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 Uniaxial compressive strength (UCS) is an essential feature for characterizing 
and classifying rock masses, forming a critical component of rock failure criteria with 
extensive applications in mining and geotechnical engineering. This study aims to 
evaluate the performance of different machine learning (ML) models in forecasting 
the UCS of sandstone obtained from the Murree and Kamlial formations in the 
Muzaffarabad area, northwestern Himalayas, Pakistan. The ML models—namely 
artificial neural network (ANN), adaptive neuro-fuzzy inference system (ANFIS), 
support vector regressor (SVR), random forest (RF), and extreme gradient boosting 
(XGBoost)—were developed to predict UCS (MPa) based on porosity (η), point load 
index (Is(50)), Schmidt hammer rebound value (Rn), and aggregate impact value 
(AIV) as input variables. A dataset containing 80 points was divided using a 70:30 
split ratio for training and testing sets. K-fold cross-validation (with 5 to 10 folds) 
was employed to enhance the models' generalization ability. The performance of the 
models was evaluated using mean absolute error (MAE), mean square error (MSE), 
root mean square error (RMSE), and coefficient of determination (R²). Results 
revealed that the XGBoost model outperformed the other models, achieving a high 
R² value of 0.99 and low error values for MAE (0.789), MSE (1.168), and RMSE 
(1.080). The overall accuracy of the models can be ranked as follows: XGBoost > 
RF > ANN > ANFIS > SVR. This study provides a benchmark for predicting the 
UCS of sandstones and similar rocks where complex geology complicates the 
collection of intact samples. 
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1. Introduction  

Uniaxial compressive strength (UCS) is an 
essential feature in rock mass characterization, 
failure criteria [1,2], and has extensive applications 
in rock engineering projects [3]. Generally, UCS 
can be measured directly using standardized 
laboratory test methods, as documented in the 
recommendations of the International Society for 
Rock Mechanics (ISRM, 2007) and the American 
Society for Testing and Materials (ASTM, 1986) 
[4]. The direct method for determining UCS 
requires the collection of numerous standardized 
core samples from intact blocks following a careful 
procedure. However, this process of preparing 
samples for laboratory testing can be time-

consuming and costly, especially the procedures 
needed to collect standardized core samples [4,5]. 
These expenses increase significantly for samples 
taken from highly fractured, weak, and weathered 
rocks (e.g., shale, mudstone, or sandstone) [6], or 
predominantly hard rocks (e.g., granite, 
granodiorite) [7], making the direct determination 
of UCS costly in terms of time and money [8]. 
Therefore, the use of indirect methods for UCS 
estimation is of great importance. 

In recent years, researchers have emphasized 
alternative and indirect implementation of soft 
computing techniques [8], including ML 
approaches, to overcome problems in mining and 
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geotechnical engineering. These approaches are 
practical, rapid and effective in solving engineering 
problems, especially when there is an uncertain 
association between the dependent and 
independent variables [9,10]. The use of these 
approaches has proven to be economically more 
advantageous than the direct determination of UCS 
in the laboratory [8]. The traditional approach to 
creating prediction models include utilizing 
statistical methods such as simple and multiple 
regressions [1]. Such as Torabi et al., [11]  proposed 
a new equation correlating the Schmidt hammer 
rebound number (n) with the UCS of a rock mass 
under specific geological conditions. These 
procedures are typically employed as individual 
methods for assessing rock strength characteristics, 
particularly when samples collection for laboratory 
tests is impossible. From a general point of view, 
the derived correlation only gives appropriate 
results in similar types of rocks [2].  Meanwhile, 
soft computing techniques, such as artificial neural 
networks (ANNs)[12], have demonstrated their 
capability to resolve complex difficulties in the 
fields of science, engineering, and even problems 
related to rock strength [13,14]. Singh et al., [15]  
recommended the application of neural networks to 
predict UCS, tensile strength and axial point load 
strength simultaneously from the mineralogical 
composition, area weighting, form factor, aspect 
ratio, grain size, and orientation of foliation planes 
of four kinds of schistose rocks. Fattahi & 
Babanouri, [16]  introduced a novel methodology 
that integrates support vector regression (SVR) 
with a cultural algorithm (CA) to predict the tensile 
strength of rocks based on their physical 
characteristics. Based on the results of index tests 
of sedimentary rocks, Jalali et al., [17] developed a 
fuzzy interface system (FIS), ANN and ANFIS 
models to predict UCS. An ANN model was 
proposed by Abdi et al., [18] to predict UCS and 
Young's modulus (E) from sedimentary rock data. 
Fattahi[19] presented a novel intelligence method, 
relevance vector regression (RVR), enhanced by 
the cuckoo search (CS) and harmony search (HS) 
algorithms, to predict UCS of weak rocks 
(UCSWR). Shahani et al.,  [20] developed 
XGBoost model to predict E and UCS of intact 
sedimentary rocks. Armaghani et al., [21] 
presented ANFIS as a predicting model for E and 
UCS for granite in Malaysia. Sharma et al.,  [4] 
employed ANFIS as a capability model to predict 
UCS of different rocks and later compared the 
performance of the proposed model with ANN and 
multi regression (MR)  models. Armaghani et al., 
[22] proposed the application of several modeling 

techniques, including linear multiple regression 
(LMR), non-linear multi regression (NLMR), ANN 
and hybrid imperialism competitive algorithm 
(ICA-ANN) for UCS prediction. A study by Fang 
et al., [13] used ANN, artificial bee colonies (ABC-
ANN), and genetic programming (GP) to estimate 
the UCS of granite rock. Two different models, 
such as MR and ANN, were used by Zorlu et al., 
[23] to study the relationship between petrographic 
properties and strength of sandstones. 

Recently, it has become more common for ML-
based methods to be adopted for predicitng the 
UCS of rocks due to their simplicity, hustle, and 
rationality. Thus, the researchers attempt to 
develop some cutting-edge predicting models for 
the accurate estimation of UCS. Similarly, Wan et 
al.,  [24] used linear regression (LR), SVR, 
XGBoost and ANN to predict the UCS of concrete 
based on its curing age and mixture composition. A 
beetle antennae search (BAS) algorithm based RF 
model has been developed by Zhang et al., [25] to 
predict the UCS of lightweight self-compacting 
concrete (LWSCC). Mai et al., [26] anticipated an 
approach, namely RF, for predicting the UCS of 
concrete using ground granulated blast furnace slag 
(GGBFS). Matin et al.,  [27] used the RF model to 
choose variables within several rock properties and 
indexes to construct an effective predictive model 
for UCS and E. A regression model based on 
XGBoost is established by Nguyen-Sy et al.,  [28] 
for predicting the UCS of concrete based on its 
composition and age. Based on SVR, Negara et al., 
[29] proposed a data-driven universal model for 
UCS prediction. Sun et al., [30] proposed a B-
based modified evolved SVR to accurately and 
effectively predict the pervious concrete's 
permeability coefficient (PC) and UCS (MPa). To 
forecast the UCS of stabilized pond ashes with lime 
and lime sludge, Suthar, [10]  evaluated five 
different prediction modeling approaches. A RF 
model was proposed by Wang et al., [31] for 
accurately predicting a rock's UCS based on simple 
index tests. Abdi et al., [32] predicted the UCS and 
E of sandstones from petrographic characteristics 
using an ANN and multiple regression. Their 
results demonstrated that ANN performed well in 
prediction with R2 value of 0.92. Köken [33] 
employed soft computing techniques, including 
classification and regression trees (CART), 
multiple adaptive regression splines (MARS), 
ANFIS, ANN, and gene expression programming 
(GEP), to forecast the UCS of pyroclastic rocks. 
The results revealed that the coefficient of 
determination (R²) for the models ranges from 0.82 
to 0.88. Furthermore, Jamshidi [34] conducted a 
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comparative study point load index test procedures 
in predicting the uniaxial compressive strength of 
sandstones. The point load index test is performed 
in four procedures: axial, diametrical, block, and 
irregular lump tests demonstrating that the axial 
has high accuracy in predicting UCS. Although, 
these studies have achieved fruitful insights into 
UCS prediction of rocks and rock-like materials, 
still, a wide range of cutting-edge ML models 
remains essential, particularly in areas where 

sample collection is challenging as a result of 
complex geological layouts (see Figure1) and 
limited access. Therefore, further research on 
utilising soft-computing methods is immensely 
needed to overcome the stated limitations in areas 
where the sampling collection is challenging for 
laboratory tests. Table 1 lists the results of some 
previous studies using soft computing methods to 
estimate UCS. 

Table 1. Previous research using soft computing methods to estimate mechanical properties. 
S. No Material Models Outputs Performance (R2) References 

1 Granite XGBoost-FA UCS (MPa) E(GPa) 0.98 
0.97 [35] 

2 Soft sedimentary rocks ANFIS UCS (MPa) 
E(GPa) 

0.95 
0.91 [36] 

3 Granitic Rocks ANFIS UCS (MPa) 0.95 [22] 
4 Granite GP UCS (MPa) 0.84 [13] 
5 Sedimentry rocks SR UCS (MPa) 0.97  [37] 
6 Sandstone ICA-ANN UCS (MPa) 0.94  [38] 
7 Weak rocks RVR-HS UCS (MPa) 0.99 [19] 
8 Intact rocks ANFIS-GA, ANFIS-PSO UCS (MPa) 0.97 [39] 
9 Concrete SVR, XGBoost UCS (MPa) 0.93 [24] 

10 Sandstones ANN UCS (MPa) 
E (GPa) 

0.92 
0.87 [32] 

11 Carbonate Aggregates ANN UCS (MPa) 0.92 [40] 
12 Concrete BAS-RF UCS (MPa) 0.97 [25] 

FA – Firefly algorithm; XGBoost – Extreme Gradient Boosting; ANFIS – Adaptive Neuro-Fuzzy Inference System; GP – Genetic 
Programming; PSO – Particle Swarm Optimization; SR – Simple Regression; ICA – Imperialist Competitive Algorithm; ANN – 
Artificial Neural Network; SVR – Support Vector Regression; RVR – Relevance Vector Regression; HS – Harmony Search; BAS – 
Beetle Antennae Search; RF – Random Forest 

 
2. Contribution of the study 

This study was conducted on sandstone 
obtained from outcrops of the Murree and Kamlial 
formations of Muzaffarabad. Previously, 
Muzaffarabad sandstone was the main focus of 
many researchers; however, their work was 
generally limited to stratigraphy, geology, 
petrography, and structure, and did not meet the 
practical criteria of rock engineering project 
design. To date, predicting the mechanical 
properties of Muzaffarabad sandstone using 
machine learning (ML) techniques has been largely 
overlooked, highlighting the need to explore this 
aspect. Therefore, this is the first attempt to apply 
and compare this specific suite of ML models for 
UCS prediction in this particular geological setting. 
Consequently, it is crucial to develop ML-based 
prediction models by establishing the proper 
relationship between the physical and mechanical 
parameters of sandstone. To achieve this, this study 
employs ANN, ANFIS, SVR, RF, and XGBoost 
models to predict UCS using η, Is(50), Rn, and AIV 
as input variables. The developed models are then 
evaluated based on performance indices, including 
MAE, MSE, RMSE, and R2. 

3. Geological layout of the study area  

The samples used in this study include 
sandstone collected from different outcrops of the 
Murree and Kamlial formations in the 
Muzaffarabad region of the northwestern 
Himalayas in Pakistan. The local construction 
industry uses the region’s sandstone as a building 
stone and aggregate material. The study area is 
located in the tectonically active region of the 
northwestern Himalayas. The active fault in the 
area, known as the Kashmir boundary thrust 
(KBT), has caused significant shearing, 
weathering, and internal fracturing of the rocks 
[41]. The KBT resulted from a devastating 
earthquake in the region in 2005. The Murree 
formation has a thrust lower contact with the upper 
Abbottabad formation, which is associated with the 
KBT. The active fault zone nearby renders the 
Abbottabad formation highly fractured and jointed 
[41]. Moreover, the area lies within the core of the 
Hazara-Kashmir syntaxis in the sub-Himalayas. 
Himalayan orogeny is the world's youngest active 
continental-to-continental collision. Figure 1 
shows the detailed geological distribution of the 
Murree and Kamlial formations. Due to fractures 
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and joints, collecting block samples becomes very 
challenging. Therefore, establishing reliable 
prediction models for strength is essential to guide 
safe slope design, ensure foundation stability, and 
reduce construction hazards in this seismically 

susceptible region of the northwestern Himalayas. 
To achieve this, 11 locations (as shown in Figure 1) 
were selected for sampling, and a dataset 
containing 80 points was compiled to account for 
sample homogeneity. 

 
Figure .1 Geological setting of the study area. 

4. Dataset construction 
4.1. Data collection 

This study uses the database prepared by a 
series of laboratory tests on sandstone samples 
collected from different blocks. The samples 
obtained from the study area were taken to the 
laboratory to conduct physical and mechanical 
tests. The tests were conducted in Azad Jammu and 
Kashmir university (AJKU), Muzaffar Abad, 
Pakistan. The tests were performed according to 
the standards recommended by ASTM. The dataset 
includes the following tests: η (m/v), Is (50) (MPa), 
Rn, AIV, and UCS (MPa). The details of the tests 
are listed in the following sub-sections. 

4.1.1. Porosity 

Effective porosity was determined following 
the standard procedure outlined in ASTM D 7063. 
Core samples were first oven-dried to a constant 
mass to establish their dry weight. Subsequently, 
the samples were placed in a perforated basket and 
fully submerged in a water tank for a 48-hour 
saturation period. After immersion, the saturated 
weight was measured in two ways: first, as the 
suspended weight in water, and then as the 
saturated surface-dry weight after carefully 
blotting the specimens with an absorbent cloth to 
remove any surface water film. Porosity can then 
be calculated using the following expressions. 

 

Speciϐic gravity =   
Dry weight

Saturated surface dry weight  −  Suspended load 

Apparent speciϐic gravity =  
Saturated surface dry weight
Saturated surface dry weight

  −  Suspended load 

Effective porosity =  ୅୮୮ୟ୰ୣ୬୲ ୱ୮ୣୡ୧ϐ୧ୡ ୥୰ୟ୴୧୲୷
ୗ୮ୣୡ୧ϐ୧ୡ ୥୰ୟ୴୧୲୷

−  Apparent speciϐic gravity ×  100  
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4.1.2. Point load index (Is(50)) 

The point load test is widely used for estimating 
the strength of rock materials. Its primary value lies 
in providing a quick and inexpensive means to 
determine the Is (50), which can be correlated to the 
UCS for applications like rock mass classification 
and slope design. A key advantage of the test is its 
portability and minimal sample preparation 
requirements; it can be performed in the field on 
irregular rock lumps or core samples, as outlined in 
ASTM D-5731 (ASTM, 1985)[42]. In the axial test 
variant, a rock specimen of limited length is placed 
between two conical, hardened steel plates. A 
compressive load is applied through a hydraulic 
jack until the sample fails. The failure occurs due 
to tensile cracking induced by the concentrated 
point loads, not by direct compression. The failure 
load is recorded and used to calculate the point load 
strength index using the following formula. 

௦ܫ =  
ܲ × 1000

௘ܦ
ଶ  (1) 

Where P (kN) is the failure load, Dୣ (mm) is 
equavelent diameter which can be calculated as 
follows. 

௘ܦ =  ඨ
ܣ4
ߨ

 (2) 

Where, ܣ (mm2) represents cross-sectional area. 
The corrected value of Iୱ(ହ଴) can be achieved as 
follows: 

௦(ହ଴)ܫ = ௦ܫ × ൬
௘ܦ

50൰
଴.ସହ

 (3) 

4.1.3. Aggregate impact value   

The aggregate impact test was conducted using 
an impact testing machine, a tamping rod, sieves 
with apertures of 10 mm and 2.36 mm, and a 
precision balance. A 1 kg oven-dried sample, 
retained on the 10 mm sieve, was placed into the 
machine's cylindrical measure and compacted in 
three layers, with each layer receiving 25 blows 
from the tamping rod. The sample was then 
subjected to 15 hammer blows from the impact 
machine. The resulting material was sieved on the 
2.36 mm sieve, and the weight of the fraction 
passing through (W2) was recorded. The AIV, 

expressed as a percentage, was calculated from the 
original sample weight (W1) using the formula: 

AIV = (W2 / W1) × 100% (4) 

4.1.4. Schmidt hammer rebound value (Rn) 

Schmidt hammer testing was conducted 
according to ASTM D-5873-14. The instrument 
was held firmly against the sample surface with its 
plunger perpendicular to the test point. The 
hammer was then activated, and the rebound value 
was recorded from the scale. Rebound numbers 
were documented for each sample in both dry and 
saturated conditions. 

4.1.5. Uniaxial compressive strength (UCS) 

The UCS of the rock specimens was determined 
following the ASTM D2938 standard. Core 
samples were first cut to appropriate dimensions, 
and their end surfaces were ground flat and parallel 
to ensure uniform load distribution. Specimens 
meeting dimensional and surface smoothness 
criteria were then axially loaded in an automatic 
system compression frame equipped with a UCS 
device (45-C7022/S). A constant loading rate of 1 
MPa/sec was applied until specimen failure. The 
compressive strength was calculated as the 
maximum sustained load per unit area. 

4.2. Statistical description of the dataset 

The statistical description, i.e., mean, standard 
deviation, minimum, and maximum values of each 
input and output parameter, is listed in Table 2. The 
correlation of UCS (MPa) with the input 
parameters is visualized by a distribution plot, as 
shown in Figure 2. It is worth mentioning that 
among all the input parameters considered for 
predicting the UCS (MPa) of the sandstone, Is(50) 
(MPa) and Rn exhibit a slightly stronger 
correlation with UCS (MPa). Conversely, η (m/v) 
and AIV demonstrate weak correlations with UCS 
(MPa). 

As shown in Figure 3, a correlation index 
adjacent to 1 designates a strong positive 
relationship with the output parameter. In contrast, 
a correlation index -1 corresponds to a perfect 
negative correlation between two features moving 
in opposite directions. Two uncorrelated or weakly 
correlated features have a correlation value near 
zero.  
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Table 2. The statistical description of the dataset. 

 Porosity 
(η) 

Point Load Index 
(Is(50)) (MPa) 

Schmidt Rebound 
(Rn) 

Aggregate Impact 
Value (AIV) 

Uniaxial Compressive 
Strength (UCS) (MPa) 

Mean 0.8347 1.0145 41.6888 21.6483 61.8221 
Standard deviation 0.2074 0.9938 4.9371 7.9452 17.6668 
Minimum 0.3400 0.1000 31.0000 7.1000 37.5000 
Maximum 1.2400 4.3000 53.0000 37.5000 107.1400 

 

 
Figure 2. Correlation and statistical distribution between input and output parameters 

 
Figure 3. Heatmap correlation between input and output parameters 
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5. Machine learning models 

In this study, the dataset was grouped into 
training (70%) and testing (30%) sets to avoid the 
problem of overfitting may occur when ML models 

are trained on the whole dataset [28]. Further, five 
ML models, i.e., ANN, ANFIS, SVM, RF, and 
XGBoost, were trained to accurately predict the 
UCS of sandstone. The stepwise procedure is 
displayed in a flow chart shown in Figure.4.  

 
Figure 4. Flow chart of the study 
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5.1. Artificial neural network 

ANN is composed of three main components: a 
learning algorithm, a transfer function, and a signal 
processing element called neurons. These neurons 
are considered highly interconnected processing 
elements that work together to achieve the goal 
[43]. A typical neural network contains three 
layers: an input layer, a hidden layer, and an output 
layer, as presented in Figure 5. The layers are 
connected by auxiliary functions called weights 
and biases, and the model's performance depends 
on the tuning of these weights and biases [44]. To 
achieve the desired design objectives, a learning 
algorithm modifies the synaptic weights of the 
network to facilitate the learning process [5]. The 
ANN model was trained using a feedforward back-
propagation neural network (FFBP) because of its 
simplicity and applicability. In networks with 
multiple layers, learning algorithms such as back-
propagation (BP) are commonly employed [18]. 

Furthermore, a Levenberg-Marquardt algorithm 
was used, which is the fastest method for training 
moderately sized feed-forward neural networks. 
The TRAINLM and LEARNGDM functions were 
utilized for training and adaptation, respectively. 
Similarly, a type-3 fuzzy inference system, 
consisting of five layers and producing a linear or 
constant output, was employed in this study. 
Different numbers of epochs were tested during 
training of the ANN, but the best fit was obtained 
at 6 epochs. Moreover, the number of neurons (nine 
neurons) was selected according to Equation 5, 
where N describes the number of inputs. 

௡ܰ  ≤ 2 × ܰ + 1 (5) 

5.2. Adaptive neuro-fuzzy inference system 

The ANFIS is an ML approach that consolidates 
the FIS concept into an ANN and has been widely 
used in geotechnical engineering [45]. The ANFIS 
is advantageous for use when classical approaches 
are unsuccessful or highly complex in achieving 
the objective [46]. For the first-order Sugeno fuzzy 
model, the typical fuzzy reasoning mechanism of 
the ANFIS model with two fuzzy if-then rules is 
expressed as [43,47]. 

 
Rule-1: IF x is A1 and y is B1, THEN ଵ݂ = ݔଵݎ + ݕଵݏ +  ଵݐ

Rule-2: IF x is A2 and y is B2, THEN  ଶ݂ = ݔଶݎ + ݕଶݏ +  .ଶݐ

 
To estimate UCS using some rock properties, a 

standard ANFIS model was developed employing 
the same datasets. The ANFIS was created by 

adopting the Sugeno model and a triangular 
membership function. Different numbers of epochs 
were tested during training, but the best fit was 
obtained at 200 epochs. The minimum validation 
error was used as the stopping criterion to prevent 
overfitting. The architecture of the ANFIS is 
depicted in Figure 6. The structure of the ANFIS 
contains five distinct layers. 

 
Figure 5. The architecture of artificial neural 

network 

5.3. Support vector machine 

The SVM has fewer regulating parameters, less 
overfitting problems, and an expanded 
convergence range to the global optimum, making 
it widely used in regression analysis, pattern 
recognition, and classification of large-scale 
nonlinear data to overcome the shortcomings of 
traditional ANNs [1]. By introducing kernel and 
Vapnik's -insensitive loss functions, SVM 
constructs prediction functions on a high-
dimensional feature space [29]. For a dataset T = 
௜ ∈ ܴ௡ݔ where {(௡ݕ ,௡ݔ )…(ଶݕ ,ଶݔ) ,(ଶݕ ,ଵݔ)}  are 
the inputs and ݕ௜ ∈ ܴ௡ are the outputs. To separate 
non-linear inputs into hyperplanes, SVM uses 
kernel functions to map them into high-
dimensional feature space and using linear 
regression, these inputs can be related to outputs 
[48]. The SVM examined many kernel functions, 
including linear functions, polynomials, sigmoid 
functions, Gaussian functions, radial functions, and 
exponential radial functions [1]. The support vector 
regressor was used by importing SVM from Scikit-
learn package in Python to obtain the regression 
results. Different kernel functions were checked 
and the linear function was selected as best for 
good performance. The training performance of the 
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model has not been affected by kernel parameters. 
Therefore, the default kernel parameters were used.  

5.4. Random forest (RF) 

The RF algorithm combines bootstrap and 
aggregation concepts to establish a large number of 
classification or regression trees (CARTs) [49]. The 
fundamental principles of RF involve constructing 
a forest by randomly selecting many decision trees, 
with the requirement that each decision tree in the 
RF is uncorrelated [27]. For regression analyses, 
samples of the input variables are used to fit the 
output variables. The data are divided into several 
points for each input variable, and the sum of 
squared errors (SSE) between the predicted and 
actual values is calculated at each division point. 
The minimum SSE value for each node is then 
determined. It is also possible to assess the impact 

of variables by arranging all their values and 
comparing their predictive accuracy among out-of-
bag samples (a subset of observations not used 
during training, known as the "out-of-bag" dataset) 
[49]. The bootstrap-aggregated decision tree 
reduces overfitting by combining the results of 
many decision trees, thereby enhancing the model's 
ability to generalize [31]. It has been demonstrated 
that overfitting can be mitigated by using m trees. 

The RF model was trained by using 
sklearn.ensemble Python package. From 
sklearn.ensemble, the RF regressor was imported. 
The number of estimators used is 50, and 
randomized data (random_state = 42) splitting was 
used. The random forest model was perfectly 
trained by the default parameters setting and a good 
performance result was obtained. Therefore, the 
hyperparameter tunning for RF was avoided. 

 
Figure 6. The general architecture of ANFIS model 

5.5. Extreme gradient boosting (XGBoost) 

As a successful tree-based ensemble learning 
algorithm, XGBoost is considered to be a useful 

asset among data science researchers. Based on 
gradient boosting architecture [50], the objective 
function of XGBoost is computed as follows in 
Equation (6): 

 

ܱܾ݆(௧) ≈ ∑ ቂݕ)ܮ௜ , (ො௜ݕ + ݃௜ ௜݂(ೣ೔)
+ ଵ

ଶ
ℎ௜ ௜݂

ଶ(ݔ௜)ቃ + Ω( ௜݂)௡
௜ୀଵ , (6) 

 
where, the first part represents the training loss 

of the model, including both the logistic and 
squared loss, while the second part represents total 
tree complexity. The kth complexity of the tree 
can be calculated using Ω(݂) =  ܳ௧ +  ଵ

ଶ
 , ଶ||ܯ||ߝ

where ߛ denotes the complexity parameter, ܳ௧ 
denotes the number of leaf nodes, ߝ denotes 
constant coefficient, and ||ܯ||ଶ denotes the l2-
norm of the leaf weight.  

Furthermore, the primary goal function, which 
follows Taylor expansion can be determined as 
follows in Equation (7): 

=  ෍ ൤݃௜݉௜(ݔ௜) + 
1
2

ℎ௜݉௤
ଶ(ݔ௜)൨ +  ܳ௧ +  

1
2

෍ ௝݉
ଶ

ொ೟

௝ୀଵ

௡

௜ୀଵ

 (7) 

= ෍ ቎ቌ෍ ݃௜
௜ୀூೕ

ቍ ௝ܯ
1
2 ቌ෍ ℎ௜ + ߝ 

௜ୀூೕ

ቍ ௝݉
ଶ቏ + ܳ௧

ொ೟

௜ୀଵ

 (8) 
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= ∑ ቂܩ௜݉௜ +  ଵ
ଶ

൫ܪ௝ + ൯ ௝݉
ଶቃ + ܳ௧

ொ೟
௜ୀଵ  ,      (9) 

In which, ݃௜ =  ௬ො(೟షభ) ܮ൫ݕ௜, ,ො(௧ିଵ)൯ݕ ℎ௜ =
௬ො(೟షభ)

ଶ ௜ݕ൫ܮ , ,ො(௧ିଵ)൯ݕ I is the sample group of each 
leaf,  ܫ௝ = ௜ݔݍ\݅} = ௝ܩ ,{݆ =  ∑ ௜݃௜ୀூೕ , ௝ܪ =
∑ ℎ௝௜ୀூೕ   

XGBoost employs a second-order Taylor 
expansion as its objective function, rather than 
conventional gradient boosting. As indicated in the 
above equations (7–9), XGBoost accelerates the 
convergence process because, during model 
development, the first and second derivatives are 
calculated in parallel. Additionally, XGBoost 
includes a regularization term that smooths the 
responses of each decision tree, preventing 
overfitting. The model was trained using the 
reg:squared-error objective function. Considering a 
standard XGBoost model with default parameters 
in the XGBoost package—namely, M = 100 
estimators, a learning rate of 0.1, and regularization 
parameters λ = 1 and γ = 0—the best R-squared 
values for both training and testing sets were 
obtained. In both sets, the optimal R-squared 
values were achieved with the default parameters 
of the XGBoost package. The constructed 
XGBoost model used M = 100 estimators, a 
learning rate (η) of 0.1, and regularization 
parameters λ = 1 and γ = 0. 

6. Performance evaluation and cross-validation 
6.1. Performance indicators 

To evaluate the accuracy of the models, 
different indicators were adopted, including mean 
absolute error (MAE), mean square error (MSE) 
and root mean square error (RMSE) [51] and 
coefficient of determination (ܴଶ) [52].  ܴଶ 
determine the correlation between the predicted 
and actual values in the range [0, 1]. The model 
exhibits high-performance accuracy when ܴଶ 
approaches 1. Meanwhile, low MAE, MSE, and 
RMSE indicate better ML model accuracy. Using 
the following equations, the values of performance 
indicators were obtained [53]. 

ܧܣܯ =  ଵ
௡

∑ |ܷ௠ − ܷ௣|௡
௜ୀଵ  ,      (10) 

ܧܵܯ = ଵ
௡

∑ (ܷ௠ − ܷ௣)ଶ௡
௜ୀଵ ,      (11) 

ܧܵܯܴ =  ටଵ
௡

∑ (ܷ௠ − ܷ௣)ଶ௡
௜ୀଵ  ,      (12) 

ܴଶ =  ൣ∑ (௎೘ି௎෡೘)(௎೛ି௎෡೛
೙
೔సభ ൧మ

ൣ∑ (௎೘ି௎෡೘)మ೙
೔సభ (௎೘ି௎෡೘)మ൧

 ,      (13) 

where n is the number of the observations, ܷ௠ 
and ܷ௣ are measured and predicted values, 
respectively. ෡ܷ௠ and ෡ܷ௣ represents the mean 
measured values of actual and predicted UCS.  

6.2. K-fold cross-validation 

This study implemented K-fold cross-validation 
to minimize bias associated with the random 
partitioning of training and validation data [54], 
where K represents the number of folds. By 
partitioning the dataset into different subsets and 
evaluating their performance on each subgroup, 
cross-validation can determine the validity and 
accuracy of machine learning models [25]. In this 
way, reliability and generalization can be 
improved. In this study, the 5 to 10-folds cross-
validations (CV) is applied (see Figure 2) in the 
training sets, which splits the datasets into 5 to 10 
mutually exclusive subsets (or folds) that are 
resembled with a study [55]. 

7. Results and discussion 
7.1. Prediction performance of ML models 

The prediction result of training sets and testing 
sets is listed in Table 3. Satisfactory results of the 
model’s prediction are unveiled in terms of the 
statistical performance criteria in testing dataset. 
Results indicated that all the models are well fit to 
predict the UCS of sandstone.  However, SVR 
somehow shows poor performance both in training 
and testing. The relatively low prediction errors 
obtained by these models in training compared to 
testing suggest that these models exhibit relatively 
good generalization ability compared to prediction. 
The performance indicators, including MAE, MSE, 
RMSE and R2 values for ANN models in testing 
data are 2.77, 14.46, 3.803 and 0.96, respectively. 
The MAE, MSE, RMSE and R2 values of ANFIS 
for testing set are 2.968, 25.49, 5.049 and 0.93 
indicating the model was trained very well but 
dramatic changes are noticed in the testing. The 
low prediction of the SVR model with linear 
function in testing can be evident from high MAE, 
MSE and RMSE and low R2 values 6.29, 76.01, 
8.718 and 0.79, respectively. The performance of 
RF indicates that model performed well and 
obtained accurate results. The values of MAE, 
MSE, RMSE and R2 for testing of RF are 2.266, 
9.238, 3.033 and 0.97, respectively. The XGBoost 
gives the values of MAE, MSE, RMSE and R2 of 
0.789, 1.167, 1.080 and 0.99 for test dataset. 
Conclusively, the findings revealed that the 
XGBoost model had exceptional and consistent 
performance with the greatest R² value and the 



Ullah and Mahmood Khan Journal of Mining & Environment, Vol. 17, No. 3, 2026 

 

791 

lowest error metrics compared to all other models. 
The ANFIS model demonstrated signs of 
overfitting, seen in its outstanding performance on 
the training data, which significantly declined on 
the testing data suggesting it may have learned the 
noise in the training set rather than the underlying 

pattern. This indicates that although ANFIS could 
accurately model the training data, its ability to 
generalize to unseen data was rather constrained. 
The RF model demonstrated strong performance, 
albeit marginally surpassed by XGBoost. 

Table 3. Performance of models on training and testing dataset. 

Models Training Testing 
MAE MSE RMSE R2 MAE MSE RMSE R2 

XGBoost 0.741 0.958 0.978 0.99 0.789 1.167 1.080 0.99 
RF 1.465 3.951 1.987 0.98 2.266 9.238 3.033 0.97 
ANN 2.58 12.23 3.497 0.95 2.77 14.46 3.803 0.96 
ANFIS 0.2689 0.4820 0.6943 0.99 2.968 25.49 5.049 0.93 
SVR 5.769 62.98 7.934 0.77 6.29 76.01 8.718 0.79 

 
Measured and predicted UCS (MPa) values by the 
models in the training and testing datasets are 
visualized in Figure 7 and Figure 8. The prediction 
performance is depicted by an error curve shown 
on the horizontal axis, indicating the prediction 
accuracy for both testing and training. As shown in 
Figure 7, all models demonstrate good training 
accuracy except for SVR. Models with high 
training accuracy exhibit lower error and less 
deviation among data points. Additionally, Figure 
8 presents a comparison of measured and predicted 
UCS (MPa) values for the test dataset using five 
distinct predictive models. In each plot, the red 
circles represent the measured UCS (MPa) values, 
the black dots denote the predicted values, and the 
cyan bars illustrate the prediction errors. All 
models effectively capture the overall trend of the 
measured UCS (MPa) values; however, differences 
in prediction accuracy and error magnitude are 
evident among them. The ensemble models, 
specifically RF and XGBoost, display enhanced  

7.2. Models comparison and discussions  

This part of the study compared the prediction 
performance of models. Table 2 and Figure 11a & 
b summarize the performance indicators for each 
model. The models were assessed utilizing four 
statistical performance metrics such as MAE, 
MSE, RMSE, and the R². SVR demonstrates 
highest MSE and RMSE values in both datasets, 
signifying inferior prediction performance and 
larger divergence from the observed UCS values. 

Conversely, the ensemble learning models, 
specifically RF and XGBoost, exhibit the lowest 
error metrics and greatest R² values, indicating 
their enhanced accuracy and generalization 
capabilities. The reliable performance of these 
ensemble approaches on both training and testing 
datasets illustrates their robustness and 
appropriateness for modeling the nonlinear 
interactions intrinsic to rock strength prediction. 
The results correspond closely with the patterns 
depicted in Figure 8, wherein RF and XGBoost 
exhibited the highest concordance between the 
measured and anticipated UCS values, thereby 
reinforcing their reliability for geotechnical data 
modeling.predictive accuracy with reduced and 
more uniform error distributions, underscoring 
their effectiveness in modeling the complex, 
nonlinear interactions present in the geotechnical 
dataset. Based on these observations, the models 
can be successfully employed to predict the UCS 
(MPa) of sandstone from the Murree and Kamlial 
formations in the Muzaffarabad region. 

Furthermore, the strength of a linear 
relationship between the actual and predicted UCS 
values in training and testing is justified by 
measuring the R2 on a scatter plot, as depicted in 
Figures. 9 and Figure 10. The scattered points show 
the prediction values of the UCS by different 
models, while the straight line indicates the best 
performance result. The high R2 in the training set 
(0.99) and testing set (0.99) demonstrates the high 
predictive capability of the XGBoost model 
followed by RF. 
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Figure 7. Comparison of actual and predicted values of models on training dataset 
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Figure 8. Test dataset comparison between actual and predicted values. 
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Figure 9. Scatter plot of measured and predicted values of models on the training dataset. 
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Figure 10. Test dataset scatter plot of measured and predicted values. 
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Figure 11 a) Prediction performance of training data b) Prediction performance of testing data 

For further comparison and analysis of the 
developed models, multiple evaluation criteria 
were considered through a combination of Taylor 
diagrams shown in Figure 12. Taylor diagrams 
deliver a more instinctual valuation of the 
performance between models than a single model 
evaluation index. In recent years, the Taylor 
diagram has become an effective method for 
evaluating and inspecting models by displaying 
relevant information from multiple models [51]. As 
can be seen from the Taylor diagram, the XGBoost 
model predicts the best results for UCS among all 
the developed models. More precisely, due to its 
high-performance accuracy, the XGBoost model is 
recommended as a more significant model for UCS 
(MPa) prediction. The models' accuracy is placed 
in the following order; XGBoost > RF > ANN > 
ANFIS > SVR. Besides, the K-fold cross-
validation (K = 5 ~10) was employed to confirm 
the stability and generality of each model. The 
XGBoost model had a R² over 0.98 across folds, 
with negligible variation in RMSE, indicating 

robust reliability across various data partitions. RF 
demonstrated uniform performance across folds, 
signifying robustness. Conversely, the SVR model 
exhibited greater variance in its performance 
indicators, highlighting its susceptibility to the 
amount and distribution of training data. Ensemble 
models facilitate the assessment of feature 
relevance, offering insights into the relative 
contributions of each input parameter. Both RF and 
XGBoost analyses indicated that the Is(50) and Rn 
are the most significant predictors of UCS, but η 
and AIV exhibit an inverse relationship with UCS. 
The predictive accuracy achieved in this study 
surpasses the performance reported in earlier UCS 
modeling efforts. Table 4 presents a comparison 
between the results of the present study and those 
reported in previous research. The observed 
improvement highlights the effectiveness of 
gradient boosting algorithms in rock mechanics, 
especially for modeling complex and variable 
geological data with limited sample sizes. 

Table 4. Comparison between previous studies with the current study. 
Models Output Performance(R2) References 

ANFIS UCS 0.98 [21] 
ICA-ANN UCS 0.94 [22] 
BAS-RF UCS 0.97 [25] 
ANN UCS 0.92 [40] 
ANN UCS 0.92 [32] 
XGBoost-FA UCS 0.98 [35] 
SVR, XGBoost UCS 0.93 [24] 
ANFIS UCS 0.95 [36] 
XGBoost, RF UCS 0.99,0.97 This study 
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a) b) 

Figure 12. Taylor diagrams of different models for UCS prediction (a) training (b) testing. 

8. Conclusions 

This study developed five ML models including 
ANN, ANFIS, SVR, RF and XGBoost to predict 
the UCS (MPa) of sandstone in the Murree and 
Kamlial formation in the Muzaffarabad area, 
northwestern Himalayas in Pakistan. The input 
parameters such as η, Is(50), Rn and AIV were used. 
The MAE, MSE, RMSE and R2 were used as 
performance indicators to evaluate the model’s 
performance. The performance of models was 
evaluated by means of the testing dataset.  

The values of the performance indicators—
MAE, MSE, RMSE, and R²—were 2.77, 14.46, 
3.803, and 0.96 for the ANN model, and 2.968, 
25.49, 5.049, and 0.93 for the ANFIS model, 
respectively. The SVM model with a linear kernel 
function yielded the highest MAE (6.29), MSE 
(76.01), RMSE (8.718), and the lowest R² (0.79). 
In testing, the MAE, MSE, RMSE, and R² values 
for the RF model were 2.266, 9.238, 3.033, and 
0.97, respectively. The corresponding values for 
the XGBoost model were 0.789, 1.167, 1.080, and 
0.99. 

Therefore, based on the performance criteria, 
the XGBoost model is considered the best model 
for predicting UCS (MPa) and is recommended for 
predicting UCS (MPa) of sandstones and similar 
rocks and overcoming the problems of sample 
collection, cost, and transportation in the study 
area.  

This study was conducted on a single rock type 
(Sandstone) and could be further examined for 
other rocks such as limestone, granite, marble, etc. 
Furthermore, the study will be extended by 
considering other boosting models such as 
LightGBM, CatBoost, and AdaBoost compared to 

the current recommended model. The application 
of different optimisation models will be used to 
boost the accuracy of the proposed model. 
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سنگ است و   يهاتوده  ي بندو طبقه   فیتوص  يبرا  يضرور  یژگیو  کی)  UCS(  يمحورتک   يمقاومت فشار
.  دهدی م  لیتشک  کی معدن و ژئوتکن  یگسترده در مهندس  يشکست سنگ را با کاربردها  يارهای از مع  یجزء مهم

ا ارز  نیهدف  مدل   یابیمطالعه  پML(  نی ماش  يریادگ یمختلف    يهاعملکرد  در   يفشار  ومتمقا   ینیبشی) 
از سازندهادستسنگ به ماسه  يمحورتک  غرب  الیو کامل  يمور  يآمده   ا،یمالیه   یدر منطقه مظفرآباد، شمال 

  یقیتطب یعصب-ي استنتاج فاز ستمی)، سANN( یمصنوع  یشبکه عصب یعنی - ML  يهاپاکستان است. مدل 
)ANFIS(  بانیبردار پشت  ونی )، رگرسSVR(  ی)، جنگل تصادفRFو تقو   - )  XGBoost(  دیشد  انیگراد  تی) 

))، مقدار Is(50( يا)، شاخص بار نقطهη) بر اساس تخلخل (MPa(  يمحورتک  يمقاومت فشار  ینیبش یپ يبرا
توسعه داده شدند.   يورود  يرها ی) به عنوان متغAIV) و مقدار ضربه سنگدانه (Rn(  تیبازگشت چکش اشم

نسبت    80  يمجموعه داده حاو  کی از  با استفاده  آزما  يهامجموعه  يبرا  70:30  میتقسنقطه  و    شیآموزش 
به کار  مدل   میتعم  تیقابل  شیافزا  ي) براfold  10تا    5(با    K-foldمتقابل    یشد. اعتبارسنج  يبندمیتقس ها 

)، جذر MSEمربعات خطا ( نیانگی)، مMAEمطلق (   يخطا  نی انگیها با استفاده از مگرفته شد. عملکرد مدل 
(  نیانگیم و ضرRMSEمربعات خطا  ارزR²(  نییتع  بی)  نتا  یابی)  مدل    ج یشد.  که  با    XGBoostنشان داد 

 RMSE) و  MAE (0.789) ،  MSE (1.168  يبرا  نییپا  يخطا  ریو مقاد  0.99بالا برابر با    R²به مقدار    یابیدست
 XGBoostکرد:    يبندرتبه ریبه شرح ز  توانی ها را ممدل   یها بهتر عمل کرد. دقت کل مدل   ری) از سا1.080)

> RF > ANN > ANFIS > SVRینیبش یپ  يبرا  ياریمطالعه مع  نی. ا  UCS  يهاها و سنگ سنگ ماسه 
  .  .کندی م دهیچینخورده را پدست يهانمونه  يآورجمع  ده،یچیپ یشناسن یها زمکه در آن  دهدیمشابه ارائه م
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