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Abstract

Porosity estimation at high granite temperatures is essential for numerous purposes, including natural and enhanced geo-
thermal energy production. However, these methods of determining porosity have some disadvantages, such as being labor-
intensive, requiring expensive instrumentation, and taking a significant amount of time, particularly during elevated tempera-
ture treatments. This study is vital for advancing geothermal energy applications by addressing the limitations of traditional
porosity estimation methods. The study introduces innovative predictive machine learning (ML) models and offers insights
into practical applications for improving geothermal reservoir management and sustainability. the datasets divided into six
subsets, each with a specific grain size (fine, medium, or coarse) and cooling method furnace cooling (FC) and water cooling
(WC). The cooling rate has a significant impact on rock thermal stress. In this study, six ML models—Random Forest (RF),
K-Nearest Neighbors (KNN), Extreme Gradient Boosting (XGBoost), Support Vector Machine (SVM), Categorical Boosting
(CatBoost), and Light Gradient Boosting Machine (LightGBM)—were employed to predict models for estimating porosity
at high temperatures. The multiple evaluation metrics were used to assess the suitability of these algorithms. R-squared val-
ues were calculated to assess the models’ goodness-of-fit. In parallel, several error metrics such as root mean squared error
(RMSE), mean absolute error (MAE), mean absolute percentage error (MAPE), root mean square relative error (RMSRE),
mean absolute relative error (MARE), and percent bias (PBIAS) were evaluated to quantify the accuracy of the predictions.
The performance of the ML methods exhibited considerable variability among the different datasets. Among the evaluated
models, CatBoost and KNN consistently achieved higher R-squared values and lower error metrics, demonstrating their
effectiveness in accurately discerning underlying patterns and reliably predicting porosity. Conversely, RF, XGBoost, and
SVM yielded reasonably accurate predictions, albeit with slightly increased variability in their performance metrics across
different grain size and cooling condition subsets. LightGBM demonstrates comparatively diminished prediction accuracy,
since it fails to capture the complex fluctuations in rock properties over thermal heating and cooling cycles. These findings
highlight the superior predictive efficacy of CatBoost and KNN, confirming their reliability as robust tools for modeling
porosity in complex datasets with varied geological and environmental factors.
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MARE Mean Absolute Relative Error

PBIAS Percent Bias

ML Machine Learning

EGS Enhanced Geothermal System

LN2 Liquid Nitrogen

PSO-SVM  Particle Swarm Optimization Support Vector
Machine

AdaBoost  Adaptive Boosting

CART Classification and Regression Trees

RBFNN Radial Basis Neural Network

MLR Multiple Linear Regression

SVR Support Vector Regression

FG Fine-Grained

MG Medium-Grained

CG Coarse-Grained

EDA Exploratory Data Analysis

IQR Interquartile range

SHAP SHapley Additive exPlanations

PDP Partial Dependence Plot

ICE Individual Conditional Expectation

Introduction

A naturally occurring geothermal system (known as hydro-
thermal) has three key characteristics: heat, fluid, and per-
meability at depth. The subsurface resource is heat, the
delivery medium is fluid, and the fluid flow pathway is per-
meability. Generally, most geothermal systems are adjacent
to volcanic areas where the intrusion of hot molten magma
is near the surface. Typically, the preferred reservoir for
geothermal energy exploitation sits at a depth of 5-6 km,
boasting a temperature range of 150-900 °C (Gallup 2009;
Breede et al. 2013; Shao et al. 2014). Howeyver, to increase
the utilization and exploitation of geothermal resources,
we developed the designed geothermal system, also known
as the enhanced geothermal system (EGS). An enhanced
geothermal system is a reservoir developed artificially and
placed in an area containing heated rock but with inadequate
or very little natural porosity, permeability, or a natural fluid
flow system. Cryogenic fluids can strengthen an EGS by
continuously generating new fractures, expanding pre-exist-
ing ones, and improving the reservoir’s permeability. Due
to their high heat capacity and poor permeability, granites
are the most commonly used rock in EGS. According to
Zhao (2016), the phenomenon of thermal treatment has the
potential to induce the formation of microcracks in rocks
through two distinct mechanisms, namely thermal cycling
induced cracking and thermal gradient-induced cracking.
Thermal cycling-induced cracks arise due to a disparity in
the thermal expansion coefficients of adjacent mineral grains
within a uniform-temperature environment. In contrast,
cracks induced by thermal gradients occur when temperature
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differentials exceed the local grain strength, leading to ther-
mal stresses. These properties enable the retention of heat
within the granite, preventing rapid dissipation and allow-
ing for sustained thermal energy extraction. Consequently,
granite is often referred to as “hot, dry rock™ in geothermal
context, highlighting its ability to maintain high temperature
while possessing minimal natural fluid flow pathways. The
injection of cold water into heated rock can establish thermal
cracks, thereby increasing the permeability and porosity of
the reservoir rock (Siratovich et al. 2015; Browning et al.
2016; Kumari et al. 2018). Pumping cold water into a heated
rock rapidly lowers its temperature, but the rate of cooling
varies based on the rock’s distance from the borehole (Isaka
et al. 2018). The phenomenon of thermal stress causing the
expansion and contraction of grains in response to rate of
heating-cooling gradient at elevated temperatures is widely
acknowledged (Chen et al. 2011; Freire-Lista et al. 2016;
Su et al. 2017). In addition, critical quenching can trigger
a thermal shock in rock because the physical properties are
proportional to the cooling rate (Fellner and Supancic 2002).
Therefore, we must investigate the accurate prediction of
successful geothermal energy extraction, cooling-related
porosity, and permeability characteristics of heated rock.
However, in preceding decades, a detailed analysis based
on laboratories and numerical investigations into reservoir
rocks at different temperatures have revealed that physical
and mechanical properties like porosity, permeability, elas-
tic wave propagation, static and dynamic elastic modulus,
uniaxial compressive strength, and tensile strength often
drop off as the temperature rises (Heuze 1983; Chen et al.
2012, 2017, 2018; Liu and Xu 2015; Gautam et al. 2016a;
b; Zhao 2016; Jha et al. 2017; Liu et al. 2019; Kang et al.
2021). The thermal damage evolution of Indian granitic rock
thermally treated at various heating cooling condition have
been studied (Gautam et al. 2018a, b, 2019a, b, 2021). To
date, only a limited number of experimental studies have
focused on investigating the influence of cooling rates on the
physical and mechanical properties of granite rock, as well
as their thermal damage mechanism. Kim et al. (2014) used
a fan to investigate how changing temperatures (100, 200,
and 300 °C) impacted the mechanical properties of sand-
stone. It was found that rapid cooling may decrease p-wave
velocity and tensile strength while concurrently increas-
ing porosity (Shi et al. 2020; Weng et al. 2020); Brotdéns
et al. (2013) performed several experiments to learn more
about calcarenite’s mechanical properties when heated to
temperatures between 105 and 600 °C and cooled using air
and water. Both the elastic modulus and uniaxial compres-
sive strength decreased as the temperature increased Kumari
et al. (2017) investigated the mechanical characteristics of
Australian Strathbogie granite under the effects of high tem-
peratures and two distinct cooling methods (rapid and slow
cooling). The results of their experiments suggested that
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when rock was heated to high temperatures, its strength and
elastic properties declined. Furthermore, rapid cooling was
found to have a more significant effect than slow cooling,
resulting in greater reduction in these mechanical properties.
Browning et al. (2016), examined the formation of cracks in
volcanic rocks during the processes of heating and cooling.
Their findings indicate that cooling rock samples exhibited
significantly more cracking than those subjected to heating
conditions. Zhao et al. (2018) measured Brazilian indirect
tensile strength on granite specimens undergoing a cyclic
thermal (heating-cooling) treatment. The study revealed a
strong correlation among the tensile strength of granitic
samples, grain size, heterogeneity, and temperature gradi-
ent. Liu et al. (2019), investigated the cooling effects on the
mechanical behavior of fine-grained, medium-grained, and
coarse-grained Australian Strathbogie granite subjected to
rapid cooling in water and slow cooling in the air after hav-
ing been heated to high temperatures (200, 400, 600, and
800 °C) from room temperature. Their finding indicated that
rapid cooling resulted in more pronounced deformation of
granite specimens, principally due to the generation of an
increased number of fractures, with intragranular fractures
being prevalent. Coarse-grained granite exhibited signifi-
cantly more intergranular fractures compared to fine-grained
and medium-grained granite fractures, but very few intra-
granular fractures. Additionally, when cooled to the same
temperature as the other granite, granite with an uneven
grain size distribution exhibited more intragranular frac-
tures. This reduced the strength of the granite with an uneven
grain size distribution. Differential expansion and contrac-
tion of minerals, particularly quartz due to its relatively high
thermal expansion coefficient influence the crystal structure
and heterogeneity of granites over thermal cycle. In addi-
tion to air and water cooling, the impact of liquid nitrogen
(LN2) cooling has also been studied (Wu et al. 2019a, b).
According to their study, LN2-cooling differs significantly
from air and water cooling because it involves boiling heat
transfer and causes significant temperature variations. The
utilization of LN2-cooling has the potential to cause more
substantial damage to the heated rocks compared to alterna-
tive cooling methods.

Thus, determining the porosity under varying cooling
rates at elevated temperatures within standardized experi-
mental conditions can be expensive and time-intensive.
Moreover, the implementation requires the utilization of
multiple standard samples to mitigate the potential discrep-
ancies. Advanced techniques are required for the accurate
prediction of physical properties, such as porosity at elevated
temperatures and at varied cooling rates.

Machine learning (ML) has recently gained recognition
as an innovative and effective tool in engineering geol-
ogy (Chauhan et al. 2016; Weidner et al. 2019; Miah et al.
2020; Wang et al. 2020; Xie et al. 2021; Song et al. 2022;

Eltarabily and Elshaarawy 2023; Elshaarawy and Hamed
2024; Eltarabily et al. 2024a, b; Isleem et al. 2024). The
ML facilitates the study and characterization of complex
multidimensional datasets that are beyond the capabilities
of humans. Elshaarawy and Eltarabily (2024), predicted
ground water quality by optimizing ML methods and GIS. In
addition, ML techniques may also be used to obtain crucial
data from laboratory investigations and computer simula-
tions of topics in rock damage. Elshaarawy et al. (2024)
utilized both ensemble and non-ensemble ML models to
predict the concrete compressive strength. Researchers can
utilize machine learning algorithms to examine various fac-
tors influencing porosity, such as thermal stress, differential
thermal expansion, and heat-induced thermal cracks, to cre-
ate precise prediction models. These models can then aid
in optimizing cooling processes, enhancing the efficiency
and effectiveness of granite treatment procedures. Error met-
rics and sensitivity analysis are essential for assessing and
improving ML models. Error metrics, including root mean
squared error (RMSE) and mean absolute error (MAE), and
percent bias (PBIAS) measure the divergence between pre-
dicted and actual values, enabling the evaluation of model
performance (Eltarabily et al. 2023). Sensitivity analysis
elucidates the impact of input variables on model outputs,
enhancing robustness and interpretability while finding
essential characteristics and mitigating overfitting concerns
(Tian et al. 2024). Collectively, these instruments offer a
thorough framework for enhancing and verifying machine
learning models within complex systems. Mahmoodzadeh
et al. (2022) and Wang et al. (2021) have revealed that the
Mode I fracture toughness of rocks was predicted using
ML methods. Yan et al. (2021) proposed a hybrid model by
investigating four ML approaches for predicting the crack
initiation pressure in supercritical carbon dioxide fractur-
ing. Wei et al. (2022) used three ML approaches to predict
the dynamic strength of rocks under various strain rates. Hu
et al. (2023) used five machine learning methods to predict
the triaxial compressive strength of materials after different
high-temperature treatments. These were the backpropaga-
tion neural network (BPNN), the AdaBoost-CART clas-
sification and regression tree, the support vector machine
(SVM), the K-nearest neighbor (KNN), and the radial basis
neural network (RBFNN). However, ML methods hardly
ever address temperature-related problems. Integrating ML
methods to predict the porosity of granite at elevated tem-
peratures could provide valuable insights.

In this study, ML techniques were employed to develop
predictive models for the estimation of porosity. A compre-
hensive evaluation of multiple algorithms was conducted,
yielding critical insights into their predictive performance
and potential avenues for further research. This particular
research work aims to address a critical gap in the existing
literature by leveraging ML to predict the porosity of granite
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at elevated temperatures during different cooling treatments,
ultimately contributing to the efficient and sustainable utili-
zation of geothermal resources. The prediction of the poros-
ity of granite rock specimens using various ML methods
under varying heating-cooling conditions are crucial for
the progress of sustainable geothermal energy applications.
Porosity directly influences the storage, flow, and extraction
efficiency of geothermal fluids, which are crucial for improv-
ing energy production and reducing operational risks. More-
over, understanding the impact of cooling treatments on
the porosity of granite could improve the building of more
resilient geothermal reservoirs and better their long-term
performance under extreme thermal stress. This research
links laboratory findings to practical applications, enhanc-
ing the reliability of predictive ML models and assisting
in addressing global challenges related to energy security.
The datasets used in this study were divided into six subsets
based on grain size heterogeneity (fine, medium, and coarse)
and different cooling conditions furnace cooling (FC) and
water cooling (WC). The input features of the developed
prediction model are temperature, mass loss, P-wave veloc-
ity, and S-wave velocity, and the output variable is porosity.
A comprehensive dataset comprising 232 data points was
obtained from laboratory experiments conducted on granite
rock samples, where half of the data points were under FC
conditions, and half were under WC conditions. The learning
models used 75% of data points for training and the remain-
ing 25% for evaluating the model. The rock samples were
investigated in the laboratory and categorized as fine, coarse,
and medium-grained based on the granular size. The predic-
tive performance of RF, KNN, XGBoost, SVR, CatBoost,
and LightGBM algorithms was systematically evaluated for
porosity estimation. The predictive efficacy of the model
was rigorously evaluated using the R-squared values (R?)
and multiple evaluation metrics, including, MAE, RMSE,
MAPE, RMSRE, MARE, and PBIAS, to comprehensively
assess their accuracy and reliability. The outcome of the pre-
sent study provides valuable insights into the performance
of different ML algorithms and suggests potential avenues
for further research. This paper aims to address a critical
gap in the existing literature by leveraging ML to predict the
porosity of granite at elevated temperatures during different
cooling treatments, ultimately contributing to the efficient
and sustainable utilization of geothermal resources.

Experimental techniques

The Jalore granite samples used in our study were
obtained from the Rajasthan province in India, which is
located between latitudes 24°37’ and 25°49' and longitudes
71°11" and 73°05’ (Gautam et al. 2018a). These granite
rock specimens have been categorized into three groups
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based on their grain size: fine-grained (FG), medium-
grained (MG), and coarse-grained (CG). The categoriza-
tion of the grain size is due to the mineralogical varia-
tion of granite, since finer grains offers a wider surface
area for the propagation of induced thermal stress, while
coarser grains have fewer grain boundaries and larger crys-
tal diameters, leading to a unique distribution of thermal
stress. Their distinctive microstructures, marked by larger
mineral crystals, are less prone to rapid microcrack for-
mation; yet, they may exhibit localized cracking due to
uneven heat distribution or differential mineral expansion
during thermal cycles. The granite samples were cut into
25-mm-diameter by 50-mm-long cylindrical specimens.
The end face of the specimen was prepared to maintain
parallelism within a tolerance of 0.3 mm, and the tangent
planes were aligned to assure parallelism within a toler-
ance of 0.1 mm. To evaluate accuracy and repeatability,
each test setup consists of two granitic specimens as shown
in Fig. 1a, each containing fine, medium, and coarse grain
granite samples, as observed in petrographic microscopic
(Fig. 1b). All the specimens are soaked with water in a
vacuum for one hour before any experimental research.
They are then put into an oven and held at 105 °C for 24
h to eliminate all surface moisture. A muffle furnace was
utilized to investigate the thermal properties of all granitic
specimens undergone thermal treatment. The specimens
were heated at a periodically elevated temperature with a
regular interval of 25 °C starting from room temperature
25 °C to 1000 °C, maintaining a heating rate of 5 °C/min,
as illustrated in Fig. 2. The thermocouple data recorder
monitored the rock specimens to ensure they reached the
target temperature and maintained it for the full 12 h. The
uniform temperature gradients induced by this treatment
method effectively mitigate the adverse effects of thermal
shock, ensuring consistent and uniform thermal dispersion
across all specimens. The specimens were subjected to
heating followed by cooling using one of the two methods
— FC and WC, to simulate the realistic natural geother-
mal treatments. The specimens were initially subjected
to FC, wherein the furnace was turned off, and specimens
were allowed to cool gradually (0.39 °C/min) to ambient
temperature. Subsequently, another set of specimens were
rapidly cooled via WC by submerging them into the water.
The steep temperature gradient (137.48 °C/min) induced
by WC causes the outer surficial layers of the rock to cool
and contract more quickly than the inner layer, leading
to high thermal stress and extensive microcracking and
fracture formation.

The degree of cyclically induced damage is correlated
with the cooling rate and the heating temperature, suggest-
ing that fast temperature gradients formed throughout the
sample could contribute to thermal damage (Bonazza et al.
2009; Zhou et al. 2018). Figure 2 illustrates jalore granite
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Fig. 1 Different types of heated
granite specimens' appearance
(a) 25°C, 200°C, 400°C, 600°C,
800°C, 1000°C (b) Petrographic
microscope image of FG, MG
and CG granite rock specimens
at room temperature

specimens subjected to various heating and cooling treat-
ments at different elevated temperatures.

The porosity of the samples was assessed utilizing an
automatic gas pycnometer (PYC-100 A, PMI), as depicted
in Fig. 3a. The instrument quantifies the volume of Helium
(He) gas displaced by the sample, as He can enter even the
finest pores enables precise measurements of volume. The
precise measurement of volume is crucial for determining
porosity. To ensure the reliability and reproducibility of the
data, multiple measurements were conducted. The Olympus
wave detector were used to measure P- and S-wave velocity
as shown in Fig. 3b. Mount P-wave (500 kHz) and S-wave
(1 MHz) transducers to the specimen surfaces, ensuring
optimal contact between the transducers and the rock speci-
men by applying coupling gel. Measure and record the wave
propagation through the specimen.

Machine learning methodologies

This section outlines the data exploration process and the
techniques utilized for data preprocessing, followed by
the training and validation of machine learning models.
Finally, the predictive modeling methodology was used for
evaluating rock porosity. Figure 4 shows the general work-
flow for predicting the porosity from the rock properties

(b)

(temperature, mass, p-wave velocity, s-wave velocity, and
grain type). After comprehensive data exploration and pre-
processing of the data, six ML models—RF, XGBoost,
SVM, KNN, Catboost, and LightGBM—were trained on
the designated training datasets and subsequently validated
on the test datasets using R? (R-squared) and multiple error
metrics such as, RMSE, MAE, MAPE, RMSRE, MARE,
and PBIAS.

Data exploration

Exploratory Data Analysis (EDA) represents a fundamen-
tal phase in the machine learning pipeline, facilitating a
comprehensive understanding of the data set by identify-
ing underlying patterns, detecting anomalies, and allow-
ing preliminary hypotheses testing. The datasets used were
divided into two sets: the furnace-cooled dataset and the
water-cooled dataset, presenting a variety of statistics that
aid in formulating robust hypotheses for model training and
inference.

Present datasets also include the grain type as one prop-
erty. We consider 3 categories of grains: fine grain, medium
grain, and coarse grain. The data comprise 40 records of fine
grains and medium grains each and 36 records for coarse-
grained, accounting for a total of 232 records for both data
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Fig.2 The testing protocol involves heating and cooling specimens using a furnace and water

Wave Visualisation

Fig. 3 Evaluation of porosity and acoustic wave velocity (a) Gas Pycnometer (b) Experimental setup for measuring P-wave and S-wave veloci-

ties

sets corresponding to two kind of cooling methods FC and
WC in present study, as shown in Tables 1 and 2.

The temperature variable is consistent across both cat-
egories, ranging from 25 °C to 1000 °C, with a mean value
of approximately 497 °C and a standard deviation of 282
°C. This uniformity ensures that any differences in other
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parameters are due to the cooling method rather than varia-
tions in temperature treatment.

For mass, rock specimens cooled in water have a slightly
higher mean mass (40.31 g) compared to those cooled in a
furnace (40.06 g), with respective standard deviations of
2.80 g and 2.30 g. The water-cooled rock specimens exhibit
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Fig.4 Flowchart of working of different Machine learning models

a wider range of mass, as indicated by the higher standard

deviation.

The p-wave velocity and s-wave velocity also show
notable differences. The mean p-wave velocity for water-
cooled rock specimens is slightly lower (2.86 km/s) com-

pared to furnace-cooled rock spe

cimens (2.93 km/s), with

similar standard deviations around 1.78-1.79 km/s. The
s-wave velocity is marginally higher for water-cooled rock

specimens (1.68 km/s) than for furnace-cooled ones (1.66
km/s), with a slightly lower standard deviation in the former.

Porosity presents the most significant difference between
the two categories. Water-cooled rock specimens have a
higher mean porosity (4.28%) compared to furnace-cooled
rock specimens (3.19%), with higher variability (standard
deviations of 2.59% vs. 2.37%). The higher maximum poros-
ity in water-cooled rock specimens (11.13%) compared to
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furnace-cooled rock specimens (10.86%) further emphasizes

this disparity.

The correlation heatmap (Fig. 5) for both the furnace-
cooled and water-cooled categories provides insights into

Table 1 Descriptive Statistics of
Thermally Treated Rocks with
furnace cooling

Table 2 Descriptive Statistics of
Thermally Treated Rocks with
Water cooling

Porosity S velocity P velocity Mass Temperature

the linear relationships between the variables (temperature,
mass, p-wave velocity, s-wave velocity, and porosity). The
correlation matrix (heatmap) for furnace cooled specimens
shows strong negative correlations between temperature and

Statistic Temperature (°C) Mass (g) P wave S wave Porosity (%)
velocity velocity
(km/s) (km/s)
Count 116 116 116 116 116
Mean 496.98 40.06 2.93 1.66 3.19
Std Dev 282.11 2.30 1.78 1.06 2.37
Min 25.00 36.00 0.36 0.21 0.07
25th Percentile 250.00 38.41 1.11 0.57 1.32
Median (50th Percentile)  500.00 38.91 3.08 1.64 3.10
75th Percentile 731.25 43.01 4.46 2.66 4.14
Max 1000.00 43.30 5.78 3.54 10.86
Statistic Temperature (°C) Mass (g) P wave S wave Porosity (%)
velocity velocity
(km/s) (km/s)
Count 116 116 116 116 116
Mean 496.98 40.31 2.86 1.68 4.28
Std Dev 282.11 2.80 1.79 1.00 2.59
Min 25.00 37.50 0.38 0.23 0.36
25th Percentile 250.00 38.12 1.17 0.70 2.33
Median (50th Percentile)  500.00 38.90 2.60 1.60 3.87
75th Percentile 731.25 44.10 4.62 2.59 542
Max 1000.00 44.20 6.11 3.25 11.13
b
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>
s
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€
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Fig.5 Correlation Heatmap for (a) furnace cooling and (b) water cooling

@ Springer

1
Temperature Mass P velocity S velocity Porosity



Earth Science Informatics (2025) 18:211

Page90of27 211

both p-wave velocity (r = —0.98) and s-wave velocity (r
= —0.97), indicating that as the temperature increases, the
velocities of both waves decrease. Additionally, there is a
strong positive correlation between temperature and poros-
ity (r=0.89), suggesting that higher temperatures lead to
increased porosity. The weak correlations between mass and
the other variables indicate that mass does not significantly
influence or is influenced by the other parameters in the con-
text of furnace cooling.

The correlation matrix for water cooled specimens
demonstrates similar patterns to those observed in fur-
nace cooled specimens, showing strong negative corre-
lations between temperature and both p-wave velocity (r
= —0.97) and s-wave velocity (r = —0.96), as well as a
strong positive correlation between temperature and poros-
ity (r=0.89). Notably, the correlation between mass and

porosity is slightly weaker (r = —0.24) in water cooled
specimens compared to furnace cooled ones, suggesting
a subtle yet significant relationship. The pair plot effec-
tively visualizes these relationships between variables
while simultaneously illustrating the distribution of each
individual variable, providing a comprehensive view of
the dataset’s structure and interdependencies, as depicted
in Fig. 6(a & b).

The pair plots for furnace-cooling and water-cooling
effect visually reinforces the insights gained from the cor-
relation matrix. The scatter plots demonstrate the strong
negative linear relationships between temperature and the
velocities, as well as strong positive linear relationship
between temperature and porosity. The diagonal plots
show the distribution of each variable, where tempera-
ture, and porosity shows a normally distribution curve,
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Fig.6 (a) Pair plots for thermally treated and furnace-cooled granite rock specimens. (b) Pair plots for thermally treated and water-cooled gran-

ite rock specimens
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Fig.6 (continued)

while mass shows a consistent plot having less variability
and p-wave and s-wave velocity shows a bi-modal shape
of their distribution.

These analyses suggest that temperature affects physi-
cal properties of thermally treated rocks, reducing wave
velocities and increasing porosity after heating-cooling
treatment for both furnace-cooled and water-cooled rock
specimens. The relatively consistent value of mass dem-
onstrate that mass is less influenced by thermal treatment
compared to other properties.

To further visualize our data distribution and their sta-
tistical characteristics for each grain type category, two
different types of plots, including violin plots and box
plots, are depicted in Fig. 7. These plots represent porosity
data for two different cooling methods: FC and WC. The
comparisons are classified into fine, medium, and coarse
grains. A simplified analysis and comparison, along with

@ Springer

the behavior of rocks during various cooling processes,
are outlined below:

The box plots (Fig. 7a&b) illustrate the diversity in poros-
ity, including the median, interquartile range (IQR), and out-
liers. The median porosity for the furnace-cooled rock speci-
mens is around 3.5%, with maximum values under 3.8%,
while for the water-cooled ones, it is around 3%, having a
symmetric distribution around the median and occasional
values exceeding the upper quartile (5.8%). The range of
porosity values in furnace-cooled rock specimens for fine
grain is smaller than the water-cooled counterparts. We left
some data points which are beyond Q3 + 1.5 * IQR (inter-
quartile range) and below Q1-1.5 * IQR, as they represent
natural variation in our dataset and do not stem from meas-
urement or processing errors. Porosity generally increases
in furnace-cooled rock specimens from fine to coarse grain,
and coarse grain specimens show maximum porosity values
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Fig. 7 Boxplots and Violin plots for furnace cooled and water-cooled rock specimen

and higher variability. Water cooled rock specimens also
depict a similar pattern, but illustrate relatively higher poros-
ity for all grain types. Furnace-cooled rock specimens yield
much better uniformity in porosity, and even coarser grains
maintain relatively stable crystalline structures despite very
high porosity. In contrast, rock specimens quenched by WC,
are more heterogeneous, as even fine-grain specimens are
quite vulnerable due to structural defects produced by rapid
cooling.

The violin plots (Fig. 7c&d) show characteristic porosity
distributions for three grain sizes subjected to FC and WC
conditions, with pronounced differences in morphology. The
values of porosity in both cooling methods are predomi-
nantly in the range.

of 0-10% for FC and 0-12% for WC, with the highest
number of observations in the range of 2—4%. The data is
found to exhibit asymmetric bimodal distributions for all
grain types, indicating two prevalent porosity regimes. A
more distinct separation between modes is seen for water
cooled rock specimens, specially coarse grain specimens
are illustrating more pronounced bimodal distribution. Fine
grains maintain the narrowest distribution spread in both
cooling methods, which indicates a uniform pore forma-
tion in relatively stable microstructure. Water cooled rock
specimens tend towards somewhat higher maximum porosi-
ties as well as broader distributions, specially in the coarse

grain size range, suggesting that the quenched rapid cooling
induces considerable thermal stress, leading to increased
porosity variability and structural instability. Furnace cooled
rock specimen is cooled gradually, depicting more homoge-
neous and regular grain structures than those of water-cooled
specimens.

Data preprocessing

Data preprocessing has its own place in ML pipeline and is
used to transform raw data into suitable format for model
training. The key part of this process is cleaning, transform-
ing and organizing data to make the model more reliable and
robust to perform much better. The real-world datasets are
mostly imperfect and inconsistent; thus, data preprocess-
ing is essential to overcome issues such as missing values,
the presence of noise, and disparity in scales. Efficient data
preprocessing can significantly enhance the efficiency and
accuracy of ML models. In this study, the first primary data
preprocessing step was ‘one hot encoding’, applied to the
grain type, which is categorical data. Categorical data is
where there are distinct categories or labels, and the ML
algorithms usually require numerical input. One hot encod-
ing transforms these grain type data into a favourable ML
format in order to improve its prediction performance. For
example, if our grain type data contains three categories:
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fine, medium, and coarse, these will be converted into three
binary columns, each representing whether a category is pre-
sent or absent. This preprocessing process also prevents the
ML models from assuming any ordinal relationship between
the categories to preserve the integrity of categorical data.
Furthermore, in order to induce natural variability in our
data, we added Gaussian noise to each rock property. We
added noise to 5% of the standard deviation of each feature.
Gaussian noise is characterized by its normal distribution;
it is commonly added to data to simulate real-world varia-
tions and prevent the model from overfitting. The Gaussian
noise is defined by Eq. 1, which is characterized by mean p
and variance ¢ 2

—( *u 2

o \/27r 1)

p(2) =

Overfitting occurs when a model captures the noise and
spurious details in the training data to the extent that it neg-
atively impacts the performance on unseen new datasets.
Therefore, the incorporation of controlled noise to training
processes enables the ML models to generalize effectively to
unseen new datasets and have high generalization capacity.
The 5% noise is chosen to maintain a balance by introduc-
ing variability without distorting underlying data distribu-
tion. The data scaling transformation was performed after
noise addition. Data scaling is required as ML algorithms
in general, specially those involving gradient descent opti-
mization, are sensitive to scales of the features. Variations
in feature sizes may cause specific variables to dispropor-
tionately affect the training process of the model, perhaps
resulting in suboptimal performance. Data scaling makes
sure that all the input features contribute in a proper propor-
tion so that model doesn’t lose its numerical stability and
also can improve it converges efficiency during optimiza-
tion. Generally, data scaling include standardization, which

Fig.8 Model training and

evaluation flowchart = yper-param eters

!

Best parameters
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[Cross validation H

adjust the data to have a mean of 0 and a variance of 1, and
normalization, which scales the data to a range between 0
and 1. As such, this study used a standardization technique
that normalized the feature distributions such that all input
features were uniform and consistent.

Machine learning models and training approach

In this section, a complete methodology is described to
select, train, validate and assess various ML models for
predicting granite porosity under elevated temperatures fol-
lowed by FC and WC. Six ML models were employed in
this particular study: Random Forest (RF), Extreme Gradient
Boosting (XGBoost), K-Nearest Neighbors (KNN), Support
Vector Machine (SVM), Categorical Boosting (CatBoost),
and Light Gradient-Boosting Machine (LightGBM). Each
model has several hyperparameters that need tuning to
achieve the best performance. The models were tuned for
optimal performance using cross validation. Each model has
several hyperparameters that need tuning to achieve the best
performance. In this study, hyperparameter tuning in con-
junction with k-fold cross-validation was used in order to
optimize the performance of the used ML models in predict-
ing the porosity of thermally treated granite (Fig. 8).

In order to find out the ideal hyperparameter settings
for each model a comprehensive grid search has been con-
ducted. The dataset was partitioned into training and testing
sub-datasets, with 75% assigned for training and 25% used
for testing. The partition was performed using the scikit-
learn library, with a random state seed set for reproducibil-
ity of the result. This rigorous approach guarantees that the
used ML models are to be well fitted and to be generalizable
to unseen data, an essential prerequisite for reliable predic-
tion. Each model has its own unique hyperparameters that
significantly influence their performance. A comprehensive
grid search with 5-fold cross-validation was implemented

Trammg data ] Test data

Retrained modelj

—)EFinal evaluation j‘*
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for hyperparameter tuning across all machine learning mod-
els. To determine the optimal set of hyperparameters, an
exhaustive grid search was performed in combination with
5-fold cross-validation. This method divides the dataset into
five distinct subsets, utilizing a cross-validation technique in
which the model is trained on four subsets and assessed on
the fifth. This process is performed iteratively to ensure that
each subset functions as the validation set precisely once.
The hyperparameters optimized for each model throughout
this process are specified as follows:

e The hyperparameter search included several settings
for various ML models. For tree-based models (RF,
XGBoost, LightGBM), we tested the number of esti-
mators (50-200) and the maximum tree depth (3-9).
For SVM, we analyzed several values for the regulari-
zation parameter C (ranging from 0.1 to 10), different
kernel types (radial basis function and polynomial), and
gamma configurations (‘scale’ or ‘auto’). We optimized
the neighbor count (from 3 to 9) and the weighting
mechanism utilized for distance calculation in K-Nearest
Neighbors (KNN). We improved the number of iterations
(100-300), tree depth (3—7), and learning rate (0.01-0.2)
for gradient boosting models (CatBoost, Light GBM).

e The ideal configurations demonstrated a preference for
moderate tree depths (5-7), a higher number of estima-
tors (about 200), and learning rates ranging from 0.1 to
0.2. In SVM, the choice of kernel varied according to the
task: a polynomial kernel was more effective for furnace
data, while a radial basis function kernel was preferred
for water cooling.

Results and discussion

The thermal and physical properties of fine, medium, and
coarse-grained granite exposed to high elevated tempera-
tures significantly depend on the cooling method. With
gradual temperature reduction, FC tends to preserve the
structural integrity of the rock and consequently cause minor
variation in density, porosity, permeability, thermal expan-
sion, and wave velocities. Conversely, the rapid cooling
during WC, induces large thermal stresses from differential
thermal expansion of the constituting minerals, which in turn
results in extensive microcracking, reduced wave velocities
and elevated porosity. These changes are also depending
on the grain size of the granite, with coarse-grained gran-
ite more susceptible to thermal stress effects than fine and
medium-grained granite.

The mineral composition of granite also significantly
affects its thermal behavior. The dehydration of some
hydrated minerals such as feldspar and micas at high temper-
ature leads to mass loss. Granite contains quartz undergoes

an alpha-beta phase transition at around 573 °C; this induces
the internal stresses and microcracking, particularly during
quenching.

As the temperatures reaches at around 400 °C, the inter-
granular microcracks slowly propagate and new intergranu-
lar microcracks are created by the thermal expansion mis-
match of constituting minerals. Microcracks inside mineral
grains become discernible at a temperature of 400 °C. As
the temperature rises, intergranular and intergranular micro-
cracks gradually propagate and coalesce, leading to the for-
mation of macrocracks at 600 °C. After reaching a tempera-
ture of 800 °C, these macrocracks on the surface of coarse
granite further expands and merge to form surface cracks.
However, there is a significant influence of the cooling on
development of granite surficial cracks. In granite, the pro-
gress of thermal damage under gradual FC is less severe than
under rapid WC, illustrating the effect of cooling rate on the
progression of thermal damage.

The prediction of porosity in thermally stressed rock
specimens for both FC and WC conditions was performed
using six ML regression models: RF, XGBoost, SVM, KNN,
CatBoost and LightGBM. The efficacy of the all the used
models were evaluated based on their performance during
training, validation and testing phases.

Hyperparameter optimization was performed for each
of the six regression ML methods to improve the accuracy
of the models and their generalization abilities. In order to
explore the parameter space, a systematic search methodol-
ogy and k-fold cross validation were utilized, which ena-
bled the determination of optimal hyperparameters for each
model, leading to greater resilience to overfitting.

The performance differences noticed among the ML
models is due to the inherent properties of granite and the
mechanics controlling thermal stress and cracking. The ther-
mal behavior of granite and its damage behaviour during
thermal treatments is significantly governed by the mineral
composition, grain size, and the mismatch of thermal expan-
sion coefficient among minerals.

Furnace cooling

The results for the furnace cooled rock specimens demon-
strate that the fine-tuning hyperparameters and k-fold cross-
validation significantly enhance the performance of ML
models. All the six tested ML models demonstrate varying
degree of accuracy and reliability, with each model assessed
using multiple error metrics. Among all the six tested ML
methods, the CatBoost regressor methods outperform others,
yield the highest accuracy with an R-squared value 0.994
and lowest errors with RMSE (0.138), MAE (0.104), and
MAPE (0.154) values on the test set as depicted in Fig. 9.
These findings emphasize the applicability and performance
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RMSE: Root Mean Squared Error
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Fig.9 Models performance for furnace cooling (a) RMSE, (b) MAE,
(¢) R-Square, (d) MAPE, (e) RMSRE, (f) MARE, (g) PBIAS

assessment of utilized ML models in predicting the porosity
of granite under various cooling conditions are obtained.

RF exhibits robust performance with an R-squared value
of 0.982 and error metrics such as an RMSE of 0.244, MAE
of 0.171, and MAPE of 0.240, capturing most of the data
variance. The ensemble nature of RF, which combines mul-
tiple decision trees, effectively model complex non-linear
relationships, making it suitable for predicting porosity
variation induced by thermal treatment of rock specimens.
PBIAS is also negligible (—0.269), showing minimal bias.
XGBoost also does relatively well with R-squared (0.976)
and RMSE (0.285), MAE (0.177), MAPE (0.152). Its gradi-
ent boosting framework which sequentially corrects errors
from preceding trees, making is particularly effective in
capturing the complexities of variation in porosity of rock
specimens at different temperatures. However, negative
PBIAS (—2.541) signifying a slight underestimation. SVM
shows slightly higher errors, with the RMSE of 0.282, MAE
of 0.208, MAPE of 0.480 and shows decent accuracy with
an R-squared value of 0.976. This model is quite sensitive
to parameter tuning and multi- dimensionality of the data,
which limits its performance. Despite its proven efficacy in
classification, the performance of SVM used for regression
tasks significantly relies on the choice of kernel function and
regularization parameters, which may limit its regression
performance. A moderately positive PBIAS (3.683) indi-
cates a tendency to overestimation.

KNN performs exceptionally well, attaining a high
accuracy with an R-squared value of 0.989 and lower error
metrics value such as an RMSE of 0.195, MAE of 0.208,
MAPE of 0.114. Its superior ability to utilize the similarity
of proximal data points, making it effective in predicting
granite porosity. This characteristic is particularly useful
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in studying the localized data patterns such as grain size
and thermal stress in granite rock. PBIAS (—1.658) reflects
minimal bias. CatBoost outperforms all models, attaining
highest accuracy with an R-squared value of 0.994 and low-
est error metrics such as RMSE (0.138), MAE (0.104), and
MAPE (0.154). Its use of ordered boosting and handling of
categorical features enables it to precisely identifies complex
variations in porosity of rock specimens exposed to thermal
treatments. Its strong performance demonstrates its suitabil-
ity for high precision modeling tasks requiring thermally
treated material characteristics. The low PBIAS (—0.265)
shows minimal bias.

LightGBM shows comparatively lower prediction accu-
racy with an R-squared value of 0.879, and evidenced by an
error metrics such as RMSE of 0.635, MAE of 0.493 and
MAPE of 0.58. Although LightGBM is well known for quick
and robust processing of large datasets, it finds it challenging
to manage the complex variation in rock properties during
thermal heating and cooling processes. The comparatively
higher error values showed that LightGBM may not be as
suitable for this particular application. A significant under-
estimation is reflected by PBIAS (—8.172).

Scatter plots comparing True vs. Predicted datasets value
for six ML models - RF, XGBoost, SVM, KNN, CatBoost,
and LightGBM is illustrated in Fig. 10. This comparison
among the all six used ML models reveals varying levels
of predictive accuracy. The predictive performance for RF,
XGBoost, and CatBoost ML methods are exceptionally well,
as the data points closely aligning along the reference diago-
nal line for both training and testing datasets, indicating high
accuracy and negligible overfitting. KNN and LightGBM
perform moderately well, but minor deviations at higher val-
ues suggest limited generalization to extreme data points.
The dispersion of data points for SVM model is significant
specially for larger values that may indicate its difficulties
in modeling the data non linearity.

Residual analysis of data points, as illustrated in Fig. 11;
provides more insights into model’s performance and the
error characteristics. CatBoost has the most compact resid-
ual distribution and minimal error variability, making it most
accurate model. However, the residual distribution for Light-
GBM has a wider and more irregular residual spread, with
significant skewness and deviations, indicating challenges
in accurately predicting porosity for coarse-grained rock.
RF and XGBoost demonstrate nearly symmetric distribu-
tions centered around zero, characterized by a smaller range
of residuals, indicating robust performance and low bias.
SVM and KNN demonstrate marginally broader distribu-
tions, probably due to difficulties in managing the non-lin-
ear correlations and heterogeneity linked to coarse-grained
samples, where porosity variations are more evident. SVM
shows a small positive skewness in its residual, whereas,
KNN residuals clustering around zero with higher variance.
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Fig. 10 True vs. Predicted scatter plots for FC across six ML models (a) RF, (b) XGBoost, (¢) SVM, (d) KNN, (e) CatBoost, (f) LightGBM

It was found that, overall, CatBoost and RF exhibit excel-
lent performance in minimizing residual and errors, showing
higher predictive accuracy than other models.

Water cooling

The results for the water-cooled rock specimens reveals the
CatBoost regressor ML model achieved the highest predic-
tive performance for thermally treated granite rock speci-
mens, as evidenced by the highest R-squared value 0.994 and
the lowest RMSE (0.198), MAE (0.122), MAPE (0.059) on
the test set, as illustrated in Fig. 12. The ability of CatBoost
model demonstrates that it is very efficient at predicting the
porosity, specially during fast cooling events. It is clearly
evidenced by its ability to reduce both absolute and rela-
tive errors, shown by its low MAPE (0.0589) and RMSRE

(0.167).

RF model maintains a robust predictive performance,
with an R-squared of 0.984 and low errors such as (RMSE:
0.317, MAE: 0.258, and MAPE: 0.085) and minimal bias
(PBIAS: —1.116), as illustrated in Fig. 12. The consistent
performance of RF under different cooling conditions high-
lights its reliability and the superior generalization capabil-
ity. XGBoost also performs very well, with an R-squared
of 0.978 and moderate errors (RMSE: 0.363, MAE: 0.272,
and MAPE: 0.084). However, its PBIAS value (—4.0392)
shows a moderate underestimation. These characteristics of
XGBoost shows that it is competitive, but slightly less than
both RF and CatBoost. The SVM model yield less reliable
prediction accuracy, achieving an R-squared value of 0.950
and higher error metrics (RMSE: 0.551, MAE: 0.340, and
MAPE: 0.108). It was found that it can be more predictive
with additional hyperparameter optimization or implement-
ing new appropriate kernel functions. PBIAS (—4.31951)
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Fig. 11 Residual distribution for FC across six ML models (a) RF, (b) XGBoost, (¢) SVM, (d) KNN, (e) CatBoost, (f) LightGBM

Fig. 12 Models performance
for water cooling (a) RMSE, (b)
MAE, (c¢) R-Square, (d) MAPE,
(e) RMSRE, (f) MARE, (g)
PBIAS

indicates a considerable bias, which further reduces its

efficacy.

The KNN performs tremendously well with accuracy of
0.985 with R squared, and low error (RMSE: 0.301, MAE:
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0.196, and MAPE: 0.070). Its nearest neighbor approach

more closely depicts localized thermal stress and fractures

arising from rapid cooling. A low PBIAS (—2.525) reflects
minimal bias. CatBoost stands out as the best ML model,
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achieving the highest R-squared value of 0.994 and the low-
est errors (RMSE: 0.198, MAE: 0.122, and MAPE: 0.059).
The remarkable ability of CatBoost to precisely find the
complex correlations and non-linear pattern within the data-
set with minimal bias PBIAS (—1.646), shows its reliability
and precision.

In contrast, LightGBM model shows a suboptimal perfor-
mance, with the lowest R-squared value of 0.852 and high-
est errors (RMSE: 0.951, MAE: 0.595 and MAPE: 0.219).
Additionally, a large PBIAS (—8.412) indicates a significant
underestimation.

To evaluate the predictive performance of the six
ML models- RF, XGBoost, SVM, KNN, CatBoost, and

LightGBM—a comparison of True vs. Predicted values was
made using scatter plots, as illustrated in Fig. 13. The train-
ing and testing data points are closely align with the refer-
ence diagonal line, indicating strong predictive accuracy and
minimal overfitting. Among all six used ML models; RF,
XGBoost, and CatBoost demonstrate superior accuracy, with
closely matched data points. While KNN performed compa-
rably well, the testing dataset shows slight errors at higher
values, because of some irregularities the testing dataset.
SVM model showed greater dispersion, specially for larger
values. It reveals its difficulty in exactly capturing complex
data patterns causing a degree of underfitting. LightGBM
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also shows substantial variability and inconsistency, likely
due to overfitting or sensitivity to outliers.

The residual distributions of six ML models - XGBoost,
RF, SVM, KNN, CatBoost, and LightGBM - under WC
conditions indicate significant differences in dispersion and
symmetry, as illustrated in Fig. 14. CatBoost has a com-
pact residual distribution with a mild positive skew and less
variability, offering high accuracy for medium-grained but
reduced accuracy for coarse-grained granite rock specimens.
LightGBM shows the widest residual range and character-
ized by a significant negative skew, highlighting overpre-
diction errors for coarse-grained granite. RF and XGBoost
demonstrate a relatively symmetrical residual distribution
centered around zero and with better prediction accuracy
for fine grained rock specimens. However, XGBoost dis-
plays a slightly less variability than RF. In contrast, SVM
and KNN exhibit skewed residual distributions, reflecting
challenges in handling the heterogeneity of coarse-grained
granite. The SVM residuals are positively skewed, charac-
terized by a higher concentration of residuals near zero and
an extended tail on the positive side, suggesting occasional
underpredictions. The residuals of the KNN model tend to
be skewed with predominantly clustering around zero and
with a very limited variance. To sum it all up, all models are
different in residual spread and skewness, with XGBoost
and RF having more balanced distributions and the SVM,
CatBoost and LightGBM having skewed distribution and
varying error concentration.

The residual analysis across both FC and WC methods
highlights varying degree of predictive accuracy of used
models and most of these used models displayed hetero-
geneous model performance at extreme values. To further

(a) Residual distribution: RandomForest (b) Residual distribution: XGBoost (c) Residual distribution: SVM
8+

improve the understanding of the models’ extensive predic-
tive efficacy, we employed Taylor diagrams for both furnace
cooling (FC) and water cooling (WC) conditions.

The Taylor diagram (Fig. 15) depict the correlation, vari-
ability, and discrepancies between observed and predicted
porosity values. The models evaluated include RF, XGBoost,
SVM, KNN, CatBoost, and LightGBM, with the observed
data represented by the red point. For furnace cooling (FC),
all models demonstrate high correlation coefficients (> 0.97)
with the actual data, clustering tightly near the normalized
standard deviation of 1.0. This indicates excellent predic-
tion accuracy across all models, with minimal variance in
their performance. The LightGBM model shows slightly
higher standard deviation, suggesting minor overprediction
tendencies.

Water cooling (WC) predictions displayed similar high
correlation patterns, though with slightly more dispersed
model performances. The correlation coefficients remain
above 0.97, but the standard deviation spread is marginally
wider compared to FC predictions. This increased spread
likely reflects the more complex dynamics inherent in WC
processes. This demonstrates the behavior of rocks under
different cooling techniques: FC promotes the development
of more uniform structures in medium and coarse grains
via gradual cooling, while WC results in irregular poros-
ity patterns and internal stresses, especially in fine grains,
due to quenching effect. While the Taylor diagrams pro-
vided insights into the models’ overall performance met-
rics, understanding the behavior of key variables driving
these predictions is crucial. To elucidate this, we conducted
SHAP (SHapley Additive exPlanations) analysis as shown
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Fig. 15 Boxplots and Violin plots for FC and WC

in Fig. 16 to quantify and visualize the importance of factors
affecting the porosity across both cooling conditions.

The analysis of the SHAP plot elucidate critical insights
regarding the factors that influence the granite porosity
under two separate cooling methods, FC and WC. In both
methods, temperature (Feature 0) is found to be the most
relevant variable, indicating that heating-cooling thermal
effect has a significant impact on the porosity of granite. The
induced thermal stress and microcrack formation is mainly
governed by the temperature are directly related to porosity
variation during heating-cooling processes.

Mass (Feature 1) is the second most important feature for
both FC and WC, indicating that the physical dimensions or
mass of the granite samples also affects the porosity of the
granite rocks, mainly due to uneven temperature gradients
and induced thermal stresses. P-wave velocity (Feature 2)
that represents elasticity and micro-structural integrity is
shown to have much higher SHAP impact under WC than in
FC, indicating the impact of thermal shock in modifying the
internal microstructure of the rock. This suggest that rapid
quenching has a great impact on the internal microstruc-
ture of the granite, induces more abrupt thermal shock than
gradual furnace cooling, and is therefore likely to facilitate
more severe fracture formation and increased porosity. The
residual features, comprising grain size coarse-grained (Fea-
ture 3), fine-grained (Feature 4), and medium-grained (Fea-
ture 5), exert a negligible influence on porosity prediction
for both the cooling methods. This indicates that, although
grain size affects rock characteristics, its impact on porosity
is subordinate to temperature, mass, p-wave velocity, and

Actual
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e
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structural changes induced by rapid or progressive cooling
processes.

Overall, temperature, mass and p-wave velocity are the
main determining factors of granite porosity, with tempera-
ture being the most influential across both cooling methods.
These findings reveal the interaction of thermal, physical
and elastic factors in controlling porosity progression under
different cooling methods.

Sensitivity analysis

In rock mechanics it is important to understand the interac-
tions and behavior of the various key variables, temperature,
mass, and wave velocity. These factors significantly influ-
ence the physical and mechanical properties of the rocks. To
analyze these complex relations, Partial Dependence Plots
(PDPs or PD plot) and Individual Conditional Expectation
(ICE) plots are valuable tools. PDPs reveal the marginal
effect of one or two features on the ML model’s prediction.
These plots help to identify linear, monotonic, or non-linear
patterns between input features and the target variables. ICE
plots, on the other hand, depict detailed insights by capturing
individual response at the data point level, revealing hetero-
geneity in the dataset. Therefore, this analysis demonstrate
that these PDPs and ICE plots complement each other in
understanding the impact of input features on the target vari-
able, as illustrated in Fig. 17.
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Fig. 17 1-Way PDP plot for (a) FC and (b) WC

The one-way PDP analysis

The one-way PDP were used to refer to how a single fea-
ture impacts the model prediction while holding the other
features constant. Temperature plays a critical role in alter-
ing the physical and mechanical properties of rocks. Gran-
ite expands when heated and contracts during cooling. The
gradual slow cooling, i.e., FC, shows slow uniform thermal
contraction due to minimal changes in thermal expansion
coefficient of constituting minerals, induces slight microc-
racking. However, in contrast, WC is characterized by rapid
and significant induced thermal stress leads to increased
effective thermal expansion, causes extensive microcracking.

Similarly, the mass of the rock specimens, reflecting its
density and volume, affects its mechanical behavior. The
one-way PDP for mass depicts a non-linear relationship with
the porosity of rock, as shown in Fig. 17. Granite undergoes
a minimal effect due to the gradual cooling process, primar-
ily attributed to minor thermal expansion, which preserves
the structural integrity of rock and caused slight reduction
in density. Instead, rapid WC induces thermal shock, leading
to extensive microcracks which caused significant increase
in porosity and reduction in density. Fine-grained granite
undergoes uniform expansion, causing a gradual decrease in
density. In contrast, coarse-grained granite experiences more
extensive microcracking and pore development, resulting in
more prominent reduction in density.

The elastic properties and structural integrity of rock
depend on p-wave velocity. It depicts a negative correlation

with rock porosity. Due to increased porosity and microc-
racking, p-wave and s-wave velocity decrease with tempera-
ture. (Fig. 17). Fine-grained granite treated during thermal
treatment retains its higher p-wave velocities due to its uni-
form microstructure, minimizing microcracking. Medium-
grained granite shows a moderate decline in p-wave veloc-
ity. Instead, coarse-grained granite experiences the steepest
decline in p-wave velocity due to induced extensive micro-
cracking and increased porosity.

The two-way PDP analysis

The interaction between temperature and mass reveals
a complex behavior under different cooling conditions
(Fig. 18). For furnace-cooled rock specimens, increas-
ing mass has a negligible effect on the porosity values. In
contrast, water-cooled rock specimens exhibit a significant
interaction between mass and temperature. At lowered tem-
peratures, both reduced mass and temperature correspond
to lower porosity. However, at elevated temperatures this
effect diminishes due to the intensification of induced ther-
mal cracking. This observation underscores the importance
of considering the mass and temperature together, specially
in thermally stressed system. The thermal expansion of gran-
ite is significantly dependent on the expansion coefficients of
its constituent minerals and the grain size of the rock. Fine
grained granite, with densely packed small grains, shows
limited thermal expansion due to intergranular constraints.
Medium grained granite has moderate thermal expansion for
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Fig. 19 2-way PDP between temperature and p-wave velocity for (a) FC and (b) WC

relatively larger grain boundaries. Instead, coarse-grained
granite experiences the significant grain boundary displace-
ment leads to greatest thermal expansion. Cooling methods
further influences these effects; as FC encourages gradual
and controlled contraction while WC causes thermal shock
and uneven contraction, and extensive microcracking.
Temperature and p-wave velocity are interlinked, as
higher p-wave velocities can partially limit the negative
effect induced by the sudden rise and abrupt fall of the
temperature, as illustrated in Fig. 19. The rocks with higher
p-wave velocity provide better resistance against induced
thermal stress. Nevertheless, beyond a certain temperature,
extensive thermal cracking leads to significantly increase
in porosity regardless of velocity. The interaction of mass

@ Springer

and P wave velocity suggest that rocks with greater mass
and p-wave velocity would have a lower porosity due to
higher density and few internal flaws (Fig. 20). Although,
these marginal benefits diminish at very high values, this
suggests a saturation point where further increases in mass
or p-wave velocity result in incremental improvements in
porosity.

The mismatch in thermal expansion and contraction of
constituting mineral grains causes an increase in poros-
ity. During gradual FC, minor porosity change occurs due
to limited induced thermal stress. In contrast, quenching
induces high thermal stress during WC leads to extensive
microcracking and significant increase in pore volume.
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Limitations of PDPs

PDPs for both furnace and water-cooling systems elucidate
the average impacts of temperature, p-wave velocity, and
mass on the target variable; still, they display significant
limitations. PDPs assume independence of characteristics,
which may not be valid in complex systems where interac-
tions and correlations among variables occur. PDPs solely
record the marginal impacts of characteristics, averaging the
diversity and heterogeneity in individual predictions, hence
concealing localized interactions and fluctuations within
the dataset. This disadvantage is particularly apparent when
contrasting FC and WC effects, as PDPs do not accurately
represent the intricacies of thermal stress-induced alterations
at the microstructural level, particularly in heterogeneous
materials such as granite.

Thus, PDPs may reduce the complexity of the interac-
tions among thermal, physical, and mechanical features,
underscoring the necessity for supplementary tools like
Individual Conditional Expectation (ICE) plots to elucidate
feature impacts with greater specificity. ICE plots address
the shortcomings of Partial Dependence Plots (PDPs) by
illustrating the model’s prediction for each individual data
point as the feature of interest varies.

This method elucidates variability and heterogeneity in
feature effects, offering a more comprehensive and nuanced
view of their impact, as illustrated in Fig. 21. At an even
granular level, temperature and p-wave velocity exhibit a
consistent trend, indicating minimal interaction with other
variables in the porosity prediction process. The divergence
of the individual data point from the average values leads

to an inconsistent mass, which in turn exhibits significant
interaction with other features.

The comparison of ICE plots (blue lines) and PDPs (red
dotted lines) for furnace and water cooling demonstrates
significant disparities in feature effects and their variability
among individual data points. The ICE plots for tempera-
ture during FC demonstrate a continuous upward trend that
roughly corresponds with the PDP, signifying a relatively
uniform effect of temperature on the objective variable.
Likewise, the ICE plots for mass and p-wave velocity exhibit
negligible deviations from the PDP, indicating restricted het-
erogeneity and interaction effects. Conversely, water cooling
generates considerable variability and heterogeneity, espe-
cially regarding temperature and mass, as demonstrated by
the increased divergence of the ICE trajectories from the
average PDP. In terms of temperature, the PDP exhibits a
steady rise, whereas the ICE plots reveal sudden fluctuations
and erratic patterns, signifying localized non-linear effects
during rapid cooling circumstances.

The ICE plots for mass further highlight this variability,
with significant differences among individual data points.
Regarding p-wave velocity, both cooling methods provide a
continuous negative trend; however, the ICE plots for water
cooling indicate steeper gradients and greater variability,
highlighting the intensified thermal stresses and varied
reactions caused by rapid cooling. Water cooling results
in increased unpredictability and non-linear interactions in
feature effects, in contrast to the consistent and predictable
behavior seen with furnace cooling. This underscores the
importance of ICE plots for obtaining detailed, instance-
level insights that may be overlooked by PDPs alone.
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Conclusion

This study has analyzed the application of six different
machine learning methods to estimate the granite porosity at
elevated temperature and various cooling rate. The compre-
hensive outcomes of the present study are discussed below:

1) FC leads to gradual thermal contraction, resulting
in fewer microcracks and higher wave velocities. In
contrast, WC induces thermal shock, generating steep
thermal gradient. This cause extensive microcracking,
increasing porosity and reducing wave velocities.

2) Grain size of constituting minerals of the granite cer-
tainly affects the induced thermal stress response. Fine-
grained granite resists induced thermal stress crack-
ing due to the smaller grain boundaries, maintaining
comparatively lower porosity. Medium-grained granite
displays moderate changes, with some microcracking.
Coarse-grained granite, with larger grain boundaries,
experiences severe induced thermal stress causing exten-
sive microcracking which results as increased porosity.

3) The comparative study of the six different ML models
used for the porosity prediction of granite treated at vari-
ous heating-cooling conditions classifies CatBoost as the
most precise and reliable model. RF and KNN which
effectively capture the complex non-linear relation-
ships, exhibit strong predictive performance. XGBoost
also demonstrate reasonably good performance but
with small overestimation. On the other hand, SVM and
LightGBM struggle in dealing with data heterogeneity.

4) The combination of PDPs and ICE plots reveals the
critical roles of temperature, mass, and p-wave velocity
on granite porosity. These plots elucidates both average
effects and localized variability, providing important
information on nonlinear interaction of these variables
in thermally stressed systems. Temperature induces ther-
mal expansion and microcracking, mass reflects density-
related microstructural changes, and p-wave velocity
indicates elastic integrity.

5) It was observed that ML methods, when properly tuned
and validated, can effectively predict the porosity of
granite under varying heating-cooling conditions, pro-
viding valuable insights for enhanced geothermal sys-
tems.
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