𝑖

𝑛
𝑖=1 − ∑ 𝐺𝑖

𝑛
𝑖=1

𝑛
 (2) 

 

 𝑁𝑆𝐸 = 1 −
∑ (𝐺𝑖 − 𝑆𝑖)2𝑛

𝑖=1

∑ (𝐺𝑖 − �̅�)2𝑛
𝑖=1

  (3) 

 

 𝑅𝑀𝑆𝐸 = √
∑ (𝑆𝑖 − 𝐺𝑖)2𝑛

𝑖=1

𝑛
  (4) 
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 𝑢𝑏𝑅𝑀𝑆𝐸 = √
∑ [(𝑆𝑖 − 𝑆̅) − (𝐺𝑖 − �̅�)]2𝑛

𝑖=1

𝑛
 (5) 

 

 
𝑟 =

∑ [(𝑆𝑖 − 𝑆̅)(𝐺𝑖 − �̅�)]𝑛
𝑖=1

√∑ (𝑆𝑖 − 𝑆̅)2𝑛
𝑖=1 √∑ (𝐺𝑖 − �̅�)2𝑛

𝑖=1

  
(6) 

where n is the number of time steps, 𝑆𝑖 is the satellite estimate at time 𝑖, 𝐺𝑖 is the ground measurement at 

time 𝑖, 𝑆̅ is the mean of the satellite estimates time series, �̅� is the mean of the ground measurements time 

series.  

The smaller the absolute value of Bias, the smaller the difference between satellite estimates and ground 

measurements. In the situation of a perfect match between satellite estimates and ground measurements, the 

resulting NSE equals 1. Conversely, an NSE value of 0 represents that the error variance of satellite estimates 

is equal to the variance of ground measurements. For RMSE and ubRMSE, a smaller value indicates a better 

match between these two datasets. As for the correlation coefficient (r), a value of 1, 0 and -1 corresponds to 

the total positive linear correlation, no linear correlation, total negative linear correlation, respectively. 

3.2 Identification of infiltration events 

To evaluate the performance of satellite soil moisture product in providing useful information for landslide 

assessment, infiltration events are extracted and characterized. The continuous increase of soil moisture 

caused by infiltration process is regarded as the infiltration event. 

An automatic algorithm is designed to identify infiltration events from satellite soil moisture estimates and 

quantify the conditions that characterize an infiltration event. The algorithm is performed in three steps.  

Step 1: Pre-processing of satellite soil moisture estimates 

As the satellite soil moisture estimates in terms of volumetric water content range from 0 to 1 m3/m3, values 

outside this range are firstly marked as outliers. The detection of infiltration event is based on the continuous 

estimates of soil moisture; however, datasets typically have missing values. Although in most cases missing 

values are tagged, there are datasets with untagged missing values. To make the algorithm feasible, the tagged 

and untagged missing values and outliers are searched and replaced with the ‘na’ tag.  

Step 2: Identification of infiltration events 
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After the quality control, the volumetric water content is converted to saturation through the min-max 

normalization, and the saturation variation rate per day is calculated. The algorithm starts by searching for 

the variation rate smaller than threshold T1, referred as the minor fluctuation. If the direction of the minor 

fluctuation is opposite to its neighbors before and after, the minor fluctuation is marked as the inverse minor 

fluctuation. The inverse minor fluctuations are considered as noise, and the algorithm multiplies these 

variations rates by -1. The algorithm then searches for the period of continuous increase of the saturation 

variation rate, and the detected periods are infiltration events. To avoid the effect of other factors like the 

measurement noise and temperature effects, infiltration events that have a total increase rate smaller than 

threshold T2 are removed.  

Two thresholds T1 and T2 are determined by visually inspecting the identified infiltration events. In this study, 

the used value of T1 and T2 are 1% and 5%.  

Step 3: Quantification of infiltration event characteristics 

The algorithm calculates six indicators to characterize the infiltration event, including infiltration duration, 

start saturation, maximum saturation, mean saturation, saturation change from the start to the end and 

infiltration rate (saturation change divided by infiltration duration).  

As the spatial resolution of the interpolated satellite soil moisture is 9 km, landslides within 5 km radius are 

searched for each infiltration event. Thus, infiltration events are classified into two categories: infiltration 

events with landslides and infiltration events without landslide. For infiltration events with landslides, the 

properties are re-calculated by adjusting the end of the event to the landslide occurrence date. 

4. Results 

4.1 Accuracy evaluation 

We investigate the performance of five satellite soil moisture datasets through comparing with in-situ 

measurements. As there are lots of missing values in in-situ measurements during the period from July 2017 

to October 2018, Figure 2 only shows the temporal variation of volumetric water content and saturation for 

the period from April 2015 to June 2017, with lines and points representing in-situ measurements and satellite 

estimates, respectively. The comparison performances of the volumetric water content and saturation are 

summarized in Table 2 and Table 3, respectively. 
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Figure 2. Comparison of satellite soil moisture estimates (orange and green points) with in-situ 

measurements (blue line) in terms of the volumetric water content and saturation for a) ESA CCI, b) 

SMAP-P, c) SMAP-PE, d) SMAP-Sur and e) SMAP-RZ 

Table 2. Comparison of satellite soil moisture estimates with in-situ measurements in the format of 

volumetric water content (the best performances are in bold) 

  Bias NSE RMSE ubRMSE R 

ESA CCI 0.060  -0.152  0.084  0.060  0.650  

SMAP-P -0.030  0.438  0.059  0.051  0.762  

SMAP-PE -0.034  0.297  0.066  0.057  0.702  

SMAP-Sur -0.066  -0.052  0.081  0.032  0.817  

SMAP-RZ -0.079  -0.526  0.097  0.038 0.763  

 

Table 3. Comparison of satellite soil moisture estimates with in-situ measurements in the format of 

saturation (the best performances are in bold) 

Commented [DH1]: RMSE and NSE always agree with each 

other in ranking, so there is no need to have both. 
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  Bias NSE RMSE ubRMSE R 

ESA CCI 0.122  0.148  0.219  0.182  0.650  

SMAP-P -0.130  0.281  0.201  0.154  0.761  

SMAP-PE -0.140  0.141  0.220  0.170  0.702  

SMAP-Sur 0.020  0.651  0.140  0.139  0.817  

SMAP-RZ 0.011  0.544  0.160  0.160  0.763  

From the left plots of Figure 2, the variation range of the volumetric water content varies for different datasets. 

The in-situ measurements range from 0.09 to 0.42, which is similar to that of ESA CCI, SMAP-P and SMAP-

PE. The variation ranges of SMAP-Sur and SMAP-RZ show distinct differences from other datasets, with 

SMAP-Sur ranging from 0.04 to 0.31, and SMAP-RZ ranging from 0.08 to 0.24. On the other hand, the 

temporal variation of the volumetric water content shows that EAS CCI overestimates the in-situ 

measurements, while other products show an underestimation trend, and SMAP-RZ has the maximum 

underestimation, corresponding to the maximum absolute value of Bias in Table 2. According to the value of 

NSE and RMSE, SMAP-P has a better consistency with the measured soil moisture compared with other 

datasets. However, it is interesting to find that after removing the long-term mean bias for SMAP-Sur and 

SMAP-RZ, they have smaller ubRMSE values of 0.032 and 0.038 m3/m3, respectively, which meets their 

ubRMSE requirement of 0.04 m3/m3. Besides, there is a stronger linear relationship between SMAP-Sur and 

the in-situ measurements, with the correlation coefficient of 0.817. 

For the comparison of saturation in the right plots of Figure 2, the variation range of all datasets is from 0 to 

1. It is easy to find that SMAP-Sur and SMAP-RZ are superior to other products in both consistency and 

correlation coefficient, which are also reflected by the values of error metrics in Table 3.   

By comparing Table 3 with Table 2, the value of RMSE and ubRMSE generally becomes larger. This is 

because that the error magnitudes between the satellite estimates and in-situ measurements increase when 

converting volumetric water content to saturation. This conversion leads to a worse performance in terms of 

Bias and NSE for ESA CCI, SMAP-P and SMAP-PE, but a better performance for SMAP-Sur and SMAP-

RZ. This indicates that compared with the increase in error magnitudes, the improved consistency caused by 

the conversion is smaller for ESA CCI, SMAP-P and SMAP-PE, and larger for SMAP-Sur and SMAP-RZ. 

The correlation coefficient keeps consistent for all the satellite datasets. In summary, the conversion from 

volumetric water content to saturation has no effect on the linear correlation relationship between satellite 

estimates and in-situ measurements, but results in a great difference in the consistency between these two 
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types of data. Therefore, for the application of satellite soil moisture estimates to landslide assessment, it is 

necessary to carry out this comparison in the format of saturation, because landslides are more related to the 

relative saturation instead of the absolute volumetric water content. From the above results, for the format of 

saturation, SMAP-Sur and SMAP-RZ are superior to other products in both consistency and correlation 

coefficient. 

4.2 Completeness evaluation 

In landslide research, the analysis based on soil moisture information highly relies on the continuity of data. 

However, due to technical and operational problems, there are typically missing values in the dataset. 

Although individual missing values have little effect on the effectiveness of information, multiple and 

consecutive missing values could result in loss of information and affect the applicability of data. Therefore, 

we also evaluate the completeness of different satellite soil moisture datasets by analyzing the missing values. 

Figure 3 shows the boxplot of missing values for different satellite soil moisture datasets at all the reference 

grids. SMAP-Sur and SMAP-RZ have the continuous data, without any missing value. The proportion of 

missing values for ESA CCI varies greatly for different locations, with the median of 9%. The variation of 

missing values for SMAP-P and SMAP-PE is small, where the proportion of missing values fluctuates around 

50%. Besides, through inspecting the distribution of missing values in the dataset, it is found that the missing 

values in the ESA CCI dataset are individual and occasional, while the missing values are interspersed in the 

SMAP-P and SMAP-PE datasets, with one missing value for every one or two records.  

Although the proportion and distribution of missing values of ESA CCI have minor impact on the analysis 

of time series, it is within an acceptable range. However, for SMAP-P and SMAP-PE, the large missing 

values interspersed between records make it difficult to analyze the temporal variation of soil moisture and 

provide useful information for landslide occurrences. In this study, the missing values of SMAP-P and 

SMAP-PE product hinder the identification of infiltration events (the period with continuous increase of 

saturation). Therefore, in the following analysis on infiltration events, SMAP-P and SMAP-PE products are 

omitted. 
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Figure 3. The boxplot of missing values for different satellite soil moisture datasets at all the reference grids 

4.3 The potential for providing useful information for landslide assessment 

To investigate the potential of satellite soil moisture products in providing useful information for landslide 

hazard assessments, we first identify infiltration events from the time series of saturation, and classify the 

events into two types: infiltration events with landslides and infiltration events without landslide. These two 

types of infiltration events are then characterized with six indicators: infiltration duration, start saturation, 

maximum saturation, mean saturation, saturation change from the start to the end and infiltration rate. Only 

grids that have more than 5 landslides within 5 km radius are selected for analysis in this section, thus we 

obtain 21 grids, and 153 landslides are searched for these grids.  

The identified infiltration events are visualized in Figure 4 for a sample period at a sample grid. During this 

period, the number of identified infiltration events for ESA CCI, SMAP-Sur and SMAP-RZ are 54, 35 and 

19, respectively. The difference in the number of infiltration events could be explained by the data 

characteristics, where ESA CCI and SMAP-Sur have more variations compared with SMAP-RZ. For the 

sample grid, there are four infiltration events associated with landslides, with some infiltration events 

triggering more than one landslide. It is found that these landslides typically occur at a relative high level of 

saturation. 
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Figure 4. An example of identified infiltration events from time series of saturation, as well as the 

corrsponding landslides for a) ESA CCI, b) SMAP-Sur and c) SMAP-RZ 

To analyze the characteristics of infiltration events for different satellite soil moisture datasets, the 

distribution of event properties is shown in Figure 5. It is clear that infiltration events derived from SMAP-

RZ have the largest event duration, followed by SMAP-Sur and ESA CCI. This is mostly because there are 

less fine-grained variations for SMAP-RZ time series, which could avoid infiltration events with smaller 

durations. For start saturation, maximum saturation and mean saturation, there are similar distributions for 

the satellite soil moisture datasets: ESA CCI has the highest values when the cumulative probability is smaller 

than 35%, SMAP-Sur has the highest values when the cumulative probability is greater than 35%, and 

SMAP-RZ has the lowest values for almost all cumulative probabilities. As for the saturation change, the 

distribution of ESA CCI and SMAP-Sur are almost the same, with values greater than SMAP-RZ. At the 

same cumulative probability, ESA CCI has the highest infiltration rate, followed by SMAP-Sur and then 

SMAP-RZ. This distribution could be explained by the distribution of event duration and saturation change. 
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These results indicate that there are great differences in the characteristics of infiltration events between 

different satellite soil moisture estimates.   

 

Figure 5. Characteristics of infiltration events derived from different satellite soil moisture datasets 

The characteristics of infiltration events are further analyzed by separating infiltration events with landslides 

from those without landslide. The corresponding distribution of the event properties is shown in Figure 6. 

For the three satellite soil moisture products, there are differences in start saturation, maximum saturation 

and mean saturation between events with landslides and events without landslide. Landslide-related 

infiltration events generally have higher values compared with events without landslide, indicating that 

events with a higher saturation are more likely to trigger landslides, which is in line with the actual. The 

differences are more distinct for SMAP-Sur and SMAP-RZ compared with ESA CCI. As the greater the 

difference of event properties between these two types of infiltration events, the greater the ability of satellite 

soil moisture datasets to separate infiltration events with landslides from those without landslides, which 

implies that SMAP-Sur and SMAP-RZ have greater potential for providing useful information for landslide 

hazard assessment. From Figure 6, the differences in event duration, saturation change and infiltration event 
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between the two types of infiltration events are not as distinct as other indicators. For the event duration, this 

may be caused by the difference in calculating event properties of the two types of infiltration events. When 

calculating the properties of landslide-related infiltration events, the end date of the event is adjusted forward 

to the landslide occurrence date, which could reduce the event duration. The distribution of the saturation 

change depends on that of the start saturation and end saturation (equal to the maximum saturation), which 

together with the duration distribution determines the distribution of the infiltration rate.  

 

Figure 6. The differences in event properites between infiltration events with landslides and infilatration 

events withou landslide 

The properties of landslide-related infiltration events are also investigated by calculating their corresponding 

cumulative probabilities based on the cumulative distribution function (CDF) of the properties of all 

infiltration events, and the results are shown in Figure 7. Taking the event duration in Figure 7a as an example, 

the probability of 0.9 corresponding to the median means that there are 90% infiltration events with duration 

less than or equal to the median. The greater the probability, the higher the level of landslide-related 

infiltration events among all infiltration events in terms of a certain property. For event duration, start 
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saturation, maximum saturation and mean saturation, there are at least 50% infiltration events with values 

less than or equal to those of landslide-related infiltration events for all the three products. Especially, the 

probability almost reaches as high as 80% in the property of maximum saturation and mean saturation for 

SMAP-Sur and SMAP-RZ. In general, SMAP-RZ has higher probabilities compared with ESA CCI and 

SMAP-Sur for all the six properties, and is more in consistent with the actual situation, because landslides 

are more likely to occur when the soil moisture conditions are wetter and the infiltration process lasts longer. 

This indicates that SMAP-RZ is slightly better than SMAP-Sur in distinguishing landslide-related infiltration 

events based on event properties. 

 

Figure 7. The cumulative probability of properties of landslide-related infiltration events for a) ESA CCI, b) 

SMAP-Sur and c) SMAP_RZ 

5. Discussion 

There are multitude of studies focusing on evaluating the accuracy of satellite soil moisture products by 

comparing with in-situ measurements (Al-Yaari et al. 2019; Cui et al. 2017; Ma et al. 2019). However, this 

type of evaluation is not sufficient to reflect the potential of satellite soil moisture products in landslide hazard 
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assessment, because it is the pattern or variability changes in soil moisture time series that is more related to 

landslide occurrences instead of the absolute value of soil moisture (Wicki et al. 2020), and it is possible that 

datasets with lower accuracy have a greater match in the variation pattern. Therefore, to gain a better 

understanding of the difference between different satellite soil moisture datasets in landslide assessment 

potential, it is necessary to evaluate the satellite soil moisture products from the perspective of their 

application in landslide hazard assessment. This study focuses on three aspects: (1) the accuracy in terms of 

saturation gives an overall impression of the dataset accuracy; (2) the completeness of the dataset determines 

its applicability in practical applications; (3) the performance of distinguishing infiltration events with 

landslides from those without landslide reflects the potential to provide useful information for landslide 

assessment. We select five latest satellite soil moisture datasets for study, including ESA CCI soil moisture 

dataset, SMAP Level-3 (L3), enhanced Level-3 (L3), Level-4 (L4) surface, and Level-4 (L4) root zone soil 

moisture datasets.  

The comparison with in-situ measurements in terms of saturation shows that SMAP-Sur and SMAP-RZ are 

superior to other products in both consistency and linear correlation relationship. For the completeness 

evaluation, SMAP-Sur and SMAP-RZ do not have any missing value, ESA CCI has a lower proportion of 

missing values with the median of 0.1, and SMAP-P and SMAP-PE have around 50% interspersed missing 

values. The large proportion and the interspersed distribution of missing values result in the inapplicability 

of SMAP-P and SMAP-PE datasets in landslide assessment, which has a high requirement for the data 

continuity. As for the performance in providing useful information for landslide hazard assessment, SMAP-

Sur and SMAP-RZ perform better in distinguishing infiltration events with landslides from those without 

landslide based on event properties, and SMAP-RZ is slightly superior because its landslide-related 

infiltration events have higher values of the six properties, more in line with the actual situation where 

saturated conditions are more likely to trigger landslides.  

In summary, SMAP Level-4 soil moisture product (the dataset of SMAP-Sur and SMAP-RZ) has better 

performances in the above three evaluation aspects, indicating that SMAP Level-4 soil moisture product has 

greater potential to be used in landslide assessment in the study region. Besides the superior performances in 

this study, other studies also demonstrated that SMAP Level-4 soil moisture product is of high accuracy by 

comparing with in-situ measurements (Al-Yaari et al. 2019; Zeng et al. 2017). It is inferred that the superior 
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performance of SMAP Level-4 soil moisture product benefits from its processing algorithm, which 

assimilates SMAP L-band brightness temperature observations into the NASA Catchment land surface model. 

This algorithm also has other two strengths: the assimilation system facilitates complete coverage in time 

and space, and the land model makes it possible to derive soil moisture estimates below the surface. This is 

the reason why SMAP Level-4 soil moisture product is widely used in drought monitoring and water resource 

management (Kimball et al. 2019; Rahman et al. 2019; Sadri et al. 2018). In this study, although SMAP-Sur 

and SMAP-RZ achieve similar performances, SMAP-RZ is slightly better at distinguishing two types of 

infiltration events. This is because the method of identifying infiltration events in this study prefers the 

smoother time series of SMAP-RZ, which is less affected by noise and could better expose the signal of 

variations.  

In typical landslide researches, rainfall information is widely used to identify landslide occurrences, since 

rainfall event is highly related to infiltration process, which could increase pore water pressure and decrease 

matric suction, and thus trigger landslides. Charactering infiltration events with soil moisture estimates 

provides a more direct way to identify landslide occurrences. In this study, although there are differences in 

performances between different satellite soil moisture products, it is found that landslide-related infiltration 

events have higher saturation at the beginning and during the infiltration event compared with those without 

landslide, which corresponds to the hydrological wetting and meteorological triggering of the landslide 

initiation (Bogaard and Greco 2018). This conclusion also implies that it is necessary to integrate the 

antecedent soil moisture condition (or rainfall condition) into the well-used rainfall thresholds to predict 

landsides, which has proven to be a feasible way to improve the landslide predictions (Marino et al. 2020; 

Mirus et al. 2018; Zhao et al. 2019). 

There are some issues worth mentioning. First, this study derives the saturation using the min-max 

normalization of the time series. It should be noted that the derived saturation is an approximation. The real 

saturation is standardized by measurements of the porosity and the saturated and residual water content at 

the sensor location; however, the information is usually unavailable. Second, the comparison with in-situ 

measurements is highly limited by the availability of in-situ data. In this study, only the surface soil moisture 

measurements of one point are available. On the one hand, the accuracy evaluation at point scale may have 

poor representativeness for the regional scale considering the spatial variability of soil moisture; on the other 
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hand, the lack of deep-layer soil moisture may affect the accuracy evaluation of the SMAP-RZ dataset, which 

is for the root zone layer. Third, through analyzing the differences in event properties between infiltration 

events with landslides and those without landslides, we evaluate the difference in potential of different 

satellite products to provide useful information for landslide assessment. Despite the application in this study, 

the derived infiltration events have more room to be used in landslide hazard assessment like landslide 

predictions, and further explorations are encouraged.   

6. Conclusions  

This study explores the differences in landslide assessment potential between different satellite soil moisture 

datasets for the first time. We evaluate the satellite soil moisture datasets from three different aspects, which 

more focuses on their application in the landslide hazard assessment. First, the accuracy in terms of soil 

saturation is evaluated by comparing with in-situ soil moisture measurements; Second, the completeness of 

the dataset is evaluated by analyzing missing values; Third, the performance in providing useful information 

for landslide assessment is evaluated by charactering infiltration events. Five latest satellite soil moisture 

datasets are selected, including ESA CCI soil moisture dataset, SMAP Level-3 (L3), enhanced Level-3 (L3), 

Level-4 (L4) surface, and Level-4 (L4) root zone soil moisture datasets. This study is carried out in a 

landslide-prone area, the Emilia-Romagna region in northern Italy. Results show that compared with other 

products, SMAP Level-4 surface and root zone soil moisture products have higher consistency and linear 

correlation relationship with in-situ measurements, and have no missing values. They also perform better in 

distinguishing infiltration events with landslides from those without landslide. These indicate that SMAP 

Level-4 soil moisture products have greater potential to be used in landslide assessment in the study region. 

Besides, the root zone soil moisture dataset is slightly better in distinguishing the landslide-related infiltration 

events compared with the surface soil moisture dataset. This may be because that the time series of the root 

zone soil moisture dataset is smoother, which is less affected by noise and could better expose the variation 

signal. Although this study concludes that SMAP Level-4 soil moisture products perform better in the 

proposed evaluation aspects, more study areas and approaches are still needed to test this conclusion and 

promote the application of satellite soil moisture products in landslide hazard assessment.  
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