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A B S T R A C T

Progressive surface deformation of desiccated cracked soils in semi-arid to arid regions in response to seasonal 
changes has become a challenge to the performance of infrastructures. Hence, a comprehensive analysis of 
heterogeneous deformation due to changes in crack width was conducted by considering more reliable cumu
lative distributions for environmental parameters. The probabilistic modelling was performed and validated 
using data from field reconnaissance and numerical simulations to establish relationships between crack width, 
spacing, and surface deformation for different crack geometries. Monte Carlo sampling and the first-order second 
moment method were employed to determine probability distributions and evaluate subsidence risks. Moreover, 
a machine learning approach was employed to elucidate the relationships between relevant parameters. As a 
result, the significance of soil-atmosphere interplay for various parameters from the most to the least important 
was revealed for cracked ground surfaces. Relative humidity, precipitation, and radiation emerged as the most 
critical factors affecting deformation of cracked soil. The probabilistic estimation of crack widths and the reli
ability index are used to assess the likelihood that crack sizes will remain within acceptable limits, even under 
changing climatic conditions. This also accounts for the associated risks of ground subsidence and swelling 
caused by variations in crack widths.

1. Introduction

1.1. Background and motivation

Soil desiccation cracking is a common geotechnical phenomenon 
that plays a critical role in soil deformation under environmental actions 
such as wetting-drying cycles [1–3]. In high-plasticity soils, desiccation 
cracks disrupt structural uniformity, introduce pronounced heteroge
neity, and alter mechanical and hydraulic properties once tensile 
stresses exceed soil tensile strength [4,5]. Although cracking is a natural 
process, its irregular spatial distribution leads to non-uniform subsi
dence and swelling during environmental cycles, posing significant 
geotechnical challenges [6]. Consequently, probabilistic analysis be
comes essential for assessing the long-term reliability of structures 
founded on desiccation-cracked soils.

Probabilistic methods have gained increasing importance in 
geotechnical engineering for evaluating structural reliability under un
certainty [7,8]. Natural soil heterogeneity, amplified by environmental 

forcing such as rainfall, temperature fluctuations, and soil–atmosphere 
interactions, limits the effectiveness of purely deterministic approaches 
[9,10]. By explicitly accounting for uncertainties in soil properties and 
environmental drivers, probabilistic analyses provide a more realistic 
basis for predicting and mitigating geotechnical risks [11–14], particu
larly for estimating non-uniform deformation induced by desiccation 
cracking.

The influence of climatic conditions on soil cracking is well docu
mented [15,16]. Drying and wetting cycles cause volumetric changes 
associated with moisture loss and gain, while desiccation cracks further 
intensify these processes by accelerating evaporation and infiltration 
[17,18]. During drying, cracks enhance moisture gradients and promote 
heterogeneous shrinkage, whereas during wetting, preferential infiltra
tion along cracks induces uneven swelling [19,10,20]. These coupled 
processes can result in significant differential ground movement, 
adversely affecting buildings, pavements, slopes, and embankments 
[21–23]. Desiccation cracking is inherently stochastic, with random 
variations in crack aperture, spacing, and spatial distribution, 
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complicating predictions of deformation magnitude and location. Crack 
geometry plays a key role in soil response: wider cracks facilitate rapid 
infiltration during wetting, while narrower cracks increase exposed 
surface area and sensitivity to atmospheric conditions [24,25]. Ac
counting for this stochasticity is therefore critical in risk and reliability 
assessments.

Previous studies have investigated crack formation mechanisms 
[26], the influence of soil type and moisture content on cracking pat
terns [27], and climatic controls on crack evolution [28]. Laboratory 
studies have shown progressive degradation of soil strength and stiffness 
with repeated hydraulic cycles [29], while numerical simulations 
revealed increased crack volume and connectivity in expansive soils [30,
31]. Field monitoring using distributed fiber optic sensing further 
identified cyclic crack opening and closure under environmental forc
ing, a process referred to as soil crack breathing [32]. This hysteretic 
behavior reflects the continuous interaction between the soil matrix and 
atmospheric conditions and governs heterogeneous ground 
deformation.

Despite these advances, existing studies predominantly rely on 
deterministic or limited probabilistic approaches and rarely address the 
combined stochastic effects of crack aperture and spacing on subsidence 
and swelling. This highlights the need for comprehensive probabilistic 
frameworks capable of representing random crack patterns and their 
interaction with environmental loading. Such frameworks can be 
developed using approximation or probabilistic models [33,34]. In this 
context, machine learning techniques—including artificial neural net
works, ensemble trees, and support vector machines—offer promising 
tools for predicting desiccation cracking behaviour [35–37], although 
their application to soil cracking remains limited. Employing multiple 
ML models to assess sensitivity to input variability is therefore crucial 
for improving predictive robustness [36]. Although recent studies have 
increasingly applied probabilistic methods to soil cracking problems 
[34], significant gaps remain in addressing desiccation cracking under 
stochastic environmental loads. Traditional probabilistic approaches 
often rely on direct Monte Carlo simulations coupled with computa
tionally expensive finite element models, which limits the feasibility of 
extensive risk assessment. Furthermore, while recent data-driven studies 
have successfully utilised machine learning for predicting soil parame
ters or crack patterns [38], they predominantly focus on deterministic 
prediction rather than utilising it as surrogate for calculating the reli
ability index or the probability of failure.

Recent advances have increasingly adopted the concept of 
Geotechnical Digital Twins (GDTs), in which data-driven or hybrid 
models provide continuously updatable representations of soil–structure 
systems for monitoring and decision support. In this context, surrogate 
models are essential for enabling rapid prediction, uncertainty quanti
fication, and scenario evaluation that are impractical with high-fidelity 
numerical simulations alone. Although the present study does not aim to 
develop a complete GDT, the proposed machine-learning–assisted 
probabilistic framework constitutes a foundational step toward such 

applications by efficiently translating climatic inputs into crack evolu
tion and deformation risk metrics suitable for integration with near-real- 
time monitoring data. Recent studies [39,38] have demonstrated GDT 
applications in deep excavation and landslides, while also highlighting 
computational cost as a key limitation; the physics-informed surrogate 
developed herein directly addresses this issue for desiccation-sensitive 
infrastructure.

1.2. Research objectives and engineering relevance

Despite these advances, a critical gap remains in quantifying how 
stochastic climatic variability propagates through crack evolution to 
influence deformation risk in desiccated soils. Most existing studies rely 
on deterministic analyses or finite-probability approaches applied to 
prescribed drying-wetting scenarios, which limits their ability to capture 
the combined effects of climate uncertainty, crack-geometry variability, 
and serviceability-oriented performance metrics. In particular, the 
relative influence of climatic drivers across different crack-development 
stages and their implications for subsidence–swelling risk remain poorly 
constrained. To address this gap, the present study proposes an inte
grated probabilistic framework that couples machine-learning–based 
crack-width prediction with Monte Carlo uncertainty propagation and 
reliability-based risk assessment, enabling scenario-specific evaluation 
of climate-driven deformation in cracked soils. This enables engineers to 
move from qualitative statements to quantified, design-relevant outputs 
under realistic climate variability. In addition, the framework provides 
importance ranking of environmental drivers (via First-Order Second- 
Moment method (FOSM)), supporting prioritisation of monitoring and 
mitigation in semi-arid to arid regions where seasonal crack breathing 
governs serviceability risk.

2. Material and methods

In order to model the probabilistic behaviour of variations in crack 
aperture and soil subsidence or swelling under different climatic con
ditions, and then calculate the reliability index of crack width and the 
risk of subsidence, it is important to first identify the influential climatic 
parameters and establish the relationships between them. The following 
steps were considered to develop a framework for analysing the varia
tions in crack width under the influence of meteorological data, and then 
finding the relationship between soil deformation (subsidence in drying 
conditions and swelling in wetting conditions) and both climatic con
ditions and crack width and spacing. The general framework of this 
study is illustrated in Fig. 1, which is discussed in detail in the following 
steps.

2.1. Soil-atmosphere interaction analysis

The first step is to determine the factors and parameters that affect 
the changes in crack width in real environmental conditions. 

Fig. 1. General layout of the modelling process for reliability assessment of cracked soil deformation.
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Specifically, one-year meteorological data of the Qom city located in 
Iran with arid to semi-arid environmental condition was collected [40]. 
Qom is known for its arid climate with severe ground subsidence due to 
groundwater exploitation and surface soil shrinkage [41,42]. These data 
include temperature, wind speed, relative humidity, precipitation, and 
radiation, as shown in Fig. 2.

Using measured environmental data, the probability distribution of 
these parameters can be found, as shown in Fig. 2. Sadeghi et al. [6] 
conducted a thermo-hydro-mechanical modelling to investigate het
erogeneous subsidence and swelling in a desiccation-cracked soil. Their 
model was able to solve the soil-atmosphere problem and analyse the 
desiccation cracks dynamics under environmental change. In this study, 
the variations in crack width obtained from their numerical models were 
utilised to establish probabilistic relationships between changes in crack 
width and the resulting soil deformation through reliability analysis. 
The data used for surrogate modelling and probabilistic analysis were 
generated using a coupled thermo–hydro–mechanical framework with 
well-defined physical and geometric boundary conditions. The 
groundwater table in the study area was identified at approximately 90 
m below ground surface, and a bi-linear pore-water pressure profile was 
imposed to represent depth-dependent suction conditions in the unsat
urated zone. Transient climatic boundary conditions, including 

temperature, radiation, and precipitation time series measured for the 
Qom region, were applied at the soil surface and along crack walls. 
Liquid and gas flow were governed by the generalised Darcy law, vapour 
diffusion by Fick’s law, and heat transfer by Fourier’s law. The me
chanical behaviour of the soil was simulated using the Barcelona 
Expansive Model (BExM), which captures suction-dependent strain 
evolution and is capable of reproducing shrinkage–swelling cycles 
induced by climatic wetting–drying. These boundary conditions and 
constraints define the physical domain within which the generated data 
and subsequent probabilistic analyses are valid.

The next step is to determine the probabilistic distribution of climatic 
variables. Therefore, the cumulative frequency of the available one-year 
data was utilised. In Fig. 3, the cumulative frequency at each point was 
obtained by dividing the number of data points less than or equal to that 
value by the total number of data points.

This method provided the cumulative distribution chart necessary 
for the analysis. Consequently, in order to be able to use the cumulative 
distribution, these charts were replaced with common cumulative dis
tribution charts that have a specific relationship. Then, a graphical 
method was employed to identify the appropriate standard distribution 
for each climatic parameter.

Specifically, the cumulative distribution of each climatic parameter 

Fig. 2. Environmental data for Qom city, (a) temperature and precipitation, (b) radiation and relative humidity, and (c) wind speed.
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Fig. 3. Comparison of the probabilistic distribution functions for: (a) temperature, (b) wind speed, (c) radiation, (d) relative humidity, and (e) precipitation.
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was compared with the cumulative distributions of Normal, Log-normal, 
Exponential, Uniform, Laplace, and Gamma functions. The distributions 
that closely matched the cumulative distribution of the data were 
selected. The mean and standard deviation of the cumulative distribu
tion obtained from the data were then applied to the selected standard 
distribution. As a result, the standard distributions with the real mean 
and standard deviation related to the climatic variables were used in 
place of the original distribution of the climatic parameters, as shown in 
Fig. 3.

2.2. Machine learning approaches for regression analysis

The variations in crack width obtained from numerical models were 
correlated with the corresponding environmental parameters to estab
lish a relationship derived from the ML regression models. Statistical 
analysis was then used to model the probability distribution of crack 
width as a function of the input environmental variables. The developed 
predictive models in this study provide a framework for predicting 
crack-induced soil heterogeneous deformation and associated geo
hazard risks in desiccated soils. The input features, including tempera
ture, wind speed, precipitation, radiation, and relative humidity, are 
expressed in heterogeneous physical units and exhibit substantially 
different numerical scales. To ensure numerical stability during model 
training and to reduce bias and variance induced by scale imbalance, all 
input features were standardised prior to model development. Specif
ically, each feature was transformed using standardisation based on its 
mean and standard deviation, resulting in zero-mean and unit-variance 
variables. This preprocessing step ensures equal contribution of all 
features to the training process, improves convergence behaviour, and 
enhances overall predictive performance. The ML regression models 
used in this study include Linear (LR), Bayesian (BR), Polynomial (PR), 
Dummy (DR), and Gaussian Process regressions (GPR). To train the 
model, after randomising the data, which includes weather parameters 
and crack width, 70% of the data was used for training and the 
remaining 30% was used for testing. To determine which of the 
regression models are more suitable for finding the relationship and 
modelling the crack width, the mean absolute error (MAE) was used 
which can be defined as: 

MAE =

∑n
i=1|yi − xi|

n
=

∑n
i=1|ei|

n
(1) 

Fig. 4 compares the performance of the examined regression models 

based on the MAE metric. According to this criterion, linear regression 
yields the lowest prediction error and is therefore identified as the most 
suitable surrogate model for crack-width estimation in this study. This 
behaviour can be attributed to the restricted climatic domain of the 
dataset and the limited variability of crack-width responses, which 
exhibit an approximately linear distribution within the investigated 
range. Under such conditions, linear regression provides improved sta
bility and lower variance. In contrast, higher-complexity approaches, 
such as BR and GPR, are more sensitive to data sparsity, limited feature 
space, and constrained output distributions, which may lead to variance 
error and an increased tendency toward overfitting. The ML framework 
was implemented using Python (version 3.9) and the Scikit-learn library 
(version 1.2). For the predictive modelling, a Multiple Linear Regression 
algorithm based on the ordinary least squares method was employed. 
Given the linear nature of the correlation between the climatic inputs 
and crack characteristics, the standard LR estimator from Scikit-learn 
was utilized. The model was configured with the default hyper
parameters. A linear relationship was then established between envi
ronmental parameters and crack width.

According to the comprehensive physics-based survey of crack ge
ometry by Sadeghi et al. [6], three initial crack widths were considered 
based on statistical analysis of available experimental and field studies 
in previous studies. Since crack geometric properties are highly depen
dent on the scale of study, a dimensionless parameter, crack ratio (CR), is 
proposed, which is the ratio of crack width to crack depth. A dataset was 
provided for the crack ratio, and analysis found that it follows a 
log-normal distribution. Based on the probability density function for 
the crack ratio, three data model values, including model of data 5%, the 
mean 13%, and the mean plus twice the standard deviation 35%, were 
chosen. Therefore, given a crack depth of 1 m, the crack width can be 
simply calculated as 50 mm, 130 mm, and 350 mm. The selected crack 
widths are associated with CR values of 5% (CR5), 13% (CR13), and 35% 
(CR35). In another word, data are firstly normalised to ensure consis
tency across different spatial scales and measurement techniques. A 
statistical analysis was then conducted, and representative crack widths 
were selected from a fitted log-normal distribution to capture low, in
termediate, and high crack-development regimes. The spacing between 
cracks exhibits a random distribution. This model is not restricted to 
cracks with a specific initial width, offering a more generalised method 
for predicting soil crack behaviour. In the numerical model, it is 
assumed that cracks are positioned next to each other, with spacing 
ranging from 1 m to 10 m.

Fig. 4. Evaluation of the best regression technique through comparison of the mean absolute error.
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Fig. 5. Comparison of the results of numerical model and ML-based linear regression model for crack width in (a) CR5, (b) CR13, and (c) CR35 crack geometry.
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Fig. 5 shows the accuracy of the linear model by comparing it with 
results of the numerical models, using the R factor and the root mean 
squared error (RMSE). RMSE values were evaluated with respect to the 
characteristic magnitude of crack widths for each crack scenario. To 
facilitate a scale-independent comparison of prediction errors among 
cracks with different average widths, the normalised root mean squared 
error (NRMSE) was additionally adopted, which is defined as: 

NRMSE =
RMSE

y
(2) 

Where y is the mean crack width associated with each crack cate
gory. Using this normalisation, the resulting NRMSE values for crack 
types CR5, CR13, and CR35 are 8.4%, 3.5%, and 1.6%, respectively. The 
increased scatter observed in Fig. 5 is primarily due to seasonal transi
tions of environmental conditions. These periods correspond to imme
diate changes in temperature and moisture conditions, during which 
small variations in climatic inputs can induce amplified variability in 
crack-width response. In contrast, mid-season intervals characterised by 
relatively stable climatic conditions exhibit smoother and more coherent 
trends. It is observed that the standard deviation of the probabilistic 
model is lower than that of the numerical results by approximately 2–4 
mm. This difference is attributed to the inherent smoothing effect of the 
linear regression surrogate model used in this study. The regression 
model approximates the numerical response with a RMSE of approxi
mately 5.5 mm, effectively filtering out high-frequency fluctuations 
present in the raw data. Consequently, the probabilistic framework 
captures the primary trends and mean behaviour accurately, while the 
variance associated with the residual errors is naturally excluded.

Based on the LR method, the variations in crack width with weather 
conditions can be predicted as: 

CW = A + B(T) + C(W) + D(P) + E(R) + F(H) (3) 

where CW is the crack width, T (◦C) is the temperature, W (mm/s) is the 
wind speed, P (cm/day) is the precipitation, R (J/m2.s) is the radiation, 
and H (%) is the relative humidity. In addition, A, B, C, D, E, and F are 
the coefficients of parameters, which are summarised in Table 1 for each 
model scenario.

It is also possible to make a relationship between all three scenarios 
and define a unique equation depending on both climatic factors and 
initial crack width as: 

Cw = 58.2411 − 0.0644 (T) − 1.8516 × 10− 10(W) − 98.8417 (P)

− 0.2899 (R) − 1.0269 (H) + 1.0033 (Cw0 )

(4) 

where CW is the crack width, T (∘C) is the temperature, W (mm /s) is the 
wind speed, P (cm /day) is the precipitation, R (J /m2.s) is the radiation, 
H (%) is the relative humidity and the Cw0 (mm) is the initial crack 
width. Using this equation, the changes in crack aperture due to envi
ronmental changes can be predicted using meteorological data and 
initial aperture of the crack (Cw0).

In addition, the linear regression models were trained independently 
for each individual crack dataset, with hyperparameters systematically 

tuned for each configuration. Model generalisation was assessed by 
comparing the coefficient of determination (R2) obtained on the training 
and testing datasets. For all three crack geometries, the testing R2 values 
ranged between 0.84 and 0.89, while the corresponding training 
R2 values were approximately 0.96. The relatively small gap between 
training and testing performance, indicates stable generalisation 
behaviour and the absence of pronounced overfitting. Given this evi
dence, additional regularisation techniques such as Lasso (L1), Ridge 
(L2), or Elastic Net were not employed. Under the present conditions, 
introducing regularisation was considered unnecessary and could 
potentially bias the regression coefficients without yielding meaningful 
improvements in predictive accuracy or model robustness.

2.3. Monte Carlo sampling method and model validation

After determining the cumulative distributions of the environmental 
parameters and also finding the linear relationship between the crack 
width and environmental parameters, the Monte Carlo Sampling (MCS) 
method was used to determine the probability distribution of crack 
width. In this method, using MCS and 200,000 samples, the cumulative 
distribution from probabilistic modelling for crack width is determined. 
From this probabilistic cumulative distribution, the exceedance and 
non-exceedance probability distribution of crack width can be calcu
lated for cracks with different initial crack widths. As a result, it is 
possible to calculate the mean and standard deviation of the crack width 
and cumulative distribution of its probabilities using Rtx software [43,
44], which is a powerful software for calculations and performing 
probabilistic operations. Furthermore, to evaluate the accuracy of the 
distribution derived from the probabilistic cumulative distribution 
method, the cumulative distribution of crack width data obtained from 
numerical modelling is constructed and compared to the probabilistic 
modelling’s results. The mean and standard deviation, as well as the 
graphical form of the two cumulative distributions obtained from the 
numerical method and the probabilistic method, were compared. This 
comparison is shown in Fig. 6 for three cracks with different initial 
widths. To quantitatively assess the agreement between the distribu
tions obtained from the probabilistic and numerical methods, in addi
tion to visual inspection, the non-parametric Kolmogorov-Smirnov test 
was employed. By examining the cumulative distribution function 
(CDF), this test determines whether two datasets are drawn from the 
same underlying distribution without requiring specific prior assump
tions regarding the distribution types. The test statistic, D, is defined as 
follows: 

D = max
x

⃒
⃒Fprob(x) − Fnum(x)

⃒
⃒ (5) 

where Fprob(x) and Fnum(x) denote the CDF values of the probabilistic 
and numerical methods, respectively. Based on the analysis of the plots 
in Fig. 6, the D statistic was calculated for cracks CR5, CR13, and CR35. 
The maximum discrepancies observed for these three samples were 
0.09, 0.07, and 0.08, respectively (occurring approximately at crack 
widths of 75, 145, and 375 mm). A comparison of these values indicates 
that the CR13 sample, with the lowest D value, exhibits the best fit be
tween the probabilistic and numerical results, followed by CR35 and 
CR5. Given the low values of the D statistic, as well as the proximity of 
the means obtained from both methods, it can be concluded that the 
probability distributions derived from both methods for all three cracks 
are statistically consistent and show no significant discrepancy. The 
sufficiency of this sample size was verified using the Standard Error of 
the Mean (SEM) as follows: 

SEM =
σ̅
̅̅̅
N

√ (6) 

where the σ is the standard deviation and the N is the sample size. 
Considering the scenario with the highest observed variability 

Table 1 
The coefficients of the linear regression parameters for relationship between 
crack width and environmental factors.

Parameter Modelling scenario

CR5 CR13 CR35

A 100.5292 205.3566 400.6014
B 0.0197 -0.2174 0.0045
C -1.5447 × 10-10 -1.1433 × 10-9 -7.4233 × 10-10

D -102.2489 -97.7481 -96.5282
E -0.3831 -0.3092 -0.1775
F -0.9267 -1.2611 -0.8930
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Fig. 6. Comparing the CDF of crack width between the numerical and the probabilistic model for: (a) CR5, (b) CR13, and (c) CR35 crack geometry.
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(σ ≈ 28.95 mm), the SEM is calculated as 0.065mm. This negligible 
margin of error indicates that the chosen sample size is sufficient to 
achieve stable statistical moments and minimises sampling uncertainty. 
However, to rigorously ensure that the probabilistic models have ach
ieved global convergence and to validate the stability of the results, we 
conducted a secondary verification test. In this phase, the Monte Carlo 
simulation was repeated with a significantly larger dataset consisting of 
500,000 samples for the critical crack scenarios: CR5, CR13, and CR35. 
Table 2 presents a comparative analysis of the mean and standard de
viation values obtained from both sample sizes (200,000 and 500,000). 
As indicated in the table, despite increasing the sample size by a factor of 
2.5, the variations in the statistical outputs are minimal and practically 
insignificant. This consistency confirms that the simulation results had 
already converged at 200,000 samples.

It is important to note that Rtx functioned as the primary stochastic 
computational engine in this study. Distinguished by its intuitive 
framework for reliability analysis, Rtx offers superior versatility 
compared to similar platforms, particularly in handling user-defined 
limit state functions through both analytical methods (e.g., FOSM, 
FORM) and simulation-based approaches. Specifically, the explicit 
linear transfer function derived from the ML regression (Eq. 2) was 
seamlessly embedded within the Rtx environment. While the software 
facilitates various reliability algorithms, it was configured here to 
perform Monte Carlo simulations by randomly sampling the input PDFs, 
fitted to field meteorological and geometric data, and propagating them 
through the embedded equation to generate the output CDFs for 
serviceability risk.

2.4. FOSM method and model validation

In addition to the MCS method, there is another technique called 
FOSM method, which is used to obtain the mean and standard deviation 
of a distribution based on its relationship. Although FOSM is an 
approximate method, it is highly accurate when the relationship used is 
linear, as in linear regression. One of the advantages of the FOSM 
method is its ability to identify the significance of probability parame
ters in probability modelling. This helps determine which climatic pa
rameters have a greater impact on the probability distribution of crack 
width. The FOSM method is used when the function relating weather 
parameters to crack width has a linear mean and standard deviation, 
allowing the method to effectively handle this linear relationship: 

g(X) ≈ g(Mx) + ∇gT(Mx)(x − Mx) (7) 

The g is a function of the vector X which is the vector of random 
variables and Mx is the vector of their means. Hence, if the variance of 
the relationship is considered, it will be: 

Var[g(X)] = ∇gT(Mx)
∑

XX
∇g(Mx) (8) 

If the expression for the variance calculation in the FOSM method is 
expanded, it will be: 

Var[g(X)] = (∇g1σ1)
2
+ (∇g2σ2)

2
+
(
∇g3σ3

)2
+ … + (∇gnσn)

2
+
∑n

i=1

×
∑n

j=1
∇gigjσiσjρij

(9) 

The direct participation or contribution of the i-th random variable 
(i.e. the i-th environmental parameter) to this variance can be expressed 
as: 

xi = (∇giσi)
2 (10) 

Additionally, the indirect participation of the i-th variable X is ach
ieved through correlation coefficients. Therefore, the total importance 
of a variable is determined by both its direct participation based on σ2

i 
and its indirect participation based on σi. A criterion defined in this 
methodology is the importance measurement, which is the absolute 
value of the gradient of the function g with respect to σi, or |∇gi σi|. If this 
importance measurement is larger for a given parameter, it indicates 
that the parameter and its associated variable have greater importance 
in the overall variance. In the FOSM method, evaluating this importance 
measure is key to pinpointing the most critical environmental variables 
for refining crack width probabilistic modelling. 

ω = ∇gTDx (11) 

where ω is the importance measure of the input variables and Dx is the 
covariance matrix of the input variables X.

2.5. Risk assessment based on the probabilistic distribution

To model the probability of soil subsidence or swelling, the proba
bilistic distribution of the input parameters is first established. A key 
parameter is the variance of crack width, which was previously obtained 
through probabilistic modelling using linear regression and the cumu
lative distribution of weather factors. Additional input variables for 
modelling soil subsidence or swelling include the distance between 
successive cracks (CS) and the initial width of the crack (CW0). The 
distances from the first to the thirteenth crack are specified. First, based 
on the cumulative distribution of these values for each crack with a 
specified initial width, the closest common cumulative distribution is 
identified from among common probabilistic distributions, including 
Normal, Log-normal, Exponential, Uniform, Laplace, and Gamma. The 
mean and standard deviation from the cumulative distribution of dis
tances was then used to graphically fit the closest matching common 
distribution. In the numerical model, the crack spacing values were 
selected randomly since cracks occur irregularly on the ground surface. 
Based on field observation data and initial simulations, the crack spacing 
range was chosen to be between 1 m and 10 m. Although the observed 
crack spacings varied broadly, the dataset size was insufficient to reli
ably fit a specific higher-order parametric distribution (like Normal or 
Lognormal). Under such conditions of data scarcity, assuming a pref
erential concentration around a mean without ample evidence in
troduces epistemic bias. Therefore, a uniform distribution over the 
observed range was adopted as the most unbiased. For the distance 
between cracks, the uniform distribution with a mean of 5150 mm and a 
standard deviation of 2222.8 was found to be the most suitable.

To complete the probabilistic modelling of soil subsidence and 
swelling, a relationship between changes in crack width, the distance 
between two cracks, and the initial crack width is required. This rela
tionship is determined using linear regression through ML for various 
initial crack widths. Using these relationships and the probabilistic 
distributions of each input parameter, the Monte Carlo method is 
applied to generate the cumulative distribution of subsidence under 
various scenarios. This allows the mean, standard deviation, and overall 
distribution to be determined. By utilising the cumulative distribution of 

Table 2 
The comparison of the mean and standard deviation for 200,000 and 500,000 
Monte Carlo samples.

Crack 
scenario

Mean value Standard deviation

200,000 
sampling

500,000 
sampling

200,000 
sampling

500,000 
sampling

CR5 64.41 64.42 20.15 20.16
CR13 153.62 153.61 26.65 26.62
CR35 367.37 367.56 19.32 19.32
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subsidence obtained through the Monte Carlo method, the risk of sub
sidence and swelling can be further analysed, considering that subsi
dence is a consequence of changes in crack width.

3. Result and discussion

3.1. Reliability analysis based on exceedance probability distribution

The close alignment between the mean and standard deviation 
values obtained from both numerical and probabilistic modelling, along 
with the high similarity in the probability distributions of crack width 
produced by the two methods, confirms the accuracy of the probabilistic 
modelling results. After confirming the results obtained from probabi
listic modelling, it is possible to analyse the reliability index derived 
from the probability distribution of crack widths for all three types of 
cracks with initial widths of 5, 13, and 35 cm. This analysis is repre
sented by the exceedance probability distribution diagram, as shown in 
Fig. 7(a). From the cumulative distribution diagram obtained through 

probabilistic modelling, the exceedance probability diagram for crack 
width can be derived as its complement. This relationship is defined as: 

CCDF = 1 − CDF (12) 

where CDF is cumulative distribution function which represents the 
probability that a given variable will be less than or equal to a specific 
value as shown in Fig. 3. Complementary Cumulative Distribution 
Function (CCDF) is exceedance probability, or the probability that a 
given variable (such as crack width) will exceed a specific value.

Each point in this diagram shows a specific crack width value on the 
horizontal axis and the corresponding probability on the vertical axis, 
indicating the likelihood that the crack width will exceed the specified 
value at that point. For example, the probability of the crack width 
exceeding 7.5 cm is about 35% for CR5, while it is 100% for both CR13 
and CR35, which aligns with their initial crack sizes. Additionally, the 
probability of the crack width exceeding 17.5 cm is approximately 18% 
for CR13 and 100% for CR35, which is expected given that the initial size 
of CR35 is greater than 17.5 cm. For CR5, the probability is zero, 

Fig. 7. Exceedance probability curves for: (a) crack width and (b) Changes in the crack width (mm), reflecting the probability distributions of influential parameters.
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indicating that it is not possible for the crack size to reach this value. 
Given that the initial width of the CR35 crack is greater than that of the 
other two cracks, it is expected that wider cracks are more likely to 
occur, as shown in the diagram. Similarly, it was anticipated that the 
CR13 would exhibit larger widths compared to the CR5 crack, due to its 
greater initial width.

Fig. 7(b) compares the probability of changes in crack width among 
the three scenarios. The results indicate that the probability of changes is 
higher for the CR13 crack compared to the others. Additionally, the 
probability of crack width changes in CR35 is higher than in CR5, relative 
to their initial widths. For example, the probabilities that the variation in 
crack width exceeds 2.5 cm for the CR5, CR13, and CR35 cracks are 34%, 
56%, and 40%, respectively. This indicates that the probability of crack 
deformation under environmental change is highest for the CR13 crack. 
Contrary to the previous graph, this result shows that even though the 
initial width of the CR13 crack is less than that of CR35, and the prob
ability of larger crack widths is lower for CR13 compared to CR35, the 
probability of changes in crack width is greater for CR13 than for CR35. 
This suggests that larger cracks reach equilibrium faster during cyclic 
wetting and drying caused by rainfall and dry seasons.

The reliability index is a useful tool for assessing the likelihood that 
cracks will remain within specified limits, even in the face of environ
mental variations. In fact, the reliability index (β) serves as a measure of 
a system’s reliability in not exceeding a specified threshold. It can be 
considered a metric indicating the distance from a critical point where 
failure may occur. The reliability index is defined as: 

EP = ϕ (β) (13) 

where EP is exceedance probability and a point in the curves of Fig. 7, 
and β is a dimensionless number that indicates how many standard 
deviations away the threshold is from the mean of the distribution. The 
CDF of the standard normal distribution, denoted as ϕ, is used to 
represent the probability that a standard normal random variable is less 
than or equal to a specified value. A higher β indicates that the system is 
more reliable and safer, similar to having a larger safety margin.

In this analysis, a threshold of 30 mm for crack width variation was 
adopted as the limit state. As shown in Fig. 7 (b), the exceedance 
probabilities for cracks CR5, CR13 and CR35 are 21%, 48%, and 29%, 
corresponding to β values of 0.81, 0.05, and 0.55, respectively. To 
provide a physical interpretation, reliability metrics correspond directly 

to the mean variations observed in the secondary cracks, which are 
14.41 mm for CR5, 17.37 mm for CR35, and 23.63 mm for CR13. 
Although the mean variation for CR13 (23.63 mm) is technically below 
the 30 mm threshold, it is significantly closer to the limit compared to 
the other cracks. This proximity explains the extremely low reliability 
index (β = 0.05) and indicates that the infrastructure is operating with a 
negligible safety buffer. Therefore, unlike CR5 which maintains a safe 
distance from the threshold, CR13 represents a near-critical condition 
where the serviceability of the infrastructure is compromised, necessi
tating immediate monitoring or maintenance actions to prevent func
tional failure. A practical example of this risk is evident in the study 
region of Qom, where extensive networks of deep desiccation cracks 
have propagated into the immediate vicinity of high-voltage trans
mission towers [19]. These critical infrastructure assets are highly sen
sitive to differential settlement. The near-critical condition of CR13 
implies that even minor climatic fluctuations could push ground defor
mation beyond the serviceability limit, potentially destabilising the 
tower foundations and compromising the daily electricity supply.

The notably high probability of exceedance for the CR13 scenario is 
attributed to two governing factors. First, the specific climatic forcing of 
the Qom region (arid to semi-arid with the maximum temperature of 
39.1◦C and the minimum relative humidity of 6%) imposes significantly 
more severe hydraulic gradients and evaporation rates than typical 
reference studies, driving aggressive soil desiccation. Second, the CR13 
geometry appears to function as a critical aspect ratio for instability; it 
possesses sufficient aperture to facilitate rapid deep-soil moisture ex
change, unlike the confined CR5, yet retains a highly reactive soil 
structure that has not yet reached the hydro-mechanical equilibrium 
observed in the wider CR35 cracks.

3.2. FOSM analysis of parameters affecting the crack width

Given the linear relationship between crack width and weather 
factors, the FOSM analysis is highly efficient. This method determines 
the significance of each random variable in modelling crack width using 
the FOSM importance factor. It is important to note that the probabilistic 
analysis presented herein, including the FOSM importance factors, as
sumes statistical independence among the climatic input parameters. 
While these parameters are physically dependent on soil-atmosphere 
interactions, this study adopts the independence assumption to 

Fig. 8. The relative importance of five environmental parameters affecting the crack width based on FOSM method.
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simplify the derivation of the surrogate model and to avoid the com
plexities associated with constructing joint probability density func
tions. Therefore, the dominant role of relative humidity is identified 
within the context of uncorrelated inputs. The parameter ω is defined as 
follows: 

ω = −
∇gTDx

‖ ∇gTDx‖
(14) 

This standardises the vector size, enabling the comparison of 
different elements and providing a clear sense of their magnitude ratios. 
According to the FOSM analysis for importance factor, Fig. 8 shows the 
most influential parameter for all three cracks is the moisture percent
age, which has the highest importance value across the cracks. The 
analysis also reveals that the temperature parameter has minimal impact 
on CR5 and CR35, but is significant for CR13. Conversely, the radiation 
parameter shows low importance for CR5 and CR35, while it is more 
significant for CR13. In contrast, the precipitation parameter has a 
greater impact on the crack width for CR5 and CR35 compared to CR13. 
The results show that in the wetting and drying paths the relative hu
midity and radiation are the most influential climatic parameters in soil 
swelling and shrinkage, respectively. The CR13 geometry acts as an 
optimal evaporative channel; its aperture is sufficiently wide to mini
mise aerodynamic resistance and maximise radiative heat capture, yet 
the surrounding soil matrix retains sufficient saturation to drive active 
shrinkage. In contrast, the wider CR35 cracks represent a soil mass that 
has approached its residual moisture content corresponding to the soil 
shrinkage limit. Consequently, it becomes insensitive to further thermal 
forcing by temperature or radiation, i.e., no further deformation phys
ically occurs along the drying path, but remains highly responsive to 
precipitation (wetting path), as the large aperture facilitates rapid 
infiltration and subsequent swelling [22]. This confirms that interme
diate crack geometries (CR13) are governed by thermodynamic drivers.

The dominance of relative humidity observed in the FOSM results 
(Fig. 8) can be explained by its direct control on soil-atmosphere 
moisture exchange. Relative humidity governs the vapour pressure 
deficit between the soil surface (including exposed crack walls) and the 

surrounding air, thereby directly regulating evaporation rate, matric 
suction development, and associated shrinkage strains. In contrast to 
temperature and radiation, which influence evaporation indirectly 
through energy availability, relative humidity acts as a primary driver of 
the moisture flux gradient. In desiccated and cracked soils, this effect is 
further amplified because crack networks increase the effective evapo
rating surface area and shorten vapour diffusion paths, making crack- 
width evolution highly sensitive to relative humidity fluctuations. As a 
result, variations in relative humidity exert a dominant influence on 
crack development and deformation risk, consistent with the FOSM 
sensitivity trends shown in Fig. 8. This statistical finding aligns with the 
experimental observations of Zeng et al. [28], who demonstrated that 
fluctuations in environmental humidity are the governing trigger for the 
initiation and propagation rate of desiccation cracks in clayey soils.

3.3. Risk analysis of the variations in crack width

As mentioned in Section 2.5, a linear relationship can be developed 
to predict heterogeneous deformation in cracked soils. The dependency 
of soil vertical deformation on environmental changes can be predicted 
using the parameters of crack width and spacing as follows: 

CR5 : δ = 0.3141 − 0.4164(CW) + 0.001177 (CS) (15) 

CR13 : δ = 29.9244 − 0.3393(CW) + 0.00098(CS) (16) 

CR35 : δ = 138.1255 − 0.3839(CW ) − 0.00042 (CS) (17) 

In these predictive equations, CS has a known value can be measured 
and CW can be calculated using Eq. (2) or Eq. (3) based on measured 
environmental parameters. Considering these scenarios all together, a 
unique equation for soil deformation can be defined based on initial 
crack width, variable crack width, and crack spacing as: 

δ = 0.4165(CW0) − 0.3674(CW ) + 0.00057(CS ) − 19.1177 (18) 

where δ (mm) is the vertical displacement of soil, CW0(mm) is the initial 
crack width and CS(mm) is the spacing between the cracks. To verify the 

Fig. 9. Comparing the results of numerical and probabilistic models in terms of the mean and standard deviation of vertical displacement for all scenarios.
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Fig. 10. Comparison of numerical and probabilistic models in terms of the cumulative distribution function (CDF) of vertical displacement for (a) CR5, (b) CR13, and 
(c) CR35.
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accuracy of the probabilistic modelling results, the cumulative distri
bution from this method was compared with that obtained from nu
merical modelling. The average values and standard deviations from 
both methods are illustrated in Fig. 9, and the cumulative distributions 
obtained from both methods are shown in Fig. 10. As shown in Fig. 9, the 
mean and standard deviation obtained from the probabilistic and nu
merical modelling methods are very close to each other, indicating the 
accuracy and validity of the probabilistic modelling approach.

The risk analysis of changes in crack width, which assesses subsi
dence and swelling, involves calculating risk by multiplying the proba
bility of occurrence by the effect, i.e., the extent of vertical soil 
deformation. As soil deformation is continuous, a graph illustrating 
subsidence and swelling is used for risk assessment. This analysis is 
derived from the CCDF shown in Fig. 10, which represents the CDF of 
ground subsidence and swelling. The diagram in Fig. 11 includes a 
vertical line that separates subsidence from swelling, helping to identify 
the probability for each condition. Furthermore, the results illustrate the 
general transition between subsidence and swelling, with the initial 
crack width treated as a probabilistic variable.

Each point in the probability diagram in Fig. 11 represents the 
likelihood that the amount of subsidence is equal to or less than the 
value indicated on the horizontal axis. For example, in Fig. 11, the 
probability that soil subsidence is 15 mm or less is 22% for CR5, 34% for 
CR13, and 97% for CR35. Overall, the general probability for soil with 
existing cracks is 53%. The findings suggest that the probability and risk 
of subsidence generally decrease with the initial crack width. As 
observed, the probability that soil subsidence is 25 mm or less is 100% 
for CR35, while it is <90% for CR5 and CR13. For instance, the value 
corresponding to a 50% probability — meaning there is a 50% chance 
that the amount of subsidence will be less than or equal to this value — is 
22 mm for CR5, 19 mm for CR13, and 7 mm for CR35. This indicates that 
the risk of subsidence decreases as the initial crack width increases.

As the probability of swelling increases, the probability of subsidence 
decreases. The results indicate that the risk of swelling is higher for CR35 
compared to the other two cracked soils. This suggests that increasing 
the initial crack width heightens the potential for swelling, as wider 
cracks allow more infiltration during rainfall, leading to greater 
expansion. Specifically, the probability of swelling is 2% for CR5, 4% for 
CR13, and approximately 20% for CR35. In this research area, which is 

characterised by arid environmental conditions, the likelihood of sub
sidence is significantly greater than that of swelling due to arid envi
ronment and deep groundwater conditions. This pronounced dominance 
of subsidence over swelling is driven by the coupling of arid climatic 
forcing and the intrinsic hysteretic behaviour of the soil material. 
Climatically, the meteorological conditions in Qom result in prolonged 
high-evaporation periods that drive continuous shrinkage, whereas 
precipitation events are often too short or infrequent to induce full 
saturation and volume recovery. Physically, this behaviour is governed 
by the fundamental disparity between the soil’s stiffness during loading 
and unloading phases. According to Terzaghi’s consolidation theory, the 
swelling index (CS) for fine-grained clays is typically only 0.2 to 0.25 of 
the compression index (CC). Consequently, the volumetric strain re
covery during the wetting path (swelling) is mechanically limited to a 
fraction of the strain accumulated during the drying path (subsidence). 
This physical characteristic ensures that net settlement accumulates 
over time, even under cyclic suction changes. This finding aligns with 
recent regional studies by Garakani et al. [41] and Sadeghi et al. [42], 
who identified cumulative land subsidence—rather than transient cyclic 
heave—as the governing infrastructure risk in this locale. It is critical to 
note that subsidence driven by desiccation cracking and surface 
shrinkage is distinct from the subsidence mechanisms observed in humid 
climates. In regions such as Shanghai, land subsidence is predominantly 
governed by the consolidation of saturated layers due to groundwater 
drawdown in the absence of surface cracks [45]. Consequently, the 
probabilistic framework presented here is specifically developed for arid 
to semi-arid environments, where the serviceability risk is controlled by 
the suction variations in the unsaturated zone rather than saturated 
consolidation.

Additionally, the overall probability of swelling for soils with any 
initial crack width is approximately 7%, which tends to decrease as the 
crack width increases. The results demonstrate that while the risk of 
subsidence decreases with an increase in the initial crack width, the risk 
of swelling increases. This is evident from the higher probability of 
swelling in CR35 compared to CR5 and CR13. Although subsidence re
mains the predominant hazard in this arid environment, the 20% 
swelling probability observed for the CR35 scenario represents a non- 
negligible engineering risk. Cracks with higher width facilitate rapid 
deep-soil saturation by acting as a preferential hydraulic pathway 

Fig. 11. Risk curves of vertical displacement in cracked soils reflecting the probability distributions of influential parameters.
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Fig. 12. Three-dimensional illustration of soil subsidence as a function of crack width and spacing along a drying path.
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during precipitation events. Such swelling episodes can contribute to 
cyclic distress, particularly when followed by subsequent drying that 
reopens cracks and amplifies damage accumulation. For infrastructure 
systems such as pavements, shallow foundations, and embankments, 
these cyclic shrink–swell responses may lead to differential movements, 
loss of serviceability, and increased maintenance demand. Therefore, 
swelling-related risks should be considered alongside subsidence when 
assessing long-term performance under variable climatic conditions.

The analysis reveals a distinct hydraulic regime shift governing the 
deformation risk. As shown in Fig. 11, the probability of subsidence 
decreases markedly as the initial crack width increases. This inverse 
relationship is physically driven by the transition from an evaporation- 
dominated regime to an infiltration-dominated regime. Narrower cracks 
(CR5, CR13) primarily enhance evaporation and shrinkage (leading to 
subsidence) while limiting rapid water ingress [24,25]. Conversely, 
wide cracks (CR35) function as open channels that facilitate 
high-velocity preferential flow during precipitation events, allowing 
water to saturate deep soil layers rapidly [30,46]. This rapid saturation 
of deep layers compared with intact surficial soil layers, i.e. in the 
absence of cracks, triggers immediate swelling (leading to heave), which 
hydro-mechanically counteracts the subsidence potential. Therefore, the 
reduced subsidence risk for wide cracks is not an indication of stability, 
but rather a signal of increased susceptibility to reaching the 

serviceability limit state due to swelling.

3.4. Quantified visualisation and comparative analysis of subsidence and 
swelling

A three-dimensional diagram can be constructed based on the linear 
relationship between subsidence and swelling, considering the influence 
of initial crack width, spacing, and changes in crack width. Due to this 
linear relationship, the subsidence-CW-CS diagram forms a plane in 
three-dimensional space, as shown in Fig. 12.

These graphs were selected based on a five-day warming sequence to 
illustrate the trend of soil drying under fluctuating seasonal weather 
conditions. The results show that subsidence increases as crack width 
and spacing decrease during warm seasons. This happens because soil 
cracking creates preferential pathways for moisture and heat transfer, 
increasing evaporation during warm periods and infiltration during 
rainy seasons. As a result, the cracks not only accelerate ground defor
mation but also, due to their varying and random distances from one 
another, cause heterogeneous deformation, leading to differential de
formations and damage to both surface and underground structures.

Comparing the results across all three scenarios reveals that as crack 
width increases, the plane shifts upwards, leading to lower subsidence. 
This suggests that soil with narrower cracks is more susceptible to 
subsidence under similar climatic conditions, while soil with wider 
cracks is more prone to swelling. In addition to the vertical movement of 
the plane within the three-dimensional subsidence-crack width-crack 
spacing framework, the angle of the plane also changes, indicating a 
steeper slope when the crack ratio is at 5%. This implies that soil with 
deep, narrow cracks is more sensitive to variations in crack width and 
spacing. As the initial crack width increases, the sensitivity of the 
cracked soil to geometric changes decreases, resulting in a lower 
deformation rate.

To contextualise the present probabilistic findings, Table 3 contrasts 
key outcomes with recent laboratory, field-monitoring, and modelling 
studies on desiccation cracking under climatic forcing. The comparison 
highlights consistent evidence for (i) cyclic opening-closure of crack 
networks under hydro-thermal variability, (ii) the strong role of surface 
energy and evaporative demand in sustaining crack development, and 
(iii) the feedback of crack geometry on preferential flow and moisture 
redistribution. This synthesis clarifies the domain of applicability of the 
proposed framework and demonstrates qualitative consistency with re
ported mechanisms across multiple settings.

To synthesise the probabilistic findings with physical processes, 
Fig. 13 illustrates the mechanistic feedback loop governing the soil- 
atmosphere interaction. The cycle begins with atmospheric forcing, 
where thermodynamic drivers (mainly temperature, radiation) and hy
draulic drivers (precipitation, relative humidity) act on the soil surface. 
These inputs regulate the interface mechanisms: during drying, inter
mediate cracks (CR13) maximise the evaporative flux by permitting deep 
radiative penetration and turbulent airflow, while during wetting, wide 
cracks (CR35) act as preferential flow paths for rapid deep-soil satura
tion. This forcing alters the soil response state variables—specifically 
suction and effective stress—leading to volumetric deformation (subsi
dence or swelling). Crucially, this deformation creates a feedback loop: 
as the soil shrinks, cracks widen, further enhancing the evaporative 
surface area and infiltration capacity; conversely, swelling closes cracks, 
self-limiting hydraulic conductivity. This cyclic interaction explains the 
study’s observation that CR13 is governed by energy drivers due to 
active evaporation, whereas CR35 is governed by hydraulic drivers due 
to rapid re-saturation.

4. Conclusions

The reliability of crack width evolution and the associated risks of 
soil subsidence and swelling during cyclic climatic conditions was 
investigated in this study using probabilistic modelling techniques, 

Table 3 
Comparison of the present study with recent investigations on desiccation 
cracking.

Reference Methodology Objective Key finding Comparison with 
current study

Cordero 
et al. 
[2]

Large-scale 
field test

Crack 
pattern 
evolution 
under 
natural 
evaporation

Confirmed 
that crack 
formation is 
non-uniform 
and 
boundary- 
dependent

Agreement: 
Validates 
assumption of 
heterogeneous 
deformation. 
Advance: This 
study also 
quantifies the 
heterogeneity 
probabilistically.

Zeng 
et al. 
[28]

Laboratory 
tests 
(Controlled 
chamber)

Influence of 
relative 
humidity 
(RH) on 
cracking

Identified RH 
as a 
dominant 
factor in 
crack 
initiation and 
propagation

Agreement: 
Aligns with FOSM 
result (Fig. 8) 
ranking RH as the 
most critical 
parameter. 
Advance: This 
study extends the 
idea to cyclic RH 
conditions rather 
than static 
controlled values.

Tang 
et al. 
[5]

Laboratory 
wetting- 
drying cycles

Mechanical 
behaviour 
(shear 
strength) 
degradation

Cracks 
induce 
irreversible 
structural 
degradation 
and strength 
loss.

Complementary: 
While Tang et al. 
focus on strength, 
our study focuses 
on the deformation 
risk (subsidence) 
resulting from this 
degradation.

Gao et al. 
[30]

Numerical 
seepage 
simulation

Internal 
crack 
propagation 
and 
hydraulic 
conductivity

Cracks 
significantly 
increase 
permeability 
and 
infiltration 
depth.

Agreement: 
Supports the 
finding that wide 
cracks (CR35) pose 
higher swelling 
risks due to rapid 
infiltration. 
Advance: We 
translate this 
hydraulic 
behaviour into a 
reliability index 
for infrastructure 
serviceability.
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including Monte Carlo sampling, the FOSM method, and ML tools. The 
key findings of this study can be summarised as follows: 

• On the basis of MAE, the linear regression was identified as the most 
suitable model for cracks CR5, CR13, and CR35, with an MAE of 4.77, 
outperforming other regression models. The model demonstrated a 
strong linear relationship between crack width and environmental 
parameters, as indicated by favorable R2 and RMSE values. The 
model CR5 demonstrates the accuracy of the results, with an R2 of 
0.89 and an RMSE of 5.43.

• The probabilistic cumulative distribution of crack widths, obtained 
through Monte Carlo sampling and linear regression, demonstrated a 
strong correlation with numerical modelling. Both methods indi
cated similar mean values for CR13, with numerical modelling 
yielding 153.65 mm and probabilistic modelling showing 153.62 
mm, while their variances differed slightly. CR13 exhibited the 
greatest potential for variation in crack width at a 50% probability. 
In contrast, CR5 displayed greater reliability across different crack 
width changes, suggesting less variation and enhanced stability.

• The FOSM method proved effective in calculating the mean and 
variance of the cumulative crack width distributions and identifying 
the most influential parameters, with relative humidity emerging as 
the dominant factor across all three scenarios, characterised by a 
FOSM importance factor close to 1. Precipitation ranked second in 
significance, followed by radiation, temperature, and wind speed. 
This is due to the high potential of expansive soil for swelling even 
with a little water infiltration.

• The risk analysis of soil subsidence and swelling, driven by crack 
width variations, highlighted the dominance of subsidence over 
swelling in long-term soil behaviour. Subsidence was found to be far 
more prevalent, with overall probabilities of 92% for subsidence and 
only 8% for swelling. However, the analysis also revealed the sig
nificance of swelling as a contributing factor to ground deformation. 
CR5, CR13, and CR35 exhibited subsidence probabilities of 98%, 
96%, and 80%, respectively.

• This study highlights the critical shift from traditional deterministic 
approaches, which often overlook inherent uncertainties, toward 
probabilistic frameworks in engineering design. Unlike conventional 
deterministic methods that perform binary assessments against a 
fixed threshold (ignoring the variability of input parameters), the 
reliability index (β) provides a quantitative measure of safety. For 
instance, considering a limiting threshold such as a crack width of 30 
mm, β does not merely indicate compliance but quantifies the stan
dard deviation distance between the mean performance and the 
failure limit. A higher β value directly correlates with a lower 
probability of failure, thereby confirming the suitability of the soil or 
infrastructure conditions with greater confidence. Consequently, 
instead of relying solely on deterministic verification, the method
ology adopted in this research allows for controlling the probability 
of failure. This approach enables the definition of appropriate target 
reliability levels for various thresholds, ensuring that the risk of 
exceeding critical limits is statistically managed.

• Finally, a linear relationship was proposed between subsidence and 
swelling magnitudes, crack width, and the distance between suc
cessive cracks. A plane defined by the initial widths of the three 

Fig. 13. Schematic layout of mechanistic framework of explaining the soil-atmosphere interaction loop. Atmospheric forcing drives changes in soil suction through 
evaporation and infiltration processes. These suction changes induce volumetric deformation (subsidence or swelling), which alters the crack geometry.
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cracks corresponds with the risk analysis results from the Monte 
Carlo method, showing that the probability of subsidence decreases 
as the initial crack width increases.

While the proposed models demonstrate promising performance, 
several limitations should be acknowledged to contextualise the findings 
as follows: 

• To reduce computational complexity, the study simplified the in
teractions between influential factors, treating input parameters as 
independent variables. Future iterations could employ probabilistic 
graphical models to account for the conditional dependencies be
tween parameters.

• The data utilised is derived from a specific geographical location 
with a distinct climate. As a result, the generalisation of the proposed 
models to other climatic zones or geological settings is limited.

• The machine learning models used in this study perform interpola
tion well but are restricted to the distribution of the training labels. 
While Deep Learning (DL) architectures could theoretically enhance 
generalisation capabilities, they were excluded from this study. 
Given the limited size of the available dataset, the application of DL 
would have introduced a high risk of overfitting, potentially 
degrading the model’s performance on unseen data.
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