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ABSTRACT: Rock fracture behavior under stress is vital for risk evaluation in underground engineering excavation
because the presence of water can significantly increase the extent of cracks and fractures in rock, leading to structural
damage. This can result in catastrophic failures, including rock bursts, coal bursts, and water inrush. Hence, reliable
prediction of rock damage and fracture processes is still lacking, which, in turn, enables the safe and efficient conduct of
engineering projects in rock-mass environments. Thus, this study examines both dry and saturated sandstone samples
under loading using Infrared Radiation (IR), Acoustic Emission (AE) monitoring, and Particle Flow Computation
(PFC) techniques to effectively evaluate the fracture process in rocks under loading. Additionally, seven different
artificial intelligence techniques, such as Gene Expression Programming (GEP), Gradient Boost Regression (GBR),
Extreme Gradient Boosting (XGB), Adaptive Boosting (AdaBoost), Light Gradient Boosting Machine (LGBM),
Categorical Boosting (CatBoost), were employed along with Explainable Machine Learning (XML) to predict the rock
damage and fracture process. These models helped in the development of early warning signals to prevent catastrophic
accidents. Both the experimental and simulation results have shown that the fracture density measured in terms of PFC
and AE cumulative energy is significant in the saturated conditions compared to the dry conditions. Also, stress levels of
0.72 and 0.75 were found to be the warning signs in both dry and saturated conditions, based on the IR index (Average
Infrared Radiation Temperature, AIRT) and AE characteristics. The comparison showed that the prediction accuracy of
the XGB algorithm was the highest, followed by GBR, CatBoost, LGBM, GEP, and AdaBoost. However, GEP expressed
its output in the form of an empirical equation owing to its grey-box nature, and thus, the law of fracture estimation in
the form of an empirical equation was developed. The XML methods were added in order to enhance the interpretability
of the high-performing, but black-box, XGB model. Such methods, along with a user-friendly Graphical User Interface
(GUI), improved the model transparency and facilitated the integration of data-driven decision-making. XML and GUI
tools may be instrumental in improving the safety measures adopted in coal mines and tunnels by reducing the risks
and increasing operational safety.
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1 Introduction
Rock failure is an important and complex phenomenon in rock engineering; its understanding is

important to avoid catastrophic failure and ensure safety and stability in underground engineering projects,
including tunnels, mines, and caverns. Primarily, rock failure is caused by fracture initiation and propagation,
which affects the geological integrity and causes significant damage to the rock mass under loading condi-
tions. The rock fracture mechanism is affected by various factors, including rock composition, geological
conditions, external loads, and environmental factors (water and dry). Moreover, the extent of rock fractures
increases due to the presence of water, which raises pore water pressure, deteriorates rock integrity (by
weakening minerals bond through chemical reaction), and accelerates crack propagation due to hydraulic,
freeze, and thaw effects. This promotes the rock failure process and potentially affects the safety and efficiency
of engineering projects in deep rock mass environments [1–4]. Therefore, evaluating rock fracture processes
in water-bearing rock is crucial for improving both safety and execution of projects.

Researchers have comprehensively investigated the water effects on rock fracture processes and high-
lighted the significant findings related to rocks in both water-saturated and dry conditions. Khan et al. [5]
found that the mechanical properties of rock reduce with increasing moisture. Gong et al. [6] evaluated the
behavior of saturated coal’s dynamic fracture. During the crack propagation process, saturated coal samples
were found to be more vulnerable to fracture initiation at early stages, whereas cracked coal samples were
resistant to crack propagation at later stages. Zhou et al. [7] utilized dynamic notch semicircular bending
tests to evaluate saturated and dry specimens and reported a significant reduction in the fracture propagation
rate in saturated samples compared with dry samples. However, there was a greater dependent increase in
the fracture propagation rate for the saturated samples than for the dry samples. Hao et al. [8] findings
show that moisture has a significant effect on subcritical crack development and the durability of fractures
during the double torsion test of rock. Water promotes crack initiation and reduces fracture toughness,
significantly impacting the propagation of subcritical cracks and the resistance to fracture. Ma et al. [9]
found that clay minerals present in water-saturated rocks undergo dissolution, resulting in the expansion of
pore structures and an increase in the number of interconnected pores. Furthermore, the presence of water
within the rock degrades the integrity of the surrounding structure near the primary fissure, causing splitting
fractures to readily propagate over the joint surface. Ma et al. [9] stated that when water-bearing rock is
subjected to uniaxial stress, fracture propagation becomes more irregular. This results in the formation of
additional secondary cracks within the rock samples and a notable reduction in the strength of the rock.
In the context of rock mechanics, the energy theory poses that both dissipative and elastic strain energies
accumulate during the fracture process. Furthermore, the rock failure can be caused by changes in these
energies subjected to loading of rock in dry and wet conditions, while it can be determined by the critical
stress during sudden structural failure [10–12]. The above research indicates that identifying rock failure from
an energy perspective is feasible and necessary. Dissipative strain energy primarily drives the initiation and
propagation of microcracks within rock masses, while the accumulation of elastic strain energy is implicated
in the catastrophic failure of rock engineering structures within these masses [13–16]. During the loading of
rock, the conversion of mechanical and strain energy can lead to internal movement and molecular collisions,
generating heat within the rock mass. This uneven heat, as it transfers from the interior to the surface, causes
temperature variations across the rock’s surface. Therefore, a significant relationship exists between changes
in surface temperature and the damage characteristics of the rock mass. Current monitoring techniques in
mining operations utilize acoustic emission (AE) and infrared radiation (IR) temperature monitoring to
assess rock mass internal and external damage.
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Researchers have explored the application of AE and IR technologies to predict rock failure precursors,
aiming to provide early warnings and improve the monitoring of engineering projects under various load
and water conditions. Cai et al. [17] analyzed fracture development during rock loading using AE. Du
et al. [18] compared AE waveform signals in shear and tensile tests, finding that shear has longer wavelengths,
while lower signal frequencies characterize tensile. Yang et al. [19] investigated the deformation and strength
properties of red sandstone, noting shear failure as the predominant mode in triaxial compression tests.
AE technology has demonstrated precision in identifying fracture propagation. Through AE detection,
the gradual process of rock failure, encompassing crack initiation and growth along with energy release,
can be effectively studied [20]. The loading of rock at deforming and failure conditions can be carefully
monitored, and evaluations of the indices can be done using infrared (IR) radiation. Specifically, the average
infrared radiation temperature index (AIRT) has been developed to predict the development of the rock
fracture processes.

This concept was first suggested by Wu and Wang [21]; later, Ma et al. [22], and Liu et al. [23] developed
the methodology and proposed the infrared radiation variance (IRV) and the variance of differential
infrared image temperature (VDIIT) as measures of crack damage and rock-failure precursors. Further, Shen
et al. [24] suggested the top infrared radiation temperature (MIRT), whereas Cao et al. [25] studied the
loading and unloading response ratio depending on the IR properties, such as the AIRT and the infrared
radiation temperature rate (IRTR) during rock-sample experiments. Of all the indices, AIRT has proved to
be the most used index in assessing the process of rock failures as well as the development of precursors. In
this regard, Lin et al. [26] obtained a correlation between the AIRT attributes of a sandstone and the porosity
and strength of the sandstone.

According to He et al. [16], the AIRT properties of various rocks during freeze-thaw weather cycles
were measured, and it was observed that the AIRT of sandstone, marble, and granite decreases with an
increase in the rate of applied stress. Simultaneously, Cai et al. [27] reported that the IRR temperature with
axial stress on dry rock is lower in comparison with the temperature in saturated rock, and also found
that loading rates and water saturation increase the number of fissures that occur at the rock surface. Yuan
et al. [28] studied sandstone through triaxial rock-burst experiments, which were supplemented with IR
technology; they reported a rapid increase in the mean infrared temperature difference and the mean infrared
standard deviation before the occurrence of rock-burst events. Moreover, Tang et al. [29] found a strong effect
of water on the IR properties of compression experiments on coal and rock, and lastly [30–33] suggested
a predictive approach of damage in the water-bearing sandstone rock using the AIRT index. Research
shows that combining IR and acoustic emission (AE) can be a better choice to significantly predict rock
failure by monitoring the energy evolution and cracking process. The IR predicts the surface characteristics
while AE observes the elastic wave during the internal cracks of the rock underloading. Therefore, IR and
AE can effectively monitor the stages of rock failure and give strong signals for the prediction of rock
failure precursors.

The literature demonstrates extensive application of IR thermography and AE techniques in rock
engineering for monitoring failure processes and identifying precursors. However, their reliability remains
a subject of debate, particularly under varying hydro-mechanical conditions, as groundwater presence
significantly alters IR radiation characteristics and AE signal propagation due to changes in saturation and
mineralogical interactions. The Artificial Intelligence (AI) techniques have proved their reliability in the
prediction of various components of the engineering projects, such as rock mass classification, landslide,
rock strength, etc. However, AI techniques applied to robust failure prediction and precursor development
under coupled environmental conditions remain insufficiently explored. Thus, this study addresses these
limitations through a multifaceted framework that integrates IR, AE, and advanced AI approaches within
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a physically informed context. Sandstone specimens were systematically tested under dry and saturated
conditions to explicitly quantify the influence of water on precursor evolution. A comprehensive suite of AI
algorithms, including Gene Expression Programming (GEP), Gradient Boost Regression (GBR), Extreme
Gradient Boosting (XGB), Adaptive Boosting (AdaBoost) Regression, Light Gradient Boosting Machine
(LGBM), Categorical Boosting (CatBoost), and Explainable Machine Learning (XML), was implemented
and rigorously compared using a unified dataset. Notably, GEP was employed to derive an explicit predictive
formulation, enhancing model transparency and interpretability. Furthermore, PFC simulations were incor-
porated to establish a quantitative link between data-driven predictions and mesoscale fracture mechanisms.
The novelty of this work is therefore multi-fold, arising from the integration of hydro-condition sensitivity,
multi-model benchmarking, interpretable AI-based formulation, and physics-based numerical validation,
collectively advancing the reliability of rock failure prediction in complex engineering environments.

2 Materials and Methods

2.1 Samples Preparation
The sandstone samples used in this study were obtained in the form of boulders from an active working

face of a coal mine in Shandong, China. The representative specimens were made into cubic geometries
of each size 50 mm × 50 mm × 50 mm and tested according to ASTM guidelines. The selected sandstone
primarily comprises clay minerals, dolomite, calcite, siderite, feldspar, quartz, and plagioclase, as illustrated
in Fig. 1. This research involved measuring the ultrasonic wave velocity in 20 rock samples using a U510
nonmetallic ultrasonic detector. An ultrasonic probe was affixed to each sandstone sample with the aid
of a coupling medium. Samples that exhibited visible macro damage, such as surface microcracks, and
demonstrated an ultrasonic wave velocity variation exceeding 10% were excluded from further analysis (this
limit was taken as the main homogeneity parameter to guarantee that the sandstone samples chosen had
the same internal features and density prior to testing). Consequently, 12 rock samples were selected for
additional studies, which included AE and IR detection.

In order to test the samples, 12 rock samples were placed in a furnace and dried at 105○C for 48 h to
remove all moisture. The 12 dry samples were then split into two individual groups, which were now termed
as Group K and Group L. The six samples of Group K were packed and kept under plastic covers to maintain
the dry form, and those of Group L were put in water tanks to be saturated over a period of one month
(under constant water temperature of 25○C and under 101.3 kPa atmospheric pressure) to ensure uniform
moisture distribution across the specimens. The weight of the specimens was measured with special care,
and noted prior to and after immersion; the obtained results are shown in Table 1. The table is a summary of
the statistical data on the weight and water content of the rock specimens of Group K and Group L before
and after immersion.

2.2 Experimental Equipment
2.2.1 Loading Units

Fig. 2 illustrates the uniaxial compression tests conducted on the specimens. The loading equipment
consisted of a universal testing machine (model MTS C64.106) with an electrohydraulic servo system, which
was capable of supporting a maximum load of 1000 kN. This system offers a high level of accuracy, with load
and displacement measurements reported to be precise within ±0.5% of the actual values. The system of data
acquisition was set to sample at 10 Hz, thus providing a granular and accurate recording of experimental
conditions. All the experiments were conducted in a controlled laboratory with an ambient temperature
of (22 ± 1○C) and a relative humidity of (45 ± 5%), minimizing the effects of environmental variations on
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infrared radiation (IR) observations. A displacement-controlled loading protocol was used to measure all
measurements, with a uniform loading speed of 0.1 mm/min.

Figure 1: Mineral composition of sandstone.

Table 1: Rock samples weight and moisture content before and after saturation.

Sample No. Wd (g) WS (g) WS −Wd (g) Mc (%)
K1 540.6 – 540.6 0
K2 555.4 – 555.4 0
K3 558.6 – 558.6 0
K4 563.4 – 563.4 0
K5 543.2 – 543.2 0
K6 538.9 – 538.9 0
L1 536.7 556.9 20.2 3.77
L2 541.6 559.7 18.1 3.34
L3 551.2 569.8 18.6 3.38
L4 547.3 568.6 21.3 3.89
L5 545.6 565.8 20.2 3.70
L6 556.7 575.8 19.1 3.43
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Figure 2: Experimental scheme for fracture prediction; (a) loading unit; (b) sandstone sample; (c) strain gauge;
(d) plastic film; (e) strain gauge; (f) data acquisition system; (g) load control system; (h) AE monitoring system; and
(i) FLIR A615 infrared thermal imager.

2.2.2 AE Setup
The AE monitoring system that was utilized in the research was designed by PAC and was referred to

as the PCI-2 model. As the rock damage was being recorded in real-time, the associated acoustic-emission
events were also represented in real-time. The PCI-2 system has a number of technical features: its acoustic
emission channels have low noise, a dynamic range of over 85 dB, and its bandwidth reaches 3 MHz to 1 kHz.
It also has an integrated 10-channel filter configuration with four high-pass filters and six low-pass filters
having adjustable ranges, an 18-bit ADC with 10 kHz sampling rate, and a HIT processor with digital signal
processing circuitry that makes it very precise and reliable. The sound emission positioning parameters were
set by opening the acoustic emission positioning setting interface and setting the positioning type to 3D
positioning; testing the wave speed with an AST (automatic sensor test) and inputting the wave rate into the
corresponding position; configuring the event definition value to 128, the event blocking value to 256, and
the over positioning value to 12.8; leaving the remaining parameters at their default values; and opening the
positioning display to set the sample size and the arrangement of the acoustic emission sensors.

2.2.3 IR Camera
The infrared radiation monitoring device used in experiments had a VarioCAM HD head 880, an

uncooled thermal imaging camera produced by the German company InfraTec. This advanced instrument
contains a state-of-the-art 1240 × 768 pixel HD-type micro-thermal focal-plane detector with a thermal
subcutaneous of less than 0.02○C. The device has a high-quality infrared optical lens (f/1.0) which works
within a 7.5 to 14 m spectral range. Detector calibration is normally carried out with temperatures between
−40○C and +1200○C, and this can be further extended to 2000○C; the camera provides a spatial resolution
of about 17 μm. In turn, the VarioCAM HD head 880 transfers a number of significant benefits: the user-
friendly interface does not limit the location of the observation, which makes it the perfect choice in
terms of obtaining the infrared signature of rock surfaces in real-time. In addition, it produces very precise
quantitative information and vivid images and protects the substrate by non-contact working.

2.2.4 High-Speed Camera
The Manta G-507B, a German high-speed monitoring system with a resolution of 1920 × 1200 pixels

and a frame rate of 1300 fps, was used for this study.
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3 Research Methodology
In this study, AI-Performance evolution-based prediction models for rock fracture under uniaxial

loading were developed and proposed. The following methodology steps were adopted (Fig. 3):
• Experimental data acquisition: The stress-strain, AE, and IR data are acquired from experiments.
• Fracture data: This data is acquired from the PFC simulation.
• Data wrangling: The data is clean from outlier, transformed into a usable form that is used for

ML analysis.
• Splitting data: The data is divided into a training set of 70% of the observations, and the rest of the 30%

is a test set.
• ML algorithm: ML algorithms were used, including GEP, XGB, LGBM, and AdaBoost, etc.
• Performance evaluation: Use different performance indicators for the best algorithm selection in terms

of accuracy.
• Feature impact assessment: To inform the effect of the input variables on the modeled outcomes and

to facilitate evidence-based decision making in the industrial sector, we adopted explainable machine-
learning tools, including Shapley additive explanations (SHAP) and individual conditional expectation
(ICE) plots.

• Graphical user interface (GUI): The GUI is an interactive interface that has been developed, enabling
stakeholders to perform predictive studies of rock fracture phenomena under uniaxial loading condi-
tions in an efficient and streamlined way.

Figure 3: Research methodology followed for developing the ML models.

3.1 Evolutionary Algorithms
Genetic programming (GP) was introduced in 1994 by Poli and Koza [34]. The basic concept of GP

is the combination of the theory of natural selection and the concept of genetics [35]. The GP uses the
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predetermined lengths of the binary chains analyzed by predetermined lengths, and this feature makes it
a useful tool for modeling and mathematical problems. GP develops mathematical models by combining
natural selection and regression techniques, which helps the predictive model to converge to solve the
smallest population accuracy by effectively removing the sets of the least accuracy of the population [36].
Gene Expression Programming (GEP)

This is a generalized and advanced implementation of the paradigm of Genetic Programming based
upon solid principles of genetic population algorithms [37]. It goes beyond the classical GP model by
making use of chromosomes with a fixed length. GEP uses a library of genes that are specifically designed
to implement a set of nonlinear encodings of individuals (in the form of linear strings of various sizes and
structures) [38]. The expression trees consist of variables, constants, and arithmetic operators, and each ET
is a subpart of the whole code. GEP combines an assembly of ET configurations to synthesize a solution to
solve a given problem. Fig. 4 shows a schematic representation of the ET structure, genetic operations of
mutation and crossover, and a flowchart representing the GEP methodology. The mutation and crossover
operations are performed over the ETs to produce new individuals, as shown in Fig. 4. Crossover refers to
the process that combines two parents to derive offspring, while mutation changes an existing parent. The
evolution of a program starts with generating a population of random individuals called chromosomes [39].
Each chromosome is a potential solution and is measured for its accuracy according to a given fitness
function. Chromosomes whose accuracy value is at an acceptable threshold are selected to compose the next
generation, and those that have too low an accuracy value are removed. This selection process allows the
overall accuracy of the algorithm to improve over generations [36]. Those chromosomes with acceptable
accuracy form the parents, which enter into the offspring generation through mutation, crossover, and so
on. Mutation introduces random changes, whereas recombination involves exchanging parts between parent
chromosomes to create new solutions. This cycle of selection, mutation, and recombination is repeated over
many generations, resulting in successive populations with progressively better accuracy [40].

3.2 Ensemble Algorithms
3.2.1 Gradient Boosting Regression (GBR)

GBR boosts weak learners in a systematic manner using repetitive learning to build one strong learner,
as described in reference [41]. In contrast to bagging techniques, which build base frameworks in a static
way, boosting algorithms build base frameworks sequentially. This process of refinement can produce several
models, which focus on the analysis of complex learning signals, and thus boost the strength of the predictive
system. The preliminary boosting system is based on the training data; the improvements of the model are
made by further iterations. The structure uses the leftovers of the previous tree to inform remedial changes.
Boosting dates back to the reply of Schapire to the conceptual question of Kearns [42]: “Can the group of
weak learners substitute the dichotomy strong and weak learners?”. The resulting frameworks in this regard
have performance that exceeds random approximations. In his work, Schapire explained that with numerous
weak learners, a single strong system can be formed in order to attain higher performance [43]. In boosting,
the training process focuses on those observations that were misclassified or erroneously assessed during
previous rounds and puts greater weight on them. This plan makes sure that every new model corrects the
errors of the former. On the other hand, in bagging, models are only trained on randomly chosen data, and
the main focus is to reduce variance and not to directly correct the previous mistakes [44].
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Figure 4: Flowchart of the expression tree, the underlying genetic processes, and the technique of gene expression
programming [39].

3.2.2 Extreme Gradient Boosting (XGB)
Tianqi Chen and Carlos Guestrin built the XGB library, an efficient ML framework that is both

portable and scalable. XGB is an improved variant of the traditional gradient-boosted decision tree (GBDT)
algorithm [45]. In XGB, the decision tree serves as the core component of the model. The decision trees used
in XGB are referred to as “weak learners,” which play a crucial role in the algorithm’s effectiveness. The XGB
algorithm consists of a sequence of decision trees arranged in a sequential manner. During the construction
of each decision tree, the errors from the previous tree’s predictions (as reflected in the objective function)
are considered along with the prediction results of the current tree [5,45]. Each decision tree is generated via
the complete dataset. The XGB weak learners are integrated with strong learners to enhance performance.
However, XGB improves predictive power by incorporating additional regularization terms to mitigate the
overfitting and the complexity of the model [46].

3.2.3 AdaBoost
In 1995, Freund and Schapire proposed an ensemble machine learning algorithm called adaptive

boosting (AdaBoost) [47]. In comparison to other machine learning algorithms, AdaBoost is highly efficient
in learning, improves model performance, reduces overfitting, and provides effective learning through
continuous training [48]. Consequently, it is frequently used to combine weak learners, including decision
trees, ANNs, random forests, support vector machines, and deep learning models, creating a more robust
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model and improving prediction accuracy. The detailed flowchart of the AdaBoost algorithm is available
in [48].

3.2.4 Light Gradient Boosting Machine (LGBM)
A novel methodology has been developed to tackle the scalability and efficiency challenges associated

with the model by employing LGBM, an advanced variant of gradient boosted decision trees (GBDTs) [48].
Traditional GBDT methods necessitate the evaluation of all data samples to ascertain the information gain for
potential split points within a decision tree. In contrast, LGBM introduces two innovative strategies: gradient-
based one-sided sampling (GOSS) and exclusive feature bundling (EFB) to enhance the conventional GBDT
approach. In calculating the information gain for identifying split points, GOSS only considers those samples
with large gradients. In addition, this EFB technology resolves the NP-hard difficulty in the integration of
the complementary characteristics, which play little role in deciding the split point. EFB does this through
clustering mutually exclusive features, i.e., features that rarely take nonzero values at the same time, which
improves model efficiency [48].

3.2.5 CatBoost
It was introduced by Yandex in 2017 and is based on gradient boosting, which is specifically designed

to handle categorical data. CatBoost converts categorical data into a numerical value to prevent overfitting
and uses random permutations to effectively manage categorical features [49]. CatBoost offers an unbiased
estimate of gradients and enhances model resilience by training different base learners with numerous
permutations, thereby decreasing gradient bias [49]. The construction process of CatBoost shows oblivious
trees as base learners, where the criteria for evaluating each node at each layer remain the same. So far,
oblivious trees are relatively simple and effective, improving prediction accuracy during model fitting.
CatBoost is well known for its reduced number of hyperparameters, enhanced resilience, and a user-friendly
interface [50,51].

4 Analysis of the Results

4.1 Mechanical Properties
Table 2 identifies the detailed statistical results on the rock mechanical properties at dry and saturated

conditions. The sandstone samples, as shown in Fig. 5, had different properties depending on their moisture
content. The mean peak stress of 107.57 MPa was impressive in these samples in the dry state. On the other
hand, at saturation, this value reduced to 83.25 MPa, which translates to a significant decrease of 23.00 per
cent. Similarly, the samples of the dry sandstones had an average elastic modulus of 6.19 GPa, which is
evidence of their intrinsic resilience. At saturated conditions, the modulus decreased to 5.30 GPa, which is
a considerable reduction of 15% change. The above empirical data highlight a strong erosion in the strength
of saturated sandstone compared to the dry counterpart. Moreover, they support the earlier studies, which
strengthens the longstanding negative impact of water on the integrity of structures and stability of rock
structures [52–56].
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Table 2: Mechanical properties of representative samples under different water contents.

Rock Index Water Content (%) E (GPa) σ (MPa)
K1 0 6.55 125.65
K2 0 6.29 113.23
K3 0 6.27 110.09
K4 0 6.19 104.50
K5 0 5.95 102.80
K6 0 5.88 89.16
L1 3.10 5.69 88.96
L2 2.96 5.68 87.44
L3 3.11 5.37 83.33
L4 3.01 4.97 77.63
L5 3.13 5.12 81.85
L6 3.12 5.01 80.29
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Figure 5: Strength properties of sandstone representative samples under dry and saturated conditions; (a) peak stress;
(b) elastic modulus.

4.2 AE Characteristics
Fig. 6 shows the AE energy and cumulative AE energy of dry and wet rock throughout the loading

process over time. During the preloading step, the sample remained intact internally, and the AE energy was
minimal. During the fracture propagation phase, the AE energy exhibited a sudden and significant increase,
reaching its highest point at the time of failure. The fluctuations in the AE energy are intricately associated
with the mechanisms of fracture, damage, and energy dissipation within the sample. Furthermore, the greater
the brittleness of rock, such as dry sandstone, the more abrupt the increase in the AE energy at collapse, and
the less apparent the precursor. For rocks that are less prone to breaking easily, the significant loss of energy
during the period when cracks start to spread before reaching their maximum size results in an increase in
the AE energy. This increase in AE energy also provides more detailed information on the events leading to
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failure. Fig. 7 presents the normalized progression of the cumulative AE energy values for this specific set
of rock samples. When the rocks become less brittle (saturated samples), the increase in AE energy clearly
occurs more rapidly during the latter phases of loading.

Figure 6: Sandstone AE characteristics under different water conditions: (a) dry and (b) saturated.

4.3 IR Observation
During uniaxial compressive testing, the machine applies mechanical energy in the form of loading to

the representative sandstone sample. This energy is transformed into internal strain energy in the samples
when it subjected to loading and deformation. The part of energy dissipated in the form of heats and, which
propagated to the rock’s surface and is released as infrared radiation. Infrared radiation (IR), extends from
0.76 to 1000 μm, appearing beyond the range of the eye and consequently is invisible. The FLIR A615 infrared
thermal imaging system, however, is constructed to detect and observe this otherwise undetectable infrared
energy released from the sandstone during the loading process. The FLIR A615 sensory technology employs
a combination of signal processing and photoelectric conversion techniques to detect infrared radiation and
transform it into quantifiable data. With some post-processing, it outputs a thermal image on infrared that
reflects the temperature of the rock sample surface. The thermal image, as given in Fig. 8, shows the distinct
temperatures across the sandstone sample, with different colors corresponding to different temperatures.
Moreover, the thermal image is converted into pixels, each representing a specific temperature value. Based
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on these temperature frames, different indices have been proposed by researchers, as already discussed
in Section 1. In this study, the average infrared radiation temperature index (IR) will be used to analyze
fracture evolution.
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The changing sandstone surface temperature through uniaxial compression can be monitored. For this,
the infrared geometric sensor that monitors infrared radiation emitted from the sample records the shape
of the sandstone sample at different loads to determine the temperature changes at specific locations in the
sample during loading. The data processing software embedded in the thermal imager captures valid infrared
radiation in the defined rectangular contour. Outputting these data as a time series with the labels T0, T1,
. . ., Tn. Data are analyzed in MATLAB software and converted into a temperature matrix in two dimensions.
The relation between sandstone surface temperature t in a point and a given frame number P is expressed
in Eq. (1).

tp (x , y) =

⎡⎢⎢⎢⎢⎢⎢⎢⎣

tp (0, 0) tp (0, 1) ⋅ ⋅ ⋅ tp (0, Ly)
tp (1, 0) tp (1, 1) ⋅ ⋅ ⋅ tp (1, Ly)
⋮ ⋮ ⋱ ⋮

tp (Lx , 0) tp (Lx , 1) ⋅ ⋅ ⋅ tp (Lx , Ly)

⎤⎥⎥⎥⎥⎥⎥⎥⎦

(1)

where x represents the horizontal coordinate, and y denotes the vertical coordinate of the matrix profile
corresponding to the sandstone sample. The matrix contains values that reflect the temperature readings
of the rock at specific locations. These temperature data can be visualized using MATLAB software, where
varying colors represent different magnitudes of temperature readings. This visualization enables the creation
of a spatial distribution map that illustrates the infrared radiation temperature of the rock sample at a
particular moment. For example, Fig. 9 presents infrared thermal images captured at four distinct time
points: 200, 400, 600, and 860 s, utilizing the sandstone samples. These images effectively demonstrate the
evolution of temperature distribution over time as the samples undergo loading.
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Figure 9: Loading rock IR thermography at different times.
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Uniaxial compression was applied to the sandstone samples, and the infrared thermal images showed
a significant difference in temperatures on the surfaces of the samples. The average value of the infrared
radiation temperature decreased step by step with the rise of the water content in the rock sample; however,
the water was not uniformly distributed in the rock sample. Such a reduction in AIRT occurs with increasing
damage to the rock, where the heat energy released from the fractures does not propagate outward but instead
into dissipative energy as thermal energy is dissipated into the water content. With the increased loading
time, the high-temperature regions developed with an outward progress from the sample boundary to the
center, and reduced the relatively low-temperature area in the center gradually. So, it was indicative that
during the application of uniaxial stress, the surface temperature of the sandstone thickness range increased
starting at the edges toward the center.

The sandstone samples also showed a reproducible pattern of fracture growth and failure with applied
loads, with cracks initiating at the edges and growing toward the center, as shown in Fig. 9. It was suggested
that the statistical dispersion of infrared radiation temperature on the surface of the rock sample would
be able to serve as a criterion for the location of internal fractures when it comes to sandstone. In this
paper, AIRT was employed to hurdle the statistical variance of surface temperature measurements. We
can use Eq. (2) to calculate the AIRT for a specific frame number. For studying the infrared radiation
characteristics of sandstone samples at various stages of the loading process, a method exhibited in Fig. 10
was developed.

AIRT (p) = 1
Lx

1
Ly

Lx

∑
x=0

L y

∑
y=0

tp (x , y) (2)

Figure 10: Sandstone AIRT and stress behavior under loading under different conditions: (a) dry and (b) saturated
samples.

The processed data of the IR (AIRT index) for the dry and saturated samples may exhibit significant
discrepancies compared to those of other samples within the same group. This may be the consequence
of experimental procedures or equipment faults. As a consequence, future research and analysis will focus
primarily on dry and saturated samples.
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4.4 Average Infrared Radiation Temperature
Literature shows that the specific heat capacity of sandstone and that of water are 800 and 4200 J/kg/○C,

respectively [57]. Thus, water is able to hold more heat energy in it before it rises in temperature due to its high
heat content as compared to the rock. When more water fills these interstitial spaces, the heating behavior
of the rock will vary, especially when it is subjected to loading cases where stress and deformation magnify,
and consequently, the emission of Anomalous Infrared Radiation Temperature (AIRT) by the rock surface
is reduced. Saturated sandstone had a moisture content 3.055 per cent greater than that of dry sandstone
at the same geometric conditions. Since the specific heat capacity of the saturated sandstone is an isotopic
measure, it would be concluded that the measure of specific heat capacity is greater than that of dry sandstone.
Referring to the definition of specific heat capacity, molecules that have high heat capacity need a lot of energy
to increase their temperature by 1○C in a given mass. The infrared thermal image in Fig. 10 shows that the
surface of the sandstone sample exhibits a spatial temperature distribution in which both flanks of the sample
surface show a tendency to decrease in temperature as the centers move towards the middle of the sample. The
saturated sandstone is able to take in significantly more energy at both ends of the specimen due to its high
specific heat capacity. This means that the temperature at the center of the specimen will be found to have a
sharp fall compared to the dry case. The authors based on thermodynamic considerations the postulation of
the larger statistical dispersion of the surface temperature of the saturated sandstone subject to the uniaxial
load compared to the dry sandstone. Accordingly, the AIRT of the saturated sandstone surface is higher than
that of the dry sandstone [5]. To support this hypothesis, the changes in stress and air permeability of the
sandstone samples in dry and saturated conditions over time are shown in Fig. 10.

The AIRT in the example of dry and saturated rock is shown to have a progressive decay process from
the point of mechanical loading commencement till the time of catastrophic failure, as shown in Fig. 10.
However, the presence of the intrinsic voids in the dry specimens means that most of the external pressure
is used up in compressing the intrinsic voids during the initial compaction phase. A resultant consequence
of this is that the surface thermal behaviour of the dry rock is relatively inert, which also translates to a
slight attenuation in the measured AIRT. On the other hand, AIRT in the saturated rock samples exhibits
a steady decrease during the whole duration of the loading. This tendency is arguably explained by the fact
that the saturated sandstone contains water-filled pores, which are explained by the prolonged submergence
of this rock. The mechanical energy provided by the compression device has a direct effect on the evolution
of surface temperature of the sandstone specimen in the compaction interval, which is characterized by a
rapid change in AIRT. During the subsequently elastic deformation regime, the velocity of AIRT reduction
is relatively small in comparison to the compaction stage, which is typified by stronger gradient lines. This
rate reduces further in the following stages of plastic deformation, but the outcome of this is an even steeper
slope. In plastic deformation stages, this rate further decreases, resulting in steeper slopes. Just before failure,
the rate of AIRT change is very low, displaying a moderately steep slope, which intensifies at the point of
failure, indicating rock failure. Notably, the rate of AIRT change in saturated rock is greater than in dry rock.
Stress significantly influences infrared radiation, contributing to a reduction in the maximum strength of
saturated rocks and shifting the AIRT of the rock from the onset of loading until failure. The variables AIRTi
and AIRTp represent the AIRT at the initial stress and peak strength, respectively, for the sandstone samples.
The processed data show that for sample A1, the AIRTi is 0.3 and the AIRTp is −0.12. For sample A2, the
AIRTi is 0.74, and the AIRTp is −0.215. In comparison, dry sandstone samples exhibit a markedly greater
AIRT than saturated sandstone samples.

The AIRT values of 12 rock samples were compared between the saturated and dry groups (Table 3).
The mean AIRTm for dry samples is 0.22266, whereas the mean AIRTm for saturated samples is −0.28683,
which is 2.28 times lower than its counterpart. Therefore, it is evident that the AIRT features on the surface of
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saturated sandstone are more prominent under uniaxial stress than those of dry sandstone. This observation
aligns with the findings of thermodynamic theory.

Table 3: AIRT of sandstone samples at their lower and peak strengths.

Samples AIRTi AIRTm Samples AIRTi AIRTm

K1 1.205 0.861 L1 0.053 −0.284
K2 0.865 0.281 L2 0.068 −0.221
K3 0.675 0.123 L3 0.150 −0.11
K4 0.754 0.321 L4 0.189 −0.271
K5 0.300 −0.120 L5 0.237 −0.398
K6 0.028 −0.13 L6 0.289 −0.437

4.5 Microcrack Structures and Simulation
Numerical Simulation via PFC

The findings from AIRT and AE reveal important differences in the microstructures of both dry and
saturated sandstone samples. This difference is an effect of the inconsistencies between the two types of
samples. There is compelling evidence that these variations in microstructure impact external features as
well as mechanical properties like IR and AE. However, the application of microelectron microscopy for
observation is constrained by notable limitations, since it is only able to capture one, unchanging point. Also,
for the purpose of ascertaining the correlation between various IR characteristics and the advancement of
fractures in the sandstone samples, it is crucial to assess the dynamic development of fractures in the samples
at each stage of loading and deformation. Currently, PFC methodology and the PFC software program have
undergone consistent enhancements, establishing themselves as very influential approaches for studying the
concepts of rock mechanics. In addition, the grain flow model in PFC enables the transformation of rocks into
particle aggregates and simulates the spatiotemporal mechanical properties of rocks by examining particle
size and how they interact with different particle sizes. PFC can be used to precisely replicate the production
of fractures in rocks at the microscopic level.

The simulation utilized a fictitious object consisting of components K4, K5, L3, and L4. Four simulation
samples, labeled X4, X5, X3, and X4, were used to create the model. The dimensions of the numerical model
were 50 mm × 50 mm, and the particle sizes varied from 0.80 mm (largest) to 0.40 mm (smallest). The
porosity ratio was 0.12, and the particle density was 2.64 g/cm3. Initially, the numerical model experienced
acceleration on all four borders (top, bottom, left, and right) to compress and consolidate the particles into
a suitable starting state. This step was essential for improving computational efficiency and reducing the
instability and errors that are sometimes present in numerical simulations. After the preloading step, the
particles inside the model came into contact with each other. The model’s microscopic contact parameters
were modified by including mechanical characteristics obtained from uniaxial testing via iterative trial and
error techniques [58]. Table 4 presents the specific microscopic features relevant to the interactions between
particles. To replicate the uniaxial loading procedure, the model’s left and right walls were removed. The top
and bottom walls were subsequently subjected to constant velocities in the downward and upward directions,
respectively. Fig. 11 shows the particle contact and loading characteristics of the simulated sample.

Following the simulation of sample failure, stress–strain data for the simulated sample were acquired
via the FISH function. Fig. 12 presents a comparative analysis of the stress–strain curves of the simulated and
experimental samples.
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Table 4: Calibrated microparameters of the numerical model.

Sample Linear Group Parallel-Bond Group

Fric emod/Gpa Kratio pb_ten/MPa pb_coh/MPa pb_fa/○

Dry 0.7 11.70 2.5 58.08 45.77 27
Saturated 0.8 11.11 2.5 51.00 40.90 27

Figure 11: Numerical model particle contact diagram.
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Figure 12: Sandstone characteristics in the experiments and simulations: (a) wet and (b) dry samples.

As shown by the findings in Fig. 12, the PFC simulation program successfully reproduces the behavior
of uniaxial compression in the samples under a range of moisture conditions. The values of peak stress along
with the elastic modulus obtained from the numerical model closely correspond to the experimental results.
However, there is a constraint in adequately representing the early compaction of particles, which results in
the deviation of the simulated sample’s compaction from the actual data. The PFC simulation software uses
the built-in function dfn.fracture.num to determine the quantity of fractures inside the simulated sample.
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This function allows for the examination of how fractures form internally when a sample is subjected to
different stress conditions prior to the onset of failure under uniaxial compression.

As shown in Fig. 13, internal fractures in the sample progress in a pattern that is comparable to that of its
stress–strain curve. This progression can be broken down into three distinct stages: the no-slope stage, which
indicates that the fracture curve is almost horizontal; the steep-slope stage, which indicates that fracture
development and propagation begin to occur gradually; and the extremely steep-slope stage, which indicates
that the number of fractures increases significantly, and that fracture propagation accelerates more rapidly
than the steep-slope stage does. Research has suggested that when internal fractures in sandstone reach a
certain threshold before maximum strength, its internal structural stability is compromised. Hence, this
aspect is pivotal in anticipating sandstone failure [58].
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Figure 13: Trend of fractures in dry and saturated sandstone samples under simulation; (a) dry; (b) saturated.

4.6 Fracture Development with AIRT
4.6.1 AIRT Characteristics in the Fracture Process

Initially, the strains of experimental and simulated sandstone samples were normalized before reaching
a peak value for the development of a connection between the observed number of fractures and the change
in IR. This normalization process allowed a direct link to be made between the two variables. A visual
representation of the normalization approach is presented in Fig. 14. Following normalization of the strain
data for both the experimental and simulated samples, the figure shows the relationship between the AIRT
and the expansion of internal fractures. The proportion of AIRT is presented along the x-axis, whereas
the number of fractures is indicated along the y-axis. Fig. 14 demonstrates that there is an evident negative
correlation between AIRT and fracture count: in Stage I and Stage II, the AIRT varies considerably, whereas
the fracture density is relatively low, indicating the prevalence of elastic deformation and microcrack early
formation. The change rate of AIRT in Stage III, at stress 0.72 (dry) and 0.75 (saturated), is significantly slowed
down. This transition is characterized by a reduction in AIRT slope from the steep gradient of the plastic
phase (16○–30○) to a moderate gradient (<16○), signaling the onset of the precursor phase. This decrease in
slope is accompanied by a simultaneous increase in cumulative AE energy and simulated fracture counts,
which are all a multi-modal precursor signal to rock failure. Stage IV, the propagation of the fractures is at its
peak, and therefore, the AIRT change is insignificant, in line with the redistribution of stored elastic energy
along the prevailing fracture plane instead of further heating of the bulk specimen.
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Figure 14: Relationship of AIRT with simulated sample fracture; (a) dry sample; (b) saturated sample.

4.6.2 Fracture Equation Using Stress–Strain
In this work, a novel attempt is made to estimate fractures from stress and strain values. Previously,

Hou et al. [58] established a correlation between fractures and infrared (IR) data via simulated rock samples.
However, since simulated rock samples do not perfectly replicate real samples, the previously derived
relationship may predict fracture values accurately for simulated scenarios but could yield less accurate
results for experimental data. To address this limitation, this study introduces a new approach to estimate
fractures as described below in Eq. (3).

Fracture {0.01 × e0.1×ε2+0.09×(ε2+σ)+0.05×ε+0.05×σ+0.1×R , ε > 0.017844
e0.01×ε2+0.09×(ε2+σ)+0.05×ε+0.05×σ+0.1×R , ε < 0.017844

(3)

PFC simulation data were obtained to determine the value of fractures under controlled loading
conditions across a systematically varied range of stress (i.e., σ) and strain (i.e., ε) conditions. The most
physically appropriate structure was found to be a piecewise exponential functional form, which is consistent
with the long-standing use of exponential functions in the literature to model damage accumulation and
fracture propagation of brittle rock materials in compressive loading. The strain threshold number of
0.017844 in Eq. (3) does not mark a random number, but the physically significant inflection point in the
simulated fracture strain curves, which represents the change from the crack initiation stage to the crack
propagation stage. The PFC simulation data were then used to perform nonlinear least-squares regression,
which produced the coefficients of the exponential expressions, with a high coefficient of determination
(R2 = 0.99). The equation was then calibrated to experimental fracture curves by applying an iterative
refinement, where the coefficients were varied to allow the equation to predict and observed values as close
as possible without imposing any constraints on the physically motivated functional form or the strain
threshold. This calibration is similar to usual constitutive model adjustment in rock mechanics, and is not
unconstrained data fitting.
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In Eq. (3), a variability constant R is added to widen its application to dry and saturated rock. The binary
definition of R = 0 dry rock and R = 1 saturated rock is a conscious and pragmatic simplification based on
the experimental nature of this experiment, which was designed to compare the two discrete end-member
saturation states most frequently documented in rock mechanics experimental work and most indicative
of reality in the engineering world. The data available could not be rigorously calibrated to a continuous
saturation parameter since the intermediate saturation levels were not tested in the experimental program. It
is known that the level of saturation of water can be continuous in both the natural and engineering contexts.
But in the modern version of Eq. (3), R is considered as a binary constant (R = 0 in case of dry; R = 1 in case
of saturated), which only represents the two end-member cases that are experimentally tested. It is proposed
that the extension of Eq. (3) to use a continuous saturation index (e.g., degree of saturation Sw: [0, 1]) is thus a
direction to future research, awaiting the provision of experimental fracture data over an intermediate range
of saturation.

All experimental samples are analyzed using Eq. (3) regardless of the PFC simulation, and this is used to
obtain the fracture curve of rocks during the entire loading process as shown in Fig. 15. Where ε is the strain,
σ is the stress, and R is the constant of variability, which is 0 in the case of dry rock and 1 in the case of saturated
rock. This conditional expression calculates fracture values in accordance with the current strain regime:
at a strain greater than 0.017844, the first exponential expression of the crack propagation stage is used; at
a strain less than 0.017844, the second exponential expression of the crack initiation stage is used. Fig. 16
also depicts how the fractures develop in the samples of sandstones in the presence of dry and saturated
conditions, reaffirming the suitability of the proposed technique in each water content scenario. The AIRT
values for dry sandstone and saturated samples are shown in Fig. 15. This finding reveals that during slow
fracture development, the rate of AIRT is greater, whereas during high fracture development, the AIRT rate
is lower. This phenomenon is due to various factors related to fracture mechanics and heat transfer. When
fractures grow rapidly, as observed under high-stress or dynamic conditions, most of the energy released is in
the form of mechanical energy rather than heat. Consequently, less energy is available to heat the surrounding
material, resulting in a slower increase in temperature detected by infrared radiation. Conversely, during slow
fracture growth, characterized by lower stress and longer durations, more mechanical energy is converted
into heat, leading to a greater temperature rise. Additionally, factors such as the material’s thermal properties,
experimental setup, and cooling methods also influence temperature differences.

Figure 15: Relationships between AIRT, stress, and fracture in dry and saturated sandstone; (a) dry and (b) saturated
samples.
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Figure 16: Correlation matrix of the dependent and independent variables.

The AIRT trends observed across various sandstone samples are consistent. Notably, the rate of AIRT
within crack closures is initially high, indicating elastic deformation. However, as the stress–strain curve
progresses from elastic deformation to plastic deformation, the rate of AIRT decreases gradually. The AIRT
values follow an almost linear trajectory, with a noticeable drop at the failure point. Thus, AIRT rates are
quicker at the initial stages of the stress-strain curve and slower at the latter part. The linear and higher rate of
AIRT was observed during these two phases, which can be attributed to several mechanisms. The closure of
microcracks under stress is the first case of this role. In other words, when the external forces act on the rock,
the microcracks in the rock’s matrix close gradually, which results in a rapid decrease in the air contained
inside the rock. This effectively leads to a linear drop off in AIRT, as air trapped isotopically in the rock is either
pushed out or squeezed down. In addition, the accelerated AIRT during elastic deformation, characterized
by reversible strain in the rock without lasting damage, highlights the ability of the rock to both capture
and release air without incurring considerable structural damage. The rock porosity and permeability also
affect the AIRT rate. Rocks with increased porosity and connected pore flow networks generally show higher
AIRT rates due to increased air release during deformation. Overall, the tangible and amplified AIRT rates
associated with these linear trends are beneficial for understanding the mechanical structure and internal
composition of rock, and how it responds to external stress and deformation. The shear failure of sandstone
after elastic deformation had an initial stress level of stress equal to 0.75 at dry rock as well as 0.63 for wet rock
(Fig. 17) and was significantly increasing after elastic deformation, which was defined as an early precursor
to rock failure.
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Figure 17: Violin plots for research data distribution.

4.7 ML Prediction Models
4.7.1 Data Description and Splitting

K-fold cross-validation (k = 5) is used in this study to split the dataset into training and testing sets
for the XGB, AdaBoost, LGBM, and CatBoost algorithms. In contrast, the GEP model development 80:20
training-to-testing split was much simpler. In this method, the entire database is divided into k folds of equal
size and used as a testing set once, and the k − 1 folds are used for training. It is repeated k times, allowing
each data point to be used for both training and testing purposes. This technique allows us to effectively train
machine learning algorithms and accurately assess their performance on unseen data, thus evaluating the
models’ ability to generalize and reduce the risk of overfitting of the algorithms to the training set. Table 5
presents a statistical overview of the dataset used in this investigation.
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Table 5: Model input and output parameters statistical details.

Indexes Time (s) AIRT (○C) Strain Stress (MPa) Fracture
Count 14,664 14,664 14,664 14,664 14,664
Mean 377.602 −0.052 0.009 37.923 253.746

Std 228.814 0.127 0.005 30.619 977.781
Min 0.6 −0.244 0 0.024 0
25% 183.875 −0.124 0.005 9.384 0.037
50% 367.15 −0.08 0.009 31.44 0.467
75% 550.425 0.016 0.014 63.978 31
Max 857.5 0.3 0.02 102.796 8550

4.7.2 Data Distribution and Correlation
Before implementing the prediction model, the dataset was thoroughly cleaned to eliminate outliers

(the points significantly deviating from other datasets can distort the analysis by affecting measures of
central tendency and variability). Detecting and eliminating outliers is essential for ensuring the precision
and trustworthiness of data analysis. A statistical summary including features such as standard deviation,
minimum, mean, and maximum values was computed for each variable both before and after outlier removal,
as depicted in Fig. 17. The examination revealed diverse impacts of outlier removal on different variables.
While time and stress displayed consistent central tendencies and variability after outlier removal, AIRT
exhibited a slight decrease in the mean and standard deviation, indicating a trend toward lower values and
decreased variability. Strain experienced minimal alterations in summary statistics, suggesting that outlier
removal had negligible effects. In contrast, for fractures, the average and variance dropped drastically once
we removed undesirable outliers, again indicating how much outliers can affect the fracture mean value. The
results emphasize the need to detect and exclude extremes for proper data analysis. Knowledge of these effects
is fundamental to interpreting the data correctly and making informed decisions based on statistical analysis.

The correlation matrix for the dataset in this study is depicted in Fig. 16. The matrix illustrates the
correlation values of inputs and outputs, where each cell in the matrix represents a correlation coefficient
value between the two features. A value close to 1 is a strong positive correlation, while a value closer to−1 is a
strong negative correlation. The table below the matrix gives a summarized numerical representation of those
correlations. Identifying multicollinearity in between the columns is a critical step in model preparation—it
is imperative to get both a matrix representation and a tabular representation for analysis.

4.7.3 AI Model Development
This study explores the use of AI-based regression models (GEP, GBR, XGB, LGBM, Adaboost, and the

CatBoost regressor) to estimate sandstone strain, stress, and fracture under variable water conditions. The
subsequent sections provide the details of the implementation of these algorithms and their validation using
error estimation.
GEP Model Development

The GEP method was implemented in this study by the use of GeneXpro Tools version 5.0, a tool for
genetic programming. A data-splitting option was used to separate the dataset into an 80:20 ratio before
the algorithm training phase. As different datasets and ML algorithms need different hyperparameters,
several GEP hyperparameters need to be specified before the training process can be initiated. These
hyperparameters have a dramatic impact on the performance of the model, and finding the optimal values
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requires testing and experiments over a large set of possibilities. The main GEP hyperparameters are
chromosome number, chromosome size, functions, and number of genes. The literature suggests that a
higher number of chromosomes might impact the convergence of the model and its complexity. And hence,
these parameters are fine-tuned using an iterative trial–and–error approach coupled with information from
the pertinent literature [59]. In this study, GEP models for predicting stress, strain, and fracture were
developed by exploring a feasible range of values for these properties, respectively, while identifying the best
performing configuration. The GEP parameter setting used for the models is given in Table 6. In the table,
as an example, we can see that there are 4 genes associated with prediction for stress and 5 with prediction
for strain. Therefore, four subexpression trees were generated for the prediction of stress, five for strain, and
four for fracture. As the linking mechanism, we combined these subexpression trees through the addition
function in order to generate the final output equations. Essentially, higher values on these parameters can
help the model be more accurate, but they also increase the algorithm in complexity. Thus, appropriate
features, namely the number of chromosomes and head size, were selected to avoid overfitting or underfitting
computation time. These final GEP equations, used for predicting stress, strain, and fracture, are based on
simple arithmetic functions, as well as the square root function, to strike a balance between computational
efficiency and the simplicity and utility of the resultant equations.

Table 6: Algorithm fitting parameters used in the study.

Parameters Significance
Settings

Stress
Prediction

Strain
Prediction

Fracture
Prediction

Constants per
Gene

Quantifies the
number of constants

in each gene
10 10 10

No. of Genes Shows the number of
subexpression trees 4 5 4

Linking
Function

Used to link the
subexpressions Addition Addition Addition

No. of
Chromosomes

Total number of
chromosomes made

by GEP
50 50 50

Functions
Arithmetic functions

that make the
equation

+, −, ×, ÷, sqrt,
x2, x3, x4, x5,

cube root

+, −, ×, ÷, sqrt,
x2, x3, x4, x5,

cube root

+, −, ×, ÷, sqrt,
x2, x3, x4, x5,

cube root

Table 6 shows that the final equation for strain, stress, and fracture contains the following elementary
arithmetic functions: (+, −, ×, ÷). The selection attempts to minimize the complexity of the resulting
equation. Furthermore, addition is selected as the equation’s linking function, which means that the subex-
pressions resulting from the decoding of each gene are added to produce the finished result. Eqs. (4)–(6)
provide the strain, stress, and fracture equations derived from the GEP models.
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Stress = X1 + X2 + X3 + X4 (4)

where

X1 =
(178.213 ∗AIRT) + T

7.4313

X2 = {
√

3
√

T × (AIRT × T
−5.833

)} − 7.190

X3 = {2AIRT − 3
√

T} + 22.95
X2 =

√
{ 3
√

T + 24.256} + {(3.79T) + (6.40 + AIRT)}

Strain = X5 ÷ X6 ÷ X7 ÷ X8 ÷ X9
where
X5 = T −

√
T + AIRT

X6 = 6.871 + 2 (AIRT)
X7 = 28.619
X8 = −12.33 −

√
T + 7.67

X9 = −6.51 − AIRT − {(−9.92 −
√

T) × (AIRT)}

(5)

Fracture = X10 × X11 × X12 × X13 × X14
where
X10 =

√
σ × (ε)2 − [{1.84 − (−8.48 − ε) − 3

√
ε} − { 3

√
ε −
√

σ}]
X11 =

−7.27
σ

X12 =
[{( 1.815 − σ

σ
) − σ} + {A+ B}] × [σ − 6.01]

ε
X13 = ε
X14 = [{({(6.55 −

√
ε) × −8.763} + σ) + N} − 2.061] −

√
σ

where
A = ( 3

√
−0.869 + (5.98 × 3

√
σ + 1.320)) − (ε − 2

√
S)

B = σ

(3.50ε + σ) × 2.195
σ

ε
× ( 3
√

ε − ε)

N =

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

0.561 − σ + ε
0.68σ + σ + ε

0.879ε√√
σ + 6.554

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

+
⎡⎢⎢⎢⎣

3

√
{ε − σ 2} − {68.162 + 9.85

σ
}
⎤⎥⎥⎥⎦

(6)

Ensemble Algorithms Model Development
Although hyperparameter tuning for GEP was performed manually, involving extensive testing with a

range of values, hyperparameter tuning for XGB, LGBM, CatBoost, BR, and AdaBoost was more efficient.
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Specifically, a widely used method known as grid search, which is available in the Python scikit-learn library
through the GridSearchCV function, was employed for this purpose. Importantly, not only hyperparameter
optimization but also data loading, data splitting, model fitting on the training set, and testing on unseen
data were performed via the Python language within the Anaconda software environment. The grid search
method was used as a preferred choice for parameter tuning because of its efficiency and extensive use in
optimizing machine learning model parameters [46]. The grid search approach involves evaluating every
possible combination of hyperparameter values to select the most feasible set of parameter values for the
model. In this approach, a parameter is changed over a range of values to find the optimal setting, holding
all other parameters constant. This continues for every single parameter until the best set of values is found
for the respective model. In this study, the same method is applied to find the best hyperparameters for XGB,
AdaBoost, CatBoost, LGBM, and BR algorithms. Table 7 presents the grid search results of these models,
reporting the parameter values that return the highest accuracy for each algorithm.

Table 7: Optimized Hyperparameter settings for XGB, AdaBoost, GBR, and CatBoost algorithms.

Algorithm Hyperparameter Optimal Value

XGB
Number of trees

Maximum depth of each tree n_estimators: 100
Shrinkage rate applied to each tree max_depth: 6

AdaBoost
Number of trees learning_rate: 0.3

Maximum depth of each tree n_estimators: 50
Shrinkage rate applied to each tree max_depth: 8

GBR
Shrinkage rate applied to each tree learning_rate: 1.0

Maximum depth of each tree learning_rate: 0.1
Number of trees max_depth: 3

CatBoost
Number of iterations (trees) n_estimators: 100

Shrinkage rate applied to each tree iterations: 1000
Maximum depth of each tree learning_rate: 0.03

Notice some common hyperparameters, such as n_estimators, max_depth for XGB, AdaBoost, GBR,
CatBoost, and BR algorithms, which are keys for model training. As previously mentioned, n_estimators
indicates the number of base learners the algorithm will use to make predictions, while max_depth specifies
a tree’s maximum depth. The other really important hyperparameter common across these models is the
learning rate. Essentially, the learning rate is a shrinkage that is applied to the predictions of each individual
new tree. In boosting algorithms, trees are added incrementally to minimize the residuals of previous trees;
a large learning rate can contribute to a fast fitting [44], leading to potential overfitting. To allow the model
to adjust more slowly to mitigate overfitting, a lower learning rate is recommended. Consequently, the
learning rates employed in this study were cautiously chosen based on advice from the literature and practical
assessment. For CatBoost, a learning rate of 0.03 was chosen; for XGB, a learning rate of 0.3 was used; and
for GBR, a learning rate of 0.1 was selected. These choices are reflected in Table 7, which details the optimal
hyperparameters for each algorithm.
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4.8 ML Model Performance
4.8.1 GEP

Table 8 shows the performance metrics for GEP-based predictions of strain, stress, and fracture in both
phases. The results show that all the predicted parameters have good performance for GEP, with R2 > 0.80.
Specifically, the R2 for fracture prediction on the testing set was 0.985, demonstrating that the GEP-based
equation is capable of predicting fracture values with up to 98.5% accuracy for previously unseen data. The
curve fitting graphic in Fig. 18 also shows the predictive nature of the GEP equation. The plot also indicates
GEP model correctly predicts strain, stress, and fracture. Small differences between the real and predicted
values indicate the robustness of the GEP algorithm in each moment, showing the efficiency of this technique
in estimating rock properties.

Table 8: Summary of the error evaluation of GEP.

Stress Strain Fracture

Training Testing Training Testing Training Testing
MAE 7.65 7.69 4.73 4.73 46.824 46.521

RMSE 9.29 9.40 6.02 6.01 130.239 12.767
R2 0.910 0.912 0.948 0.950 0.982 0.985

4.8.2 GBR
In Table 9, the active prediction results of the GBR model for different evaluation metrics with very

low prediction errors are demonstrated. Starting with the training dataset, it can be seen that MAE = 0.0127,
RMSE = 0.0134, while for the testing data, MAE = 0.0005 and RMSE = 0.0005; thus, the accuracy of the
testing dataset is high. These metrics illustrate the GBR model’s strong performance in predicting the target
value accurately, rendering it the best-performing model in this evaluation. Sandstone property prediction
under different water conditions is given in Fig. 18.
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Figure 18: (Continued)
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Figure 18: Sandstone property prediction under different water conditions: (a) stress–strain prediction under dry
conditions; (b) fracture prediction under dry conditions; (c) stress–strain prediction under saturated conditions;
(d) fracture prediction under saturated conditions.

Table 9: Model performance of the ensemble learning algorithms.

Models Training MAE Testing MAE Training RMSE Testing RMSE Training R2 Testing R2

GBR 0.012679 0.013353 0.000473 0.000501 0.999526 0.9995
AdaBoost 0.11869 0.119579 0.02022 0.020474 0.979649 0.9800

XGB 0.00452 0.005545 0.000398 0.000597 0.999597 0.9994
LGBM 0.005966 0.006618 0.000515 0.000627 0.999479 0.9993

CatBoost 0.006042 0.006727 0.000454 0.000568 0.999542 0.9994

4.8.3 XGB
XGB stands out by providing better accuracy metrics than its counterparts. For instance, MAE of 0.0045

and 0.0055 RMSE are excellent performances as shown in Table 9. Its performance is ongoing, strong, and
stable on the trying-out dataset, producing an MAE of 0.0004 and an RMSE of 0.0006. These results further
reinforce XGB’s excellent suitability for prediction tasks.

4.8.4 AdaBoost
Although the AdaBoost Regressor did a good job at predicting the required values, the error rates are

slightly higher compared to GBR. The performance metric of 0.1187 for MAE and 0.1196 for RMSE for the
training phase proves that although the errors are much bigger than those of the GBR, the model has a
pretty high accuracy rate. On the test dataset, the AdaBoost regressor is also consistent, as its MAE is 0.0202
and RMSE is 0.0205, which gives validation of its effectiveness in predicting the target variable with fairly
consistent performance.

4.8.5 LGBM
LGBM performed exceptionally well, with error rates comparable to XGB. On the training dataset, it

exhibited an MAE of 0.0060 and an RMSE of 0.0066. Moreover, it showed an excellent predictive power on



30 Comput Model Eng Sci. 2026;147(3):18

unseen data, achieving very low Mean Absolute Error (MAE = 0.0005) and Root Mean Square Error (RMSE
= 0.0006) scores on the testing dataset. The LGBM model shows accuracy based on these metrics, which
indicate its efficiency and effectiveness in prediction.

4.8.6 CatBoost
CatBoost also predicts exceptionally well in both training and testing phases. The model achieves an

MAE of 0.0060 and RMSE of 0.0067 on the training dataset, and this performance is similar to the results
achieved by the LGBM and XGB models. It is stable because its MAE is 0.0005 and its RMSE is 0.0006 as a
result of the testing data set, which emphasizes the uniformity of its performance on each data set.

5 Discussion
Naturally, rocks can disintegrate more when water dissolves the clay minerals in the rocks, transforming

the bonding structure itself, making the bonding structure even further weak. Water-induced rock fracture
has been elaborately discussed in previous studies [5]. Especially, this process is important for clay minerals.
For the sandstone used in this experiment, XRD analysis showed that it contained 7.9% clay minerals. This
study also suggests that water can significantly affect the degradation behavior of the internal structure of
sandstone [60,61]. It consists primarily of clay minerals, calcite, dolomite, quartz, and clay minerals that
have hydrophilic characteristics. Water molecules can wedge themselves into the molecular structure of
these minerals, which can lead to further dissolution. To date, existing research has not adequately studied
water-rock interactions under diverse water conditions, along with the role of mineral constituents on
the mechanical behavior and structural resilience of rock masses. The study should focus on the role of
dissolution of clay minerals and other hydrophilic materials in the mechanical properties and stability of
rock under various physical conditions. As water critically governs the fracturing process of sandstone, the
infrared monitoring of saturated sandstone was therefore investigated. The experiments demonstrate that
wet rock reflects more IR off the surface of the sandstone. This conclusion is in line with existing academic
research [62], despite the very limited attempts that have been made to better understand this phenomenon.
Thermodynamically speaking, the stored heat in the entire mass of saturated sandstone is more than that of
dry sandstone, hence the IR on the saturated sandstone surface would distribute a wider range of temperature.
As a result, the AIRT appears to be lower in wet than in dry samples. The authors will conduct additional
studies to study the specific heat capacity of the same rock with different amounts of water in subsequent
studies. Moreover, they want to explore how this affects the IR properties of the sandstone surface.

The temporal and geographical feature distributions of the IR temperature on the sandstone bearing
surface are investigated in this research via the use of data from image processing methods. It is necessary
to use statistical techniques to explain the internal fractures that are present inside the rock samples, since
an investigation revealed that the temperature of the infrared radiation is not distributed evenly. In the past,
the process of characterizing rock fractures was accomplished by examining fluctuations in IR indicators
during the failure. This work focused on increased infrared accuracy through PFC grain flow modeling
and numerical modeling of sandstone. The motive behind this work was to investigate the evolution of
microcracks in sandstone samples with varying water exposure and to define a correlation that allows us
to predict the variations of the IR and the features of the fractures of sandstone. In addition, the study
compared multiple AI algorithms to find the best technique for predicting fractures. The next research
direction will be the establishment of a fracture and artificial intelligence (AI) model, which could be
generalized to various loading situations, considering the size of the sample and the types of rock. The
purpose of this specific study is to enhance the efficiency of fracture prediction in rocks by employing infrared
radiative temperature information acquired at multiple time points from the exterior of sandstone. This study



Comput Model Eng Sci. 2026;147(3):18 31

provides a quantitative and reliable approach to characterizing the temporal distribution and spatial features
of fractures.

In addition, to investigate rocks that contain water, a solid understanding of the patterns of water
distribution within rocks through the use of particle flow modeling is essential. Previous research has
employed nuclear magnetic resonance imaging (NMR) to explore water dispersion in coal samples [5,28].
Similarly, this research utilized the discrete element method for modelling the effect of water content on coal.
However, because coal and sandstone have different internal compositions and properties, this study worked
under the assumption that water is dispersed uniformly throughout the sandstone. To increase the accuracy
of these simulations, further research will be undertaken for the investigation of the water dispersion
characteristics of sandstone. This study aimed to develop an accurate prediction model for fractures that may
serve as early indicators of failure.

5.1 Field Implementation
Fig. 19 presents a flowchart providing real-time field guidance for engineers. The protocol begins at the

Continuous Field Monitoring node (teal), or the situation in which engineers have continuous monitoring
of the infrared and acoustic emission signal, both online, even without known absolute levels of stress.
Starting here, the protocol bifurcates into two parallel lines of evaluation. Rule 1: IR Trend (blue) is a constant
reminder of the slope of the AIRT, and Rule 2: AE Validation (purple) is a constant reminder of cumulative
AE energy. These two rules act at the same time and independently of each other; neither of them is thought
to be enough to cause a response. In the IR branch, as long as the slope of the AIRT is greater than 16○,
then the specimen is considered to be in a steep plastic deformation phase, and no further action is justified
than continued observation. But as the slope decreases to the moderate gradient regime (below 16○), the
main infrared warning signal fires, which in the experiment correspond to the precursor stress threshold
of 0.72 sigma (dry) and 0.75 sigma (saturated). In the same branch (AE), at the same time, a steep rise in
cumulative AE energy is used to verify the IR warning, telling the difference between a real precursor event
and an artefact of measurement or noise. These two branches then meet at one junction point, which is a
requirement of the protocol that both conditions should be met at the same time before any action can be
undertaken. This linkage gives way to the Operational Threshold Reached node (coral), where the 0.72–0.75
sigma critical stress window is set, and active response is deemed to have been reached. Lastly, the flowchart
ends at the Implement Immediate Safety Measures node (red), which indicates that the catastrophic rock
failure is about to occur and that preventive measures should be taken immediately.

5.2 Explainable Machine Learning (XML)
As the use of ML techniques to predict several important rock and soil parameters increases, there is

a growing need to make the ML-based models transparent and easy to use in practical settings (Sagi and
Rokach 2020). In this context, XML techniques play a crucial role in understanding complex black-box
ML models. In the realm of civil engineering and rock mechanics, SHAP and ICE analysis are the most
commonly used XML techniques. Thus, these two methods are used in this study to explore how input
variables affect the rock fracture prediction under uniaxial loading. SHAP analysis identifies and ranks the
most important inputs for predicting the outcome, while ICE analysis helps to visualize how the output is
affected by input variables.



32 Comput Model Eng Sci. 2026;147(3):18

Figure 19: Illustrates the protocol of real-time rock failure monitoring using IR and AE.

SHapley Additive exPlanations (SHAP) Analysis
SHapley analysis, created by Lundberg and Lee [62], helps explain ML models based on game theory,

where features are seen as players, and the model’s outcomes are treated as the rewards. To interpret tree-
based models like XGB, a tool called TreeSHAP is commonly used. In this study, TreeSHAP is implemented
using Python to interpret the predictions made by the XGB model for predicting rock fracture under uniaxial
loading. SHAP ranks the input variables according to their contribution in predicting the output by means
of its global interpretation analysis which can be visualized by means of a SHAP summary plot (also known
as beeswarm plot) in Fig. 20. The contributors are arranged from top to bottom in order of decreasing
significance. Each input variable has its own row, with dots representing its SHAP values for different data
instances. The dots are color-coded in such a way that blue represents lower values of the inputs, while
red shows higher values. This plot not only ranks the variables but also gives the idea of how the output is
affected by input values, i.e., if red dots are present on the negative side, it indicates that increasing input
values decrease its SHAP value (consequently lowering its significance in predicting the outcome), and vice
versa. Fig. 21 shows that the time of loading is the most dominant factor in predicting the rock fracture, having
the widest range of SHAP values in the positive direction. It shows that increasing loading time increases
its SHAP value and consequently increases rock fracture. The lower values for loading time are, however,
clustered closer to the zero line on the negative side of the SHAP plot. It indicates that at lower loading times,
there will be fewer chances of rock fracture. Over time, stress on the rock is the most crucial factor, and
it exhibits similar behaviour to the time of loading. However, the strain developed in rocks under loading
shows a different behaviour compared to the other two inputs, as the red dots (indicating higher strain values)
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are stretched on both positive and negative sides, while the blue dots of lower strain values are consistently
clustered along the zero line. It shows that when there is less strain developed in the rock, the tendency to
develop a fracture is also low, as explained previously by [26,31–33]. The least contributing factor, according
to the SHAP plot, is IR, and it can be seen from Fig. 20 that the SHAP values for IR are lying practically on
the zero-line, indicating its lesser significance in predicting rock fracture under uniaxial loading.

Figure 20: Input contribution ranking to predict rock fracture.

Figure 21: SHAP feature interaction plots between input variables.

After ranking the input variables based on their importance in the prediction of the outcome, Fig. 20
unravels the useful relationships between input variables and their corresponding SHAP values through
SHAP partial dependence plots or more commonly known as feature interaction plots. A condensed
representation of these plots for the variables considered in this study is shown in Fig. 21, where the values
of the variables are displayed along the bottom axis and the right-hand side, while the SHAP values for the
variable on the x-axis are shown on the left-hand side. This arrangement allows for observation of how the
SHAP value of one variable changes with variations in another. Overall, the SHAP values associated with
time exhibit greater variability compared to other variables, indicating its dominant role in predicting the
outcome. In addition, the SHAP value of time (and thus its importance in the prediction of the output)
increases with an increase in strain values, which unveils the multivariate relationship between time and
strain in determining rock fracture. The SHAP values of other variables show some variability, but it is not
as pronounced as time, which seamlessly aligns with the ranking of variables given by the SHAP summary
plot in Fig. 20.
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Additionally, each partial dependence plot includes a background histogram showing the frequency
distribution of the variable on the x-axis. Therefore, these plots not only illustrate interactions between
variables through SHAP values but also provide insight into the distribution of the input data.

5.3 ICE Analysis
SHAP analysis helps to identify the most influential variables in the prediction of output. However, it is

also important to investigate the impact of changing each input on the ML algorithm’s predictions. This can be
done by ICE analysis, in which one input is varied across its range while all other parameters are held constant
at their average values. The results of change in the output values are plotted against the original input values
to get an ICE plot for a variable as shown in Fig. 22. The impact of change in IR on fracture of rocks under
uniaxial loading can be seen from Fig. 22a. As IR increases from −0.3 to almost −0.1, the fracture tendency
decreases rapidly and after that it becomes constant for the whole range of IR. It must be noted that the change
in IR over its whole range only brings about a change in output from 4.25 × 108 to almost 2.5 × 108. This is
a comparatively smaller range, and it is due to the fact that IR was previously listed as the least contributing
variable to the output by means of SHAP analysis. The rock fracture experiences an increase with an increase
in loading time, as evident from Fig. 22b. It can be seen that increasing loading time from 0 to 800 s increases
the fracture from almost 0 to more than 2.5 × 108. However, the predominant effect is seen after a loading
time of 600 s. It can be attributed to the fact that the time of loading has been identified as the most crucial
factor for determining target output by SHAP analysis. The stress and strain in the rock exhibit somewhat
similar behaviour in relation to the fracture under uniaxial loading. The effect of both inputs is minimal in
the beginning, but it increases rapidly after strain and stress surpass 0.015 and 60, respectively (Fig. 22c,d).
This happens because initially, there is less stress acting on the rock and consequently less strain. However,
when the rock is exposed to loading for longer time periods, both stress and strain increase, resulting in the
formation of fractures.

5.4 Data-Driven Decision Making and GUI Development
It has been explained in previous sections that the ML models are reliable for predicting the subject

output. Also, the XML techniques depicted that the predictions made by the most accurate algorithm,
i.e., XGB, align with the observations obtained from laboratory experiments and previous literature. It is,
however, imperative to make the decision-making process of the algorithm more transparent to make sure
that engineers and different stakeholders can effectively utilize the findings of this study. This can be done by
means of the SHAP decision plot, as shown in Fig. 23, which helps to visualize the prediction-making process
of the XGB algorithm for all experimental instances considered in this study. This plot shows how the input
variables affect the model’s final prediction. The effect of input variable values on the predicted outcome can
be investigated through the colour of different lines, where blue lines indicate lower output values while red
lines represent higher values. The lines originate from the bottom and intersect the graph’s top, indicating the
predicted value for that particular instance. From the decision plot, it is evident that higher values of inputs
like stress and loading time push the output towards higher values compared to the rest of the variables. Also,
these two inputs are the most influential variables according to the SHAP summary plot. This indicates the
effectiveness of SHAP analysis in ranking the variables correctly according to the decision-making rules of
the algorithm.
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(a) (b)

(c) (d)

Figure 22: Effect of input variables on the predicted outcome by means of ICE analysis; (a) IR; (b) time; (c) strain;
(d) stress.

Figure 23: SHAP decision plot to depict the decision-making process of the algorithm.

It has been proven by the implementation of XML techniques that the XGB algorithm is making
predictions according to the findings of previous studies. Moreover, its decision-making process has been
made more transparent by means of a SHAP decision plot to overcome its black-box nature. To enhance
the usability and accessibility of the developed XGB model for predicting rock fracture, a graphical user
interface (GUI) has been developed to provide a platform for determining the output without requiring
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explicit programming knowledge. The users can manually insert the input values to obtain an immedi-
ate prediction, as shown in Fig. 24. The GUI can be accessed at: (https://github.com/WaleedBinInqiad/
Rock-Fracture-Prediction). In addition to providing accurate predictions, this tool integrates the SHAP
force plot to provide a visual interpretation of how each input parameter influences the predicted output.
A SHAP force plot decomposes the baseline value f (x) into contributions from each feature such that the
blue arrows indicate a negative impact on the outcome, while red arrows show a positive impact. The
example used in Fig. 24 presents an instance where the XGB model predicted the value of rock fracture
as 1075.43. From the accompanying SHAP plot, it can be seen that time is the most influential variable
pushing the output towards a lower value. The stress and strain are also reducing the predicted outcome,
highlighted by their blue color. Notice that the significance of variables in guiding the final output value
agrees with the pattern obtained by the SHAP summary plot and ICE analysis in the previous sections.
This plot helps to dissect individual predictions and helps to investigate which variables contribute to
increasing or decreasing the outcome for a particular instance. Thus, this interpretability feature enhances
the transparency of the XGB model by allowing users to understand the relative contribution of individual
predictors, thereby improving confidence in model outputs and supporting informed engineering decisions.
Overall, by combining efficient prediction capabilities with XML analysis, this tool demonstrates significant
potential for adoption in geotechnical engineering in supporting decision-making processes for the safe and
reliable design of underground excavated structures.

Figure 24: Graphical user interface developed for efficient output prediction.

6 Conclusions
The following conclusions were drawn from the current research:

• The mineral composition determined by XRD revealed that clay minerals accounted for approximately
6.5% of the sample. Over time, the presence of clay in saturated samples leads to progressive dissolution,
causing the expansion of the pore structure of sandstone and the formation of interconnected pores,
which consequently promotes the development of cracks and ultimately affects the structural strength
of sandstone. Analysis of the AE data and PFC grain flow simulations reveals that saturated sandstone
experiences more cracks than dry sandstone does during the process of loading.

• The rate of change of the AIRT exhibits excessively steep slopes, approximately >60○ during the crack
closure stage, extremely steep slopes (approximately 31○–60○) during the elastic deformation stage, and
steep slopes (approximately 16○–30○) during the plastic stages, with a moderate or near-horizontal slope
preceding rock failure. Similarly, the cumulative acoustic energy shows steep slopes within the AIRT
moderate slope range, with dense energy counts in this region. The steepness of slopes is greater in

https://github.com/WaleedBinInqiad/Rock-Fracture-Prediction
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saturated rock than in dry rock. Additionally, a moderate slope can serve as an early warning precursor
of rock failure.

• PFC grain flow simulations reveal that rock fractures occur during the loading process. As these
fractures develop, there is a surge in fractures and cumulative energy. Simultaneously, the slope of the
AIRT transitions from steep to moderate. This convergence of fractures, cumulative energy, and the
AIRT slope serves as an early warning precursor. Specifically, this precursor manifests at stress levels of
0.72 and 0.75 for dry and saturated sandstone, respectively.

• Different AI techniques were used to estimate sandstone strain, stress, and fracture under varying
water conditions. The accuracy comparison revealed that XGB outperformed all the other algorithms,
achieving R2 values equal to 0.999 for both datasets, followed by GBR, CatBoost, LGBM, GEP, and
AdaBoost. In contrast, GEP provided a novel empirical equation for the prediction of stress, strain, and
rock fracture, whereas all other employed AI algorithms did not demonstrate this capability.

• Explainable machine learning techniques like SHAP and ICE were implemented to make the black-
box XGB algorithm explainable and transparent. Also, the SHAP decision plot was used to depict the
decision-making process of the algorithm.

• An interactive GUI has been developed to efficiently predict the rock fracture under uniaxial loading.
The knowledge gained from this research will improve the understanding of sandstone behavior under
various conditions and facilitate the development of more accurate models to aid fracture forecasting
and early failure detection.

This research has a few limitations, which limit the generalization of the research results. First, only
two discrete moisture conditions (dry at 0% and saturated at 3.34%–3.89%) were investigated and the
experiment focused only on sandstone materials with uniform geometry (50 mm × 50 mm × 50 mm cubes)
that were tested under uniaxial compression, thus ignoring intermediate moisture conditions and other
loading regimes, such as triaxial, cyclic, or dynamic conditions used in practice. Second, the sample size
was quite small (12 samples, 6 dry, 6 saturated), which could potentially undermine the statistical strength
and predictive capabilities of the models that were created. Third, the PFC numerical models adopted a
uniform distribution of water in the sandstone matrix, a simplification that fails to reflect the heterogeneous
pore structure and moisture gradient found in natural occurrences of rocks. Lastly, the models were only
trained on laboratory-scale data, and their extrapolation to field-scale processes or other lithologies has not
been tested, which requires further studies to determine how well the models can be transferred to different
geological settings.
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