
                          Zentuti, N. A., Booker, J. D., Bradford, R. A. W., & Truman, C. E.
(2020). Plant loading uncertainties and their incorporation in
probabilistic creep damage assessments. International Journal of
Pressure Vessels and Piping, 187, [104134].
https://doi.org/10.1016/j.ijpvp.2020.104134

Peer reviewed version
License (if available):
CC BY-NC-ND
Link to published version (if available):
10.1016/j.ijpvp.2020.104134

Link to publication record in Explore Bristol Research
PDF-document

This is the author accepted manuscript (AAM). The final published version (version of record) is available online
via Elsevier at https://www.sciencedirect.com/science/article/pii/S0308016120301125 . Please refer to any
applicable terms of use of the publisher.

University of Bristol - Explore Bristol Research
General rights

This document is made available in accordance with publisher policies. Please cite only the
published version using the reference above. Full terms of use are available:
http://www.bristol.ac.uk/red/research-policy/pure/user-guides/ebr-terms/

https://doi.org/10.1016/j.ijpvp.2020.104134
https://doi.org/10.1016/j.ijpvp.2020.104134
https://research-information.bris.ac.uk/en/publications/77fdc6d8-f3e7-40a5-83f2-964a3d0cf997
https://research-information.bris.ac.uk/en/publications/77fdc6d8-f3e7-40a5-83f2-964a3d0cf997


Plant loading uncertainties and their incorporation in
probabilistic creep damage assessments

N A Zentuti, J D Booker, R A W Bradford, C E Truman

Solid Mechanics Research Group, University of Bristol
Queens Building, University Walk, Bristol, BS8 1TR, United Kingdom

Abstract

This work presents methodologies for the examination of uncertainties in loading

conditions for incorporation in probabilistic creep-fatigue (CF) crack initiation

assessments. These approaches are based on the use of plant data for tran-

sient (TR) as well as steady-operating (SO) conditions, with both potentially

having large contributions towards creep-fatigue damage. Conventionally, the

stress-states in a boiler plant component are found using thermal and mechani-

cal (elastic) finite element (FE) models. The main inputs to these models are the

boiler steam temperatures, and the outputs are the six stress components (SCs)

and the metal temperature (MT) at the assessment location(s) of interest. The

proposed methodologies were developed based on experience gained from examin-

ing a tube-plate (TP) plant component, for which historical data was available.

In a probabilistic assessment, the aim of these approaches is to replace time

intensive FE runs with probabilistic alternatives which incorporate the variabil-

ities in the loading conditions of interest. The value of these approaches lies in

the avoidance of running FE models for every probabilistic trial (of which there

typically may be more than 104), which would be computationally prohibitive.
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1. INTRODUCTION

An important part of assessing the lifetime of a plant component operating

at high temperatures is predicting the amount of creep-fatigue (CF) damage

that will have been accumulated by the end of service. Various codes and pro-

cedures provide guidance for estimating such damage, an example of which is5

the R5 procedure developed by EDF Energy [1, 2]. These assessment proce-

dures are predominantly conservative, and therefore commonly use bounding

values (deterministic) for material properties and loading conditions (tempera-

tures and stresses). However, various uncertainties exist when assessing a plant

component and incorporating a wide array of probabilistic techniques provides10

a systematic approach for addressing these uncertainties. These aim to provide

a systematic understanding of the various uncertainties involved, which is not

formally addressed by conventional deterministic assessments. As a result, and

as part of a wider probabilistic framework, the ultimate interest is in the full

utilisation of the available data for the purposes of quantifying the uncertainties15

which are simplified in deterministic approaches [3].

Plant loading conditions can be broadly considered to be either transient

(TR) or steady-operation (SO). Both conditions can have large contributions to

the CF damage. This work has been conducted with the R5 Volume 2/3 [1, 2]20

procedure in mind. However, the presented methodologies are flexible and can

be implemented within other structural integrity applications. Two approaches

are presented for probabilistically treating TR and SO conditions experienced by

boiler plant components. The aim is to replace bounding stresses and temper-

atures with stochastic equivalents which are informed by plant measurements.25

The work is only concerned with the probabilistic treatment of elastic stresses,

as these can be later translated to their elastic-plastic equivalents through a

Neuber approximation which is inherent within the R5 Volume 2/3 procedure.

The presented methodologies are contextualised through a case-study examining

a plant component which has been used to prove their utility. This component30
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is a tubeplate (TP) for which relevant plant measurements were available. Fi-

nite element (FE) representations showing the geometry of the TP are shown

in Figure 1. The probabilistic treatment of stresses and temperatures is part

of an overarching probabilistic methodology for creep-fatigue initiation which is

being explored in conjunction with the new probabilistic appendix (Appendix35

A15) to the R5 Volume 2/3 procedure.

(a) One-sixth model (b) Full model.

Figure 1: Finite element geometries used for thermal and mechanical modelling of (a) tran-

sient and (b) steady-operation events.

2. METHODOLOGIES

2.1. TRANSIENT LOADING

Transients form a key part of constructing idealised hysteresis cycles (Figure

2); specifically constructing the extremities of these cycles which directly influ-40

ence fatigue damage via the total cycle stress and strain ranges, and assessing

the creep damage through the process of calculating the start-of-dwell stress

(σB). To evaluate the stress range between the cycle extremities, all six stress

components (SCs) at the hot and cold ends are required. All SCs are needed

because the R5 Volume 2/3 procedure requires that Von Mises stress ranges are45

calculated from the ranges of individual SCs. Typically, the stress states for

these extremities are obtained from transient thermal and mechanical (elastic)

FE models. The key inputs for these analyses are the steam temperatures, while

the outputs are the six SCs and metal temperatures at a predefined assessment
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location. If a conventional deterministic assessment is being conducted, the50

most severe conditions for either extremities would be used. However, with the

variabilities in transient conditions across the lifetime of a component, assuming

fixed conditions for all TR events (typically based on severe and rare events)

can introduce substantial conservatism.

55

Figure 2: Schematic of a typical stress-strain (σ-ε) hysteresis cycle for a point located on the

surface of a tubehole going through a reactor-trip to start-up (RT-SU) cycle.

This section presents an approach for the characterisation of variabilities in

TR conditions by examining numerous events of the same type. Two types of

transient events were considered in this work: start-up (SU) and reactor-trip

(RT) events, which are characterised by rapid increases and decreases of load-

ing temperatures respectively. A procedure was followed to treat these events60

which starts with the processing of raw plant data related to a component of

interest. Concerning a CF damage assessment, a single transient event must be

characterised by a single stress state (i.e. six SCs) and a characteristic metal

temperature (MT). For a single transient event, and with the plant data as the

starting point, the process for inferring the desired transient conditions is sum-65

marised in Figure 3.

The overall elastic stress range for the creep-fatigue cycle (∆σCAel in Figure
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Figure 3: Flowchart showing the various stages involved in identifying the characteristic

(peak) stress state during a single transient event. Points A and C are associated with SU

and RT transients respectively.

2) is calculated based on the stress ranges of individual stress components:

∆σCAel = σRTel − σSUel (1)

where σRTel and σSUel represent the stress states at reactor-trip and start-up

transients for a single cycle respectively. Although the notation suggests as

much, this must not be interpreted as the algebraic difference between the peak70

Von Mises stresses for SU and RT. It must rather be understood as the Von Mises

stress range formed from the component ranges between SU and RT. In the R5

procedure, ∆σCAel has a direct effect on the total damage. However, due to the

procedure for constructing the hysteresis cycle, this stress range affects creep

and fatigue damages in different ways. To examine the effect of the magnitude75

of ∆σCAel induced by the SU and RT transients, a deterministic assessment of

the TP was used as a test case. For this purpose, a typical (fixed) stress state

in steady-operation was assumed to evaluate point B shown in Figure 2. Figure

4 shows the effect of varying the magnitude of one transient type (say the SU)

whilst keeping the other transient fixed. The key two conclusions that can be80

drawn are:

1. The most severe SU transient (i.e. producing the largest creep-fatigue
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damage) is associated with the stress state that would produce the largest

∆σCAel , and is characterised by the largest (negatively signed) stress com-

ponent.85

2. The most severe RT transient is associated with the stress state that

would produce the smallest ∆σCAel , and is characterised by the smallest

(positively signed) stress components.

However, it must be noted that the above conclusions are strictly applicable

when creep dominates over fatigue damage, which is the case for the TP. Fur-90

thermore, these are direct manifestations of the symmetrisation rule in the R5

Vol 2/3 procedure.

Figure 4 also indicates that the damage results are more sensitive to the

variability in the SU stress state than its RT equivalent. Furthermore, a more95

compressive SU stress state results in higher damage which is in line with known

experience; as a more compressive SU would imply a higher start of creep dwell

(σB) stress. Therefore, for a single transient event, the characteristic stress-

state and metal temperature for SU transients are taken at the location of most

compressive SU stress component, which in this case defines the assessment100

location of interest. For this application, it was judged appropriate to obtain

the desired quantities for the RT events at the same nodal location as the SU

transients. Finally, the six SCs and MT were then examined to assess their

variabilities by producing histograms for each quantity. Important correlations

to be examined are the correlations between the SCs and the MT. For a single105

assessment location and for a single transient type, these can be described by

a correlation matrix (sized 7 × 7) linking all characteristic loading quantities.

Moreover, it is deemed important to explicitly consider any possible correla-

tions between the stresses and temperatures. If these correlations are not taken

into account, non-conservative effects maybe introduced, for example the high-110

stress and low-temperature combinations for SU could potentially produce larger

damages. The Spearman (rank order) correlation coefficient was judged to be

6
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appropriate for this application because it does not impose any restrictions on

the type of distributions followed by the correlated parameters [4]. This makes

the it viable for the application at hand which looks at discrete data. The topics115

of calculation and incorporation of the Spearman correlation are discussed in

[5, 6, 7, 8].

Figure 4: The effect of varying transient stress magnitudes on total, creep and fatigue damages

obtained using a R5 Vol 2/3 deterministic assessment of the tubeplate. The x-axis on the left

plot is increasing magnitude of compressive SU stress, whilst the one on the right plot is

increasing magnitude of tensile RT stress.

2.2. STEADY-OPERATION LOADING

When assessing a plant component for CF damage, a key requirement is

the approximation of the stresses during nominal operation (i.e. periods of120

power production). Due to variabilities in the plant operating temperatures,

the stress state that a component might experience is ever-changing. As a re-

sult, the common practice of assuming a fixed (bounding) stress state which

persists during long periods of the component’s life can be overly conservative.

In general, stress states are modelled using thermal and mechanical (elastic)125

FE models which can be computationally intensive, and therefore pose a limi-

tation on their use in probabilistic calculations. This issue is explored in [9, 10]

and the adoption of the Response Surface Method (RSM, which is effectively a

multivariate regression approach [11, 12, 9]) was suggested for reducing compu-
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tational efforts. This section presents a methodology for the use of plant data130

for inferring SO loading uncertainties. The purpose is to provide a systematic

approach for constructing statistical, predictive models. These aim to act as

surrogates to replace computationally intensive FE models in probabilistic as-

sessments. They also attempt to predict the evolution of the stress state (an

uncertain output) as a function of plant operating conditions (e.g. the steam135

temperatures).

Plant data processing

For a plant component, the available SO plant data may be in the form of

thermocouple (TC) measurements recorded during the component history. This

history can be discretised into loading cycles, which in turn can be comprised140

of distinct events which represent various SO regimes between start-up and trip

which define one cycle. Therefore, the raw plant data can be condensed into a

single array comprising of event durations and the steam temperatures. For a

single event, it was assumed that mean conditions (steam temperatures) persist

for the duration of the event. In this work this new dataset will be referred to145

as the processed history data. A more detailed account of this process can be

found in [5]. It must be emphasised that this arrangement of the raw history

data does not necessarily influence the following stages of the proposed general

approach. Thereafter, a batch of history events can be run in FE models, which

produce temperature profiles for each event.150

Assessment locations

For the SO stress analysis choosing an assessment point (i.e. point of most prob-

able crack initiation) was required. Strictly speaking, and for creep dominated

cases, the most likely point to initiate a crack first is the point (or node) which

has a historic stress state which most frequently leads to the highest start-of-

dwell stress, σB (point B in Figure 2). This requires that the transient stresses

on either ends of the cycles, as well as the stress state during steady-operation

8
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are considered. Identifying the point of maximum σB can be non-trivial espe-

cially when the variabilities of SU and RT transients are considered. However,

the point of highest σB invariably corresponds to the highest stress range leading

up to the creep dwell:

∆σABel = σSOel − σSUel (2)

where σSUel and σSOel represent the elastic stress states for a SU transient and a

SO condition respectively. Therefore, to simplify this analysis, the assessment

point(s) are chosen as the node(s) which had the highest probability of producing

the largest ∆σABel relative to all possible SU events. This process for identifying155

key assessment locations is described as follows:

1. For a single SO (static) FE run which represents an event, ∆σABel is calcu-

lated for all nodes. For this step all possible SU transients are considered

in turn.

2. For each of the possibilities, record the node which had the highest stress160

range.

3. Repeat the procedure for all of the SO events considered.

4. For all SO events considered and for all SU possibilities, count the number

of times each node had the highest stress range. Eventually, only a select

number of nodes would be reoccurring.165

The results from this procedure can be visualised using a probability map. For

the TP this lists all the reoccurring nodes on the surface of all tubeholes and

highlights their probability of having the largest ∆σABel stress range across all

of the considered SO events. An example of such a map is presented in Figure

8. As a result, the main assessment point(s) for a single tubehole would be the170

node(s) which had the highest probability of having the maximum stress range,

as this is the most likely to initiate a crack first. Furthermore, this also provides

a rationale for examining multiple assessment locations, and the priority of

which points to assess would be identified according to the probability map.
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Stress predictive model175

The following stage in this methodology entails formulating a predictive model

which is fitted based on the data extracted from the FE results. This process

is summarised as follows:

1. Identifying the key input parameters which can be used as predictors to

estimate the stress state. For the TP, the maximum difference between180

the highest and lowest steam temperatures across the tubeplate, termed

the tilt, was found to dominate.

2. If the resulting input-output data is not well-behaved then some further

data analysis might be needed (e.g. data discrimination if the data is

bimodal).185

3. Fitting a predictive model to the input-output data using least-squares

regression, Response-Surface or possibly artificial neural networks. For a

linear model fit the following expression can be fitted to a system response

or dataset [12, 9]:

Y = Xβ + ε (3)

where Y and X are the output and input matrices respectively. If the

dataset is of size n, then Y and X are sized n × 1 and n × p, where p is

the number of fitted parameters (e.g. p = 2 if a first order fit is used). β

is the vector of fitted parameters (sized p × 1) and ε is vector of residual

terms (sized n× 1). An estimate for β can be found using:

β̂ = (XTWX)−1XTWY (4)

where W is an n×n diagonal matrix of weights. In the balanced case, all

diagonal elements in W are equal to 1. A discussion on setting the weights

can be found in [13, 14]. As a result, for predicting stresses at a specific

assessment location as functions of input(s) the following expression can

be used:

(σi) = (µi) + (εi) (5)
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where σi is the ith stress component (i = 1 : 6) for a single assessment

location, µi is the predicted mean value (obtained from Xβ̂) and εi is the

residual (error) component which is sampled from an associated histogram.

4. Investigating correlations between the stress component residuals.

5. For a wide rang of SO operating conditions, validating the probabilistic190

predictions given by the surrogate model against the deterministic FE

data using some appropriate measure (e.g. σB or ∆σAB)

For the TP, the above listed steps are discussed in detail in preliminary work

reported in [5].

Correlations between stress components195

Correlations between components must be considered as they have been proven

to affect the quality of the probabilistic stress predictions. Even for correla-

tions of modest strength, their effect can be important especially when there

exists multiple dominant stress components, and the residual terms are large

[5]. The required correlations can be interpreted as correlations between resid-200

uals (or errors) relative to the regression fit, rather than correlations between

deterministically evaluated stress components. The latter correlation is indeed

important, as dominant stress components are typically correlated for a range

of inputs. However, that correlation is accounted for by virtue of the regression

fits i.e. the six components are linked (or correlated) since they are all functions205

of input parameter(s). The residuals (which are treated as being independent of

the input) need to be correlated separately, and are advised not to be sampled

independently. Therefore, a correlations matrix (linking the residuals of the

stress components) can be calculated for each assessment location.

210

A physical explanation as to why stresses can be significantly correlated lies

in the location of the assessment point. If the assessment point lies on a free

surface or an edge, which is most commonly the case, then the stress state

is biaxial or uniaxial. In which case the six stress components discussed in

11



this work are just rotations of a biaxial or uniaxial principal stress state. For

example, for a simple 2 dimensional case, the effect of rotating the stress axis

from an underlying uniaxial stress state is represented by:
σ11′

σ22′

σ12′

 =


c2 s2 2sc

s2 c2 −2sc

−sc sc c2 − s2



σ11

0

0

 (6)

where c and s are the cosine an sine of the rotational angle. Therefore, these

correlations are, at least in part, attributed to fixing the orientation of the

stress axis for the entire FE model. This makes conducting the R5 V2/3 more

straightforward because the orientation of each stress component is kept fixed.

When this procedure is conducted for a fixed location, then what is of interest is215

the change in one stress component from one SO event to the next. Therefore,

these correlations essentially represent the relative orientation of the global axis

with respect to the local principal axis. As a result, these correlations are

location specific and must be inferred from stress results taken from the same

node in the FE model.220

Metal temperature modelling

Predicting the MT was based on the observation that it would be strongly linked

to the input steam temperatures. Thus the proposed approach for predicting

the MT for a specific assessment location for a specific event uses the following

expression:

TM = TS + ∆T (7)

TM is the metal temperature and TS is the stream temperature. The latter

is taken as a deterministic input which is given by the processed history data,

while ∆T is sampled from an appropriate histogram (for an example see Figure

11).225
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3. CASE-STUDY: THE TUBEPLATE (TP) PLANT COMPONENT

3.1. COMPONENT DESCRIPTION

The TP is a cylindrical component which has 37 tubeholes and is made of

type 316H stainless steel forging. The failure mechanisms are driven by creep-230

fatigue, large thermal transients and over-heating due to tube restrictions. Due

to legacy work that has been done on this component, two separate FE ge-

ometries have been used: a sixth model (Figure 1a) for transient events and a

full model (Figure 1b) for steady-operation events. Figure 2 shows the loca-

tion of the start-of-dwell stress (σB , point B) at an intermediate position in the235

hysteresis cycle, which is typical for a point near the surface of a tube bore.

During a start-up (SU) transient, the surface of a tubehole is heated up while

the surrounding metal remains colder, thus the difference in thermal expansion

produces a compressive stress (point A in Figure 2) near the surface of the

tubehole. The reverse effect occurs during a reactor-trip (RT) transient where240

a tensile stress (point C) is induced on the surface. Point B can include peri-

ods during which large temperature gradients are induced by boiler instabilities

which in turn lead to large thermal stresses.

3.2. Transient loading results245

Figures 5 show examples of the processed transient FE data for a single as-

sessment location. Across the events examined, the SU and RT events which

had the most severe stress states at an assessment location of interest are sum-

marised in Table 1. In addition to stresses, metal temperature data was also ex-

tracted from the FE results. Metal temperatures are important in creep-fatigue250

assessments as they may influence the material properties used for characteris-

ing the cycle extremities and creep rates. Figure 6 shows histograms of metal

temperature data based on the all the available SU and RT events.

For each of the two considered transient types (SU and RT) correlations

matrices linking the six SCs where constructed . For the SU events, which in

13
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Table 1: Most severe transients out of the examined SU and RT events for single assessment

location of interest.

Stress components [MPa]
Metal temp. [◦C]

σ11 σ22 σ33 σ12 σ13 σ23

SU 12.58 -271.60 5.68 0.08 -0.11 -1.04 439.6

RT -4.99 196.70 -4.16 -0.03 0.05 0.80 372.8

some cases had very strong (> 0.9) correlation coefficients, is:

1.00 0.96 0.99 −0.72 0.46 −0.50

0.96 1.00 0.97 −0.65 0.31 −0.46

0.99 0.97 1.00 −0.71 0.44 −0.50

−0.72 −0.65 −0.71 1.00 −0.27 0.87

0.46 0.31 0.44 −0.27 1.00 0.06

−0.50 −0.46 −0.50 0.88 0.06 1.00


(8)

This correlation matrix relates to the six stress components according to this

order: σ11, σ22, σ33, σ12, σ13 and σ23. It worth highlighting that due to the255

approach taken for extracting stresses from the FE models, namely focusing on

surface nodes, the stress states are likely to be biaxial or uniaxial if stresses

are taken from an element located on a free surface or an edge. Therefore, the

correlations between stress components are likely due to the reorientation of

stresses relative to the local principal axis.260

For SU and RT, Figure 7 shows histograms of the Spearman correlation be-

tween metal temperatures and the most dominant stress component. For both

transient types, often a strong negative correlation was observed. To clarify,

for SU the stresses were kept compressive (i.e. negative) when calculating these265

corrections. Therefore, the correlations in Figure 7a indicate that a low temper-

ature correlates with a smaller compressive stress. A physical explanation for

these correlations is that the point that has a high temperature relative to it’s

14



surroundings will try to expand but will experience a compressive stress due to

the constraint from the colder surrounding points, which is the case for a SU270

transient. For RT the reverse is correct; the point in question tries to contract

but is stretched by its hotter surrounding points, therefore producing a high

tensile stress.

(a) SU (b) RT

Figure 5: For Tubehole 2 (TN = 2) and for the examined SU and RT transient events (20

and 18 events respectively), this figure shows histograms of the processed FE data for direct

stress components. For each plot, the sum of frequencies is equal to one.

3.3. Steady-operation loading results275

The methodology for SO loading was applied to the TP as its historic data

was processed and 1300+ steady-operation events were run in FE to produce

metal temperature and stress results. Thereafter, the main assessment locations

(nodes) for each tubehole where identified by finding the locations which most

frequently produced the largest ∆σABel across the 1300+ FE runs. The outcome280

was the probability map shown in Figure 8, which shows that only a select

number of surface nodes would be expected to frequently have the largest stress

ranges. For example, for Tubehole 2 (T = 2), one node had 50% chance to

have the largest stress range. This map provided a rationale to select a limited

number of nodes per tubehole on which to focus assessment efforts, as these are285
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(a) SU (b) RT

Figure 6: Histograms of metal temperatures (the temperatures used for the assessment) based

on data for Tube 2 across all 20 SU and 18 RT events. Medians were 435.60◦Cand 362.76◦C

for SU and RT events respectively. For each plot, the sum of frequencies is equal to one.

(a) SU (b) RT

Figure 7: Across all 37 tubes, histograms of Spearman correlations coefficients between the

assessment metal temperature (see Figure 6) and the most dominant stress component (σ22)

for SU (see Figure 5a) and RT (see Figure 5b). For each plot, the sum of frequencies is equal

to one.

the most likely to initiate a crack.

The following stage was to extract the FE results from the chosen assessment

locations. The output of interest were the six SCs and the metal temperatures

16



at the assessment locations. It was required to identify the key inputs which are290

later used to infer stresses. Various input parameters were postulated and tri-

aled [5], but only one seemed to strongly dominate all 6 SCs, which was the tilt.

The latter is defined as the steam temperature difference between the hottest

and coldest tubeholes. The conclusion was that the tilt strongly dominated the

output stress state, and thus only this input parameter was deemed to be worth295

considering at this stage.

The relationship between each SC and tilt exhibited a multi-modal be-

haviour, as shown in Figures 9. A possible explanation for this behaviour might

be the existence of another input parameter which was not identified i.e. the300

plot in Figure 9 only shows a slice of a multidimensional surface. However,

no such parameter was successfully identified for the TP. For the purposes of

the application at hand, it was deemed appropriate to segregate each stress

component dataset into three distinct modes. A discussion on the use of dis-

crimination using Bayesian discriminant rule can be found in [15] and, based305

on the same principles, [16] provides various data analysis tools in MATLAB R©,

which includes the rda function which was implemented to segregate the pro-

cessed FE data into three modes . For reference, these results were for Tubehole

2 (T = 2) taken at the nodal location that had 50% chance of having the largest

stress range (see Figure 8). The modes across all stress components do (almost)310

perfectly correlate. That means if one point is part of Mode 1 for one stress com-

ponent, it will (almost always) lie on the same mode for the other 5 components.

After segregating the input-output datasets (6 sets, one per SC), least-

squares regression was used to fit linear models to the data. Figure 9 shows315

datasets for the most dominant SC as functions of input tilt, segregated into

3 modes and with the appropriate least-squares fits. It was judged that Mode

3 subsets can be disaggregated, and this was believed to be conservative. The

Mode 3 was consistently compressive and therefore would not increase creep

damage (within the context of R5 in any case). As a result, these subsets were320
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disaggregated for simplicity as this is judged to be conservative. Therefore, only

Modes 1 and 2 were considered in the proposed predictive model for the TP.

Figures 9 also shows the residuals relative to the regression fits presented as

histograms. Theses histograms were used to model the statistical model uncer-

tainty (εi in Equation 5)) for each stress component.325

A Monte-Carlo simulation (MCS) was implemented to produce probabilistic

stress range predictions for the full range of possible input tilts, the outcome

of which is shown in Figure 10. The inputs for this MCS were the stochasti-

cally modelled stress components using Equation 5, where the mean stress was330

obtained from the least-squares fit and the error term was produced by sam-

pling the histograms shown in Figure 9. Correlations between stress component

residuals (see Equation 9) were also incorporated and were found to signifi-

cantly affect the sought probabilistic ∆σABel predictions. Figure 10 also shows

the ∆σABel calculated from the original processed FE results (the deterministic335

data used to construct the predictive model). This data was superimposed on

the ∆σABel predictions for verification purposes. The predictions were consistent

with the deterministic data, and only a small number of data points lies outside

the envelope (maximum-minimum and upper-lower confidence limits in Figure

10) produced by the probabilistic predictions. This was believed to be accept-340

able because the predictions were consistently higher than the points outside

the envelope, and therefore was considered conservative.

Figure 11 shows a histogram of the differences between the metal and steam

temperatures for all of the 1300+ SO events which were considered. These

results suggest that an underlying distribution does exist, and can be sampled to

stochastically model the random variable ∆T in Equation 7. With temperatures

being as important as stresses for promoting creep damage, it was judged that

correlations between ∆T and the stress component residuals should also be

incorporated for their importance in a prospective probabilistic assessment. A

7 × 7 matrix which links not only stress component residuals, but also links
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these residuals and ∆T was computed. For the same assessment location as the

one considered in Figure 9, the correlations matrix was as follows:

1.00 0.05 0.04 0.52 0.05 0.09 −0.02

0.05 1.00 0.62 0.35 0.62 0.71 0.70

0.04 0.62 1.00 0.58 1.00 0.52 0.57

0.52 0.35 0.58 1.00 0.59 0.30 0.18

0.05 0.62 1.00 0.59 1.00 0.52 0.56

0.09 0.71 0.52 0.30 0.52 1.00 0.88

−0.02 0.70 0.57 0.18 0.56 0.88 1.00


(9)

with the bottom and far right elements of this matrix relating ∆T with the

stress component residuals.345

4. FURTHER CONSIDERATIONS FOR PROBABILISTIC IMPLE-

MENTATION

4.1. Sampling

Consider a component history that is divided into discrete cycles with each

having peak transient stresses during the start and end of the cycle. The peak350

transient stresses for SU and RT events are denoted by points A and C respec-

tively in Figure 2. When conducting a probabilistic assessment of a component

(e.g. using a MCS with N trials), each cycle transient can have N possible stress

states and metal temperatures. This requires a sampling strategy in order to

ultimately translate the available plant data for the transient events of inter-355

est into the samples required for a MCS. Given a transient type, it is deemed

appropriate to assume that the samples assigned to different cycles should be

treated as uncorrelated. This effectively means that there is no reason to be-

lieve that the transient for one cycle is affected by the same transient type from

the subsequent or preceding cycle(s). Therefore, each transient within a given360

history is treated independently of: transients of the same type but from other

cycles, and transient of other types from any cycle.
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Figure 8: A probability map showing the relative frequency of 20 nodes on each tubehole

(1 − 20 on the horizontal axis) having the largest stress range, for all tubes (T = 1 − 37 on

the vertical axis). The size of each point is a measure of probability.

For a single cycle, there are two proposed approaches which can be adopted

for incorporating assessment metal temperatures (Figure 6) and stresses (Fig-365

ures 5 in a prospective probabilistic assessment for a desired number of N trials.

For a given transient type these are:

1. Sampling metal temperature and stress components from tubehole spe-

cific histograms independently and then introduce correlations at a later

20



Figure 9: The processed FE data corresponding to the dominant stress component (σ22)

segregated into three distinct subsets. These results are specific to tubehole 2, at the location

most probable to have the largest stress range (see Figure 8).

Figure 10: For tubehole 2 (i.e. T = 2) at the location most probable to crack initiate,

this figure shows probabilistic stress predictions for a range of tilts superimposed onto the

deterministic values of ∆σAB
el for verification purposes.

stage. This requires quantifying the relevant correlations and exercising370

judgement as to which correlations to be included.

2. A bootstrapping approach which simply considers how may transient events

are available (NTE , e.g. 20 SU events in the case-study) and then assigns

1/NTE of the N samples the metal temperature and stress state associ-
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Figure 11: Histogram of the differences between steam and metal temperatures (∆T ) for

all tubeholes across 1300+ events modelled using the thermal FE model. A fitted normal

distribution is also shown superimposed on the data.

ated with one of the NTE transient events. If this sampling strategy is375

adopted, then correlations need not be considered because each sample

would be taken from a pool of coupled SCs and MT data. This effectively

means that correlations would be accounted for at the sampling stage.

The former approach is deemed more appropriate if a large number of tran-

sient events is available which provides an opportunity for rigorous statistical380

characterisation. The latter approach, is more suited for situations where a

limited number of events is considered, and is more appropriate for the exam-

ined case-study. For a prospective probabilistic assessment, the rationalisation

given in this section ensures that every transient during the entire history of the

component will be assigned every possible transient condition according to the385

available plant data.

For steady-operation, a component history consists of cycles which in turn

are divided into discrete events. Based on the predictive models discussed in

this paper, for each event 6 × SCs and 1 × MT (and their respective uncer-390
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tainties) can be obtained. For predicting the MT of an assessment location for

a single event (using Equation 7), TS can be read directly from the processed

history data, and the uncertainty ∆T can be sampled once from an appropriate

histogram.

4.2. Stress and temperature permutations395

One of the very initial stages of setting up a Monte-Carlo simulation (MCS)

is the sampling of the uncertain input parameters according to their probability

distributions, with the number of samples being equal to the number of de-

sired trials, N . What follows is the arranging of the sampled input parameters

to form the input sets for each of the MCS trials; for a single trial all input400

parameters are set to fixed values. After sampling, random permutations can

be produced to rearrange all sampled inputs, with the number of permutations

required being equal to the number of input parameters. This concept forms a

key feature of the LHS approach, which ensures that each sample (or bin) of

each input will be used exactly once, though not all possible combinations of all405

input parameters can be trialed of course [17].

Setting these permutations can require some judgement, a topic which is

discussed in [17]. For a time independent material property, for example, a per-

mutation is formed as part of a Latin-hypercube at the start of the probabilistic410

code, and this remains unchanged for the whole simulation. The same concept

is not applicable to time dependent input parameters such as thermal stresses

and metal temperatures, which are in fact ever changing during the lifetime of

the component. Given the discretisation of the loading history into events, each

event is required to experience all possible stress and temperature samples over415

the course of the MCS. Therefore, ideally a set of permutations is required per

event within the loading history. In a deterministic sense, a change from one

event to the next warrants a change in metal temperatures and stresses. When

considering how often the loading permutations need to be reproduced (e.g.

whether at each event or cycle) judgement needs to be exercised. Nevertheless,420
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there are commonly three possible options:

1. Using a fixed loading permutation for the entire history (as if stresses and

temperatures were material properties). This implies that the loading for

all cycles and all events are perfectly correlated, which is erroneous. So

this option is easily discarded.425

2. The loading permutation is reproduced at each event in time.

3. Each cycle will have its own independent permutation.

The first option is the most conservative of the three, and it is not physically

justifiable. Therefore, this option is advised to never be used. The second and

third options are closer to a physical situation, however, from one cycle to the430

next the distribution of temperatures over the tubeplate can change substan-

tially, and as such using a new permutation at each cycle is not unrealistic.

Therefore, the latter option is considered the most ideal, but it still is not phys-

ically perfect. As to which of the second and third options is more conservative

it depends on the component application of interest, its loading history and the435

construction of the probabilistic assessment.

4.3. Incorporating material property uncertainties

The FE models used in this work are purely elastic models. In terms of

material properties required as inputs to the FE models, Young’s modulus (E)

and the coefficient of thermal expansion (α) are the two key quantities. Given

that in a probabilistic assessment these properties can be treated as uncertain

variables, their scatter can affect the results of the FE models used. The scatter

in E and α both independently result in a proportional variability in any strain

controlled stresses, for example thermal stresses, whilst primary stresses should

remain unaffected. Therefore, a scaling factors, UE and Uα, can be defined

according to the variabilities of E and α relative to their mean values (µE and

µα, which are the fixed value used in the FE models). For instance, the scaling

factor for E would be defined as:

UE =
E

µE
(10)

24



where E is treated stochastically. In a probabilistic assessment, UE is essentially

a proxy for E, and therefore, must not be sampled independently from the

latter. These scaling factors can be quite significant. For example, if the 95%440

upper and lower bounds are considered to be 1.6445× σE away from the mean,

where σE is the standard deviation, then UE can range between 0.89 and 1.11.

The stress results presented in the case-study include contributions from both

mechanical (primary) and thermal (secondary) loads. So applying these factors

to the stress results is not strictly correct, as only thermal stresses should be445

factored. Nevertheless, an exception can be made in situations where primary

stresses are significantly smaller than thermal stresses, which is the case for the

TP. Therefore, an assumption can be made that such error is not significant and

the approach discussed above can be adopted for its simplicity, and is believed

to be slightly conservative. Consequently, two independent factors (assuming E450

and α are not correlated) can be applied to the stress results to account for the

variabilities of material properties they respectively represent.

5. CONCLUDING REMARKS

With the increase in popularity of using probabilistic techniques in creep-

fatigue assessments, there is a need for systematic approaches for examining455

uncertainties in loading conditions that are informed by plant measurements.

In this work, a number of techniques have been explored and two possible ap-

proaches were suggested for dealing with two loading event types (transient,

TR, and steady-operation, SO) separately. A tubeplate component was used as

part of a case-study to demonstrate the utilities of the suggested approaches.460

The main reason for using different methods for characterising the two event

types was that TR events usually occur far less frequently than SO events and

therefore less data is available for examining their variability.

For TR events it was considered appropriate to treat the historical events465

(for which data is available) as constituting the range of possibilities for each
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transient event occurring within the lifetime of the component. Therefore, the

proposed approach was based on examining numerous transient events to char-

acterise the variability of transient input parameters (stresses and temperatures)

in creep-fatigue assessments. What follows is processing the plant data, run-470

ning the events in FE models, and extracting the desired characteristic TR

quantities. Histograms can be constructed to examine the variability of each

stress component for each of the assessment locations. Correlations must also

be examined for transients, with the main conclusion that two types are of im-

portance for a single assessment location: correlations between SCs, and the475

correlations between each SC and the MT. The final stage was to sample the

processed transient data in preparation for use in a probabilistic assessment of

the plant component. Cycles within a component loading history are considered

independent of each other. Sampling for a single cycle is conducted such that

every transient within any cycle during the entire history of the component will480

be assigned a range of possible transient conditions dictated by the available

plant data.

For SO events, surrogate models where constructed which allowed the pre-

diction of stresses and metal temperatures with associated uncertainty based on485

some key input parameter(s). The approach for SO events was only possible due

to the abundance of relevant historic data. Firstly, the raw plant data required

processing in order to discretise the entire historic data into SO events. Then

a batch of these events, covering a wide range of possible operating situations

was run in FE models to obtain the characteristic SCs and MT for each of these490

events. The FE results were then processed in order to: establish the locations

in the FE model space which are most likely to crack, and then extract the SCs

and MT data from these locations. The outcome of the latter stage was termed

the processed FE data. Thereafter, a simple sensitivity study can be conducted

to identify the key input parameters which could be used to predict the desired495

SCs using a statistical model (e.g. linear regression). Furthermore, correla-

tions between stresses and metal temperatures should also be investigated and
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included. Finally a verification stage was added to inspect the stress range re-

sults based on the predictive probabilistic model to ensure the predictions are

representative of the original processed FE stresses. To demonstrate the above500

summarised approach, an example examining the TP for treating steady-state

stresses during nominal plant operation was presented.

Finally, part of this paper was devoted to discussing importation consider-

ations for the implementation of the results obtained from the above proposed505

approaches in probabilstic CF damage assessments. The value of these ap-

proaches lies in providing a means for incorporating loading uncertainty, thus

reducing conservatism and making better utilisation of the available plant data.

Additionally, especially for SO events, the proposed approach avoids resorting

to running time consuming FE models multiple times within one probabilistic510

MCS, which would be computationally prohibitive.
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