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A B S T R A C T

The importance of mode I fracture toughness (KIc) lies in its role in studying rock fractures, finding application
across diverse sectors like mining, tunneling, and surface construction. Given the time-consuming, costly, and
arduous nature of determining fracture toughness through lab and field tests, employing indirect techniques is
advised. Soft computing’s indirect methods excel at modeling intricate nonlinear connections with optimal ef-
ficiency and accuracy, even when geological parameters introduce uncertainty. The innovative aspect of this
research lies in leveraging Grey Wolf Optimization (GWO) and Invasive Weed Optimization (IWO) algorithms to
model 88 Chevron Notched Brazilian Disc (CCNBD) specimens, designated by ISRM, considering uncertainties.
The input parameters encompass uniaxial tensile strength (σt), initial crack length (α0), disc specimen radius (R),
crack length (αB), disc thickness (B), and final crack length (α1). The research proceeds by employing 80% of the
dataset (70 data points) for constructing models via the algorithms, reserving the remaining 20% (18 data points)
for model validation. The outcomes, evaluated using statistical metrics such as mean square error (MSE), squared
correlation coefficient (R2), mean absolute error (MAE), and root mean square error (RMSE) underscore the
exceptional accuracy and performance of GWO and IWO algorithms in predicting and estimating rock structure’s
KIc. Moreover, this paper conducts a sensitivity analysis on KIc estimation’s input parameters using @RISK
software. Findings reveal that among the input parameters, σt exerts the most substantial influence on the
model’s output. Consequently, even a minor alteration in σt yields significant fluctuations in the relationship’s
output.

1. Introduction

In the context of rock engineering and the stability of structures, the
effective control of crack initiation and propagation holds paramount
significance. Cracks, whether on a small or large scale, wield notable
influence over the strength of rock masses and their deformation [1].
These factors exert a pronounced impact on the stability of various
structures, including open mines, underground mines, tunnels, and rock
slopes. An equally crucial role is played by rock fracture in the explo-
ration of energy reservoirs, as the generation of fresh cracks contributes
to the enhancement and augmentation of oil and gas production [2].

The dynamic and static states of fracture toughness, contingent upon
loading conditions relative to the crack, manifest in three distinct failure
modes, elucidated in Fig. 1 [3–5].

Illustratively, mode I represents the opening mode, wherein crack
displacement occurs perpendicular to the crack front. Mode II embodies

the shearing and sliding mode, where crack face displacement transpires
along the crack plane but remains perpendicular to the crack front.
Lastly, mode III signifies the sliding and tearing mode, characterized by
the parallel sliding of the two crack planes along the crack profile line.
The International Society of Rock Mechanics has introduced standard-
ized methods, encompassing Mode I and Mode II, for the determination
of fracture toughness [6–12], including: SCB (Semi Circular Bend), CB
(Chevron Bend), PTS (Punch Through Shear method), SR (Short Rod),
SENRBB (Single Edge Notched Round Bar in Bending), CCNBD (Cracked
Chevron Notch Brazilian Disc). Throughout the realm of rock me-
chanics, researchers have persistently explored the expression of rock
toughness across various modes, employing diverse direct and indirect
methodologies like regression, analytical techniques, and numerical
simulations [13–31].

While the insights from the aforementioned approaches are unde-
niably valuable, their use is limited due to uncertainties related to
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geotechnical parameters. Experimental and analytical methods, despite
their advantages, often lack pinpoint accuracy. Their predictions are
typically applicable only within specific regions, restricting their
extrapolation to other geographical areas. Additionally, numerical
methods require the creation of multiple models for each data point
because they can only accept single values for geological parameters.
Indirect laboratory and field methods, while informative, demand sig-
nificant time and financial resources due to the need for repetitive
experimentation. Furthermore, these procedures, combined with the
demands of equipment and the energy expenditure of engineers, may
introduce errors in certain cases. Considering these challenges, ad-
vancements in technology have led to a compelling alternative: soft
computing methods. These methodologies, often implemented through
various algorithms within the MATLAB environment, offer a practical
solution. Indirect laboratory and field methods, although informative,
require considerable time and financial investment due to repetitive
experimentation. For instance, the size effect model necessitates multi-
ple specimens of varying sizes to accurately determine fracture param-
eters, significantly increasing the experimental workload and costs.
Similarly, the boundary effect model demands precise control and
measurement of boundary conditions, often leading to prolonged
experimentation periods and additional financial resources [32,33].

Soft computing techniques effectively address uncertainties and
variations in geological parameters while excelling in predicting intri-
cate nonlinear and complex relationships. Notably, these methods are
proficient in a cost- and time-effective manner, accounting for the
myriad factors that influence model outcomes. By way of illustration,
Afrasiabian, Eftekhari [34] harnessed gene expression programming
(GEP) and linear multiple regression (LMR) to yield an accurate equa-
tion for forecasting mode I fracture toughness (KIc). Their findings, as
evaluated through statistical indices like the R2 and root mean square
error (RMSE), underscored the superior accuracy and performance of
gene expression programming. Similarly, Emami Meybodi et al. [35]
explored soft computing methods, including support vector regression
(SVR), multivariate linear regression (MLR), copula, and multivariate
non-linear regression (MNLR), to estimate rock fracture toughness in
modes I and II. Their conclusions emphasized the heightened accuracy
and functionality of the SVR model in comparison to other methodolo-
gies. Roy et al. [34] employed multiple regression techniques alongside
soft computational approaches, including the adaptive fuzzy neural
inference system, fuzzy inference system (FIS), and artificial neural
network (ANN), to simulate crack propagation in rocks resulting from
mode-I fracture toughness. The model’s outcomes, assessed through
statistical metrics such as R2, MAPE, and RMSE, underscored the supe-
rior accuracy of soft computing methods compared to the regression
approach. Notably, among the soft computing methods, adaptive neuro
fuzzy inference system (ANFIS) yielded the most promising model.
Köken and Koca [35], in their pursuit to explore and estimate KIc,
explored diverse methodologies, encompassing ANN, multivariate
adaptive regression spline (MARS), ANFIS, and gene expression pro-
gramming (GEP). Their findings pointed towards the enhanced accuracy
of the ANN model. They further suggested that future studies could
enhance the model’s performance by incorporating additional data. In a
parallel study, Dehestani and colleagues [36] employed a machine

learning (ML) approach to predict the toughness of travertine, marble,
granite, and sandstone across I, II, and combined cone (I-II) modes. To
validate their method, three experimental tests were executed. Cao et al.
[36] introduced a novel systematic approach utilizing the XGBoost
firefly algorithm to predict Young’s modulus and unconfined compres-
sive strength of rock. Mohammed [37] employed Vipulandan models to
predict mechanical properties, ultimate shear strength of shale rocks,
pulse velocity, and fracture toughness. Parsajoo et al. [38] utilized the
evolutionary adaptive neural inference system method to estimate the
field penetration index of tunnel boring machines in rock masses,
demonstrating its high accuracy. Vipulanandan, Mohammed [39]
developed a new fracture model, termed Vipulanandan, for sandstone,
shale, and limestone, comparing its performance with the Moore-
Columbus fracture model based on statistical criteria, root mean
square error and coefficient of determination values. Li et al. [40]
investigated the impact of stone index tests on predicting the tensile
strength of granite samples using fuzzy neural intelligent systems and
multiple linear regression methods. Hasanipanah et al. [41] predicted
the deformation modulus of rock mass using cascaded feedforward
neural networks (CFNN) with algorithms including Bayesian regulari-
zation (BR), Lunberg-Marquardt (LMA), and scaled conjugate gradient
(SCG), with CFNN-LMA demonstrating superior predictive performance.
Jamei et al. [42] forecasted rock brittleness using a robust evolutionary
programming model and regression-based feature selection, demon-
strating higher accuracy compared to other methods. Fakhri et al. [37],
in their investigation, utilized multiple algorithms to assess and quantify
the fracture toughness of concrete in central straight notched Brazilian
disc (CSNBD) specimens. The resulting model’s performance was
compared against a range of other algorithms (DT, SVR, KNN, and GPR).
Sensitivity analysis of input parameters led to the conclusion that the
sample diameter holds greater significance than other parameters.
Meanwhile, Mahmoodzadeh and colleagues [38] predicted fracture
toughness through the utilization of 12 machine learning models. Their
study revealed that gaussian process regression (GPR) and extreme tree
regression (ETR) models outperformed other methods in terms of
accuracy.

In the context of the aforementioned study, it is pivotal to delve
further into the underlying mechanics of the utilized optimization al-
gorithms – the Gray Wolf Optimization (GWO) algorithm and the
Invasive Weed Optimization (IWO) algorithm. Optimization algorithms,
in general, are computational methods designed to enhance the per-
formance of complex systems by systematically fine-tuning variables or
parameters to achieve the best possible outcome. These algorithms
simulate the process of evolution or natural behaviors, seeking optimal
solutions in diverse problem domainsThe GWO algorithm, drawing
inspiration from the social hierarchy and hunting behavior of gray
wolves, iteratively updates the positions of wolves to approximate
optimal solutions. On the other hand, the IWO algorithm, taking inspi-
ration from the competition and cooperation of invasive plants, mimics
the colonization of resources by iteratively updating the population’s
weed positions to converge towards optimal solutions. The distinct
advantage of employing optimization algorithms, such as GWO and
IWO, lies in their ability to navigate complex solution spaces, often
characterized by multiple variables and intricate relationships, to
identify optimal or near-optimal solutions. Traditional analytical
methods might struggle to address the nonlinear and multifaceted re-
lationships inherent in estimating fracture toughness. Optimization al-
gorithms, however, excel in capturing these intricate patterns and
variations, thereby offering a robust approach to uncertainty quantifi-
cation and prediction.

Based on the findings of published studies employing soft computing
methods, it can be inferred that these approaches offer greater accuracy
compared to traditional methods such as analytical, experimental, nu-
merical, and regression techniques. In the current study, the GWO and
IWO algorithms are employed as crucial tools for estimating the fracture
toughness parameter, KIc, amidst uncertainties. Leveraging the

Fig. 1. Various Displacement Modes of Crack Plates [5].
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capabilities of these algorithms aims to present a more precise and
efficient alternative to conventional methods, which are often time-
consuming, resource-intensive, and constrained in their applicability.
The iterative nature of optimization algorithms enables exploration
across diverse solution spaces, allowing for adaptive refinement towards
optimal outcomes. Thus, the utilization of GWO and IWO facilitates a
powerful synergy between computational efficiency and accuracy,
facilitating KIc estimation while accommodating the inherent variability
and ambiguity in geological parameters. In conclusion, integrating
optimization algorithms like GWO and IWO underscores their effec-
tiveness in addressing the challenge of fracture toughness estimation.
These algorithms, capable of navigating complex solution landscapes
and revealing intricate relationships, represent a promising approach for
managing uncertainty in rock mechanics.

To better grasp the primary aim of the aforementioned study, a
schematic can elucidate its structure. As depicted step-by-step in Fig. 2,
the process begins with the collection of input data necessary for esti-
mating the toughness model of stone structures. In this research, instead
of traditional methods, a sophisticated model of high accuracy is
developed using the intelligent algorithms GWO and IWO. Subse-
quently, the model’s performance is evaluated using statistical criteria
to gauge accuracy and error. Finally, sensitivity analysis is employed to
assess the impact of input parameters on the model, providing insights
into its robustness and effectiveness.

2. An overview of employed intelligent algorithms

2.1. GWO algorithm

Within the realm of optimizing intricate engineering quandaries, the
GWO algorithm, introduced by Mir Jalili et al. in 2014, stands as a novel
and pragmatic method [43]. Guided by the social dynamics of actual
gray wolves, this algorithm embodies a natural hunting mechanism
infused with a structured social hierarchy. This organizational structure
employs four distinct wolf roles omega, alpha, delta, and beta to emulate
a leadership hierarchy, as depicted in Fig. 3. This hierarchy is orches-
trated by a dominant male and female, the alphas, responsible for
decision-making and group management, particularly hunting. The beta
wolves, positioned in the hierarchy’s second tier, assist the alphas and
potentially succeed them in leadership roles. Lastly, the omega wolves
hold the lowest rank, acting as victims and submitting to their dominant

counterparts [43].
Significantly, gray wolves display collaborative hunting behavior

that aligns with their social structure. This collective effort involves
specific stages, including tracking, pursuing, and closing in on prey;
surrounding the prey while diverting its path; and ultimately launching
an attack on the prey [44,43]:

2.1.1. Mathematical formulation of the algorithm
The GWO algorithm’s mathematical underpinnings, essential for

problem optimization through coding within the MATLAB environment,

Fig. 2. Schematic of the step-by-step steps in this research.

Fig. 3. Hierarchical Structure of Group Hunting of Wolves [43].

H. Fattahi et al.



Measurement 238 (2024) 115306

4

delve into the hierarchical behavior, encirclement, and attack stages.

2.1.1.1. Social hierarchy. Mathematical representation of the social hi-
erarchy aligns the best solution with the alpha wolf. Following this, the
second and third solutions are denoted as beta and delta, whereas all
other solutions fall under the omega category. In GWO, the optimization
process, akin to hunting, is coordinated by the alpha, beta, and delta
wolves, with the omega wolves trailing their lead [43].

2.1.1.2. Modeling the encirclement process. The encirclement behavior,
akin to grey wolves’ circling of prey during hunting, is mathematically
formalized through equations (1) and (2), capturing the dynamics of
position vectors and coefficient vectors [43].

D→=

⃒
⃒
⃒
⃒C
→
.X→p(t) − X→(t)

⃒
⃒
⃒
⃒ (1)

X→(t + 1) = X→p(t) − A→.D→ (2)

In the above relationships, A→ and C→ coefficient vectors, t is the repeti-
tion number,X→P hunting position vector and X→ is the position vector of a
gray wolf. The vectors A→ and C→ are calculated as follows [43]:

A→= 2 a→. r→1 − a→ (3)

C→= 2. r→2 (4)

In this context, the component a→ gradually diminishes across iterations,
and random vectors r→1 and r→2 contribute to the calculations. Fig. 4
illustrates the positional dynamics of gray wolves during the hunting
process.

2.1.1.3. Modeling the hunting process. Grey wolves’ hunting behavior is
emulated by the top-ranked beta, alpha, and delta wolves, influencing
the repositioning of other search agents. Equations (5), (6), and (7)
delineate this interplay, steering the movement of wolves toward
optimal positioning [43].

D→α =

⃒
⃒
⃒
⃒C
→

1.X
→

α − X→
⃒
⃒
⃒
⃒, D
→

β =

⃒
⃒
⃒
⃒C
→

2.X
→

β − X→
⃒
⃒
⃒
⃒, D
→

δ =

⃒
⃒
⃒
⃒C
→

3.X
→

δ − X→
⃒
⃒
⃒
⃒ (5)

X→1 = X→α − A→1.(D
→

α), X→2 = X→β − A→2.(D
→

β), X→3 = X→δ − A→3.(D
→

δ) (6)

X→(t + 1) =
X→1 + X→2 + X→3

3
(7)

when prey encirclement is complete, the attack phase commences,
orchestrated by the alpha wolf. Utilizing vector reduction a→, this pro-
cess ensures dynamic fluctuation within defined bounds. Fig. 5 depicts
the influence of alpha, beta, and delta wolves on the positioning of
others.

2.1.1.4. Prey search. For the purpose of determining the positioning of
all wolves, the GWO algorithm uses the positions of alpha, beta, and
delta wolves as reference points. Figuratively, in state ∣A∣<1, the alpha
wolf approaches prey, while in ∣A∣>1, it moves away. This approach
facilitates convergence and divergence during the prey search, as illus-
trated in Fig. 6.

Lastly, Fig. 7 provides an illustrative flowchart capturing the oper-
ational trajectory of the GWO algorithm.

2.2. IWO algorithm

The IWO, introduced by Mehrabian, Lucas [45], stands as an intel-
ligent and interactive optimization technique. This algorithm takes
inspiration from the reproductive process, survival, and adaptability of

Fig. 4. Two-Dimensional and Three-Dimensional Spatial Vectors during Hunting[43].

Fig. 5. Impact of Alpha, Beta, and Delta Wolves on Positioning [43].
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weeds, harnessing their inherent ability to seek optimality, adapt swiftly
to environmental conditions, and thrive in changing surroundings.
Weeds exhibit a distinct phenomenon wherein they initially produce a
multitude of offspring to increase environmental coverage (searching
behavior). As capacity becomes constrained, they transition to
competitive growth, enhancing quality and adaptability (greedy
behavior). In essence, the overarching objective of IWO is to locate the
most conducive life environment. The algorithm operates through a
series of steps outlined below:

2.2.1. Reproduction
Within this optimization framework, each member of the population

generates seeds based on its adaptability. Seed production per plant
varies linearly, spanning from aminimal to a maximal seed count. Plants
with superior adaptation yield a higher number of seeds. The relation-
ship between adaptation and seed production adheres to equation (8):

Seedn =
f − fmin

fmax − fmin
(Smax − Smin)+ Smin (8)

where Seedn represents seed count, f signifies the current weed’s fitness,
fmax and fmin respectively denote the highest and lowest fitness in the
population, and Smax and Smin correspond to the maximum and mini-
mum feasible seed production. Fig. 8 depicts the linear relationship
between adaptation and seed production [45].

Based on Fig. 9, it is evident that higher adaptation yields greater
seed production.

2.2.2. Spatial dispersion
At this juncture, the generated seeds are dispersed randomly across

the multidimensional problem space. Utilizing a normal distribution
function, this dispersion ensures that the seeds grow close to their parent
plants. The standard deviation (σ) of the normal distribution function
gradually decreases from the initial value (σinitial) to the final value
(σfinal) over the course of iterations. The relationship among standard
deviation, iteration count, and nonlinearity index is expressed through
equation (9) [45]:

σiter =
(itermax − iter)n

(itermax)
n (σinitial − σfinal)+ σfinal (9)

Here, itermax refers to the maximum number of iterations, σiter signifies
the standard deviation value at the iteration stage, and nn is the index of
nonlinearity or nonlinear fluctuation. This progressive reduction in
standard deviation leads to a nonlinear decrease in the probability of
seed dispersion to distant regions, fostering the aggregation of suitable
plants and the elimination of unsuitable ones.

Fig. 6. Convergence and Divergence in Attacking and Searching for Prey [43].

Fig. 7. GWO Algorithm Flowchart[43].

Fig. 8. Seed Production Process in a Weed Colony [45].
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2.2.3. Competitive elimination
As the IWO algorithm progresses through several iterations, the

colony’s seed count reaches a maximum due to reproduction. Tomanage
this burgeoning seed population and maintain a desirable maximum
count (Pmax), a competitive elimination mechanism is employed. Seeds
can continue to generate new ones even after reaching Pmax, and sub-
sequently, these new seeds disperse across the problem area. Each seed
is assigned a score, and in the final step, seeds with lower scores are
culled, ensuring the population adheres to the maximum seed count.
These actions are iteratively applied until convergence to the ideal
configuration is achieved. Fig. 10 illustrates the flowchart depicting the
IWO algorithm.

According to the mechanism of GWO and IWO algorithms, the above
algorithms and other optimization algorithms can be used to predict
material parameters[46–48].

3. Chevron Notched Brazilian disk (CCNBD) for crack analysis

The application of the CCNBD sample, depicted in Fig. 11, was
initially introduced by the International Society of Rock Mechanics
(ISRM) in 1995 to gauge the fracture toughness of rock specimens. This
technique has paved the way for the investigation of fracture mecha-
nisms in Mode I, Mode II, and mixed modes [49,50].

Furthermore, as depicted in Fig. 11, the subsequent relationships can
be employed to define dimensionless parameters α0, α1, αB and αS within
the context of ISRM’s CCNBD samples:

α0 = α0/R (10)

α1 = α1/R (11)

αB = B/R (12)

αS = RS/R (13)

Here, R signifies the radius of the disc specimen, B denotes the thickness
of the disc specimen, Rs represents the gap resulting from the chevron
saw’s two-blade cut, α0 represents the initial crack length, α1 signifies
the final crack length, αS indicates the length of the chevron saw gap
(created by a two-blade cut), and P represents the applied pressure on
the CCNBD sample.

It is worth noting that while the two-dimensional strain mode is
commonly used to assess the toughness and fracture behavior of CCNBD
samples, its accuracy may vary across different rock geometries. Prior
studies have recommended confining the rock sample geometry within
the bounds depicted in Fig. 12 to ensure accurate toughness evaluation
for various types of rock [51,12].

The subsequent mathematical formulation elaborates on this
concept:

α1 ≥ 0.4 Line 1 (14)

α1 ≥ αB/2 Line 2 (15)

Fig. 9. Graphical representation of algorithm IWO [45].

Fig. 10. The flowchart depicting the IWO algorithm [45].

Fig. 11. The geometric properties of CCNBD tests [50].

Fig. 12. Outlines the permissible range of values for calculating rock’s KIc in
tests recommended by ISRM [50].

H. Fattahi et al.
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αB ≤ 1.04 Line 3 (16)

α1 ≤ 0.8 Line 4 (17)

αB ≥ 1.1729.(α1)
5/3 Line 5 (18)

αB ≥ 0.44 Line 6 (19)

In scenarios where the fracture process is viewed as linear elastic for
CCNBD rock samples, the expression for KIc, (written as kI) is as follows
[51,52]:

kI =
Pmax

B.
̅̅̅̅
R

√ .Y*
min (20)

In the aforementioned equation, Pmax denotes the maximum pressure
applied to the CCNBD sample. Additionally, the parameter Y*

min is
determined through the following relationship [53,51]:

Y*
min = ueva1 (21)

It’s worth noting that the constants u and v in the above relation are
established based on the values of α0 and αB [54].

4. Input and output data compilation

To establish a robust model using soft computing techniques, a
substantial volume of data encompassing both input and output pa-
rameters (measurements) obtained from CCNBD test specimens, as
recommended by ISRM, is essential. Achieving this necessitated the
integration of numerical modeling findings with laboratory experiments
conducted in previous studies [54–59]. It’s worth noting that, due to the
inherent uncertainty in rock parameter properties, researchers and
preceding studies have diligently undertaken numerous modeling and
laboratory tests to encompass the variability of rock parameter values.
Consequently, this study leveraged a dataset comprising 88 data points,
amalgamating numerical modeling outcomes (utilizing PFC3D software)
and laboratory test results (experimental observations) for CCNBD test
specimens as outlined by ISRM.

The considered input parameters within this study encompass uni-
axial tensile strength (σt in MPa), initial crack length (α0), radius of the
disc specimen (R in mm), crack length (αB), disc specimen thickness (B in
mm), and final crack length (α1). Furthermore, the prediction and
output of the model center around the KIc of rock structures. For con-
venience, Table 1 provides a snapshot of the input and output data
pertaining to the aforementioned parameters [54–59].

Moving forward, Table 2 furnishes a comprehensive portrayal of
statistical information encompassing maximum, minimum, standard
deviation, average, and range.

To graphically capture the descriptive statistics of input and output
data, a three-dimensional histogram chart coupled with a normal

distribution function can be depicted, exemplified in Fig. 13.
To facilitate a more insightful analysis of the input and output data,

exploring their correlation proves to be immensely informative. A pos-
itive correlation signifies a direct relationship between input and output
data, whereas a negative correlation indicates an inverse relationship. A
correlation nearing 1 denotes a robust correlation, and conversely, when
it approaches 0, the correlation is weak. Understanding the interplay of
correlations significantly enhances the modeling process. Within this
context, Fig. 14 visually displays the correlation among input and output
parameters across the 88 data points. This Figure presents the correla-
tion analysis among the input and output parameters for the 88 data
points. The analysis reveals the following key insights:

1. High Correlation Between Inputs:
o The correlation between the input parameters R (radius) and B
(thickness) is notably high at 0.87, indicating a strong positive
relationship.

o Conversely, the correlation between B and σt (tensile strength) is
the lowest among input parameters at 0.09, suggesting a weak
relationship.

2. Correlation Between Inputs and Output:
o The parameter σt shows a relatively high correlation with KIc
(fracture toughness) at 0.61, highlighting its significant impact on
the output.

o On the other hand, the parameter R exhibits a low correlation with
KIc at 0.08, indicating a minor influence.

These correlations underscore the varying degrees of influence
different parameters have on fracture toughness, which is critical for
refining predictive models using GWO and IWO algorithms.

In a broader context, the array of input parameters sets the stage for
elucidating the principal objective of this study through a progressive
narrative. The crux of this research lies in its assertion that the accurate
prediction and assessment of rock structure’s KIc can be realized through
the utilization of two algorithms, namely GWO and IWO. To depict this
endeavor holistically, Fig. 15 outlines the overarching architecture of
the modeling process.

5. Prediction of rock structure KIc using GWO and IWO
algorithms

As previously mentioned, the inherent disparities in rock parameter
properties and values at distinct locations make the use of direct tech-
niques like laboratory or field tests laborious, time-consuming, and
expensive due to the requisite extensive testing at each point. Moreover,
these methods necessitate specialized laboratory equipment and facil-
ities, intensifying the complexity of the work. To mitigate these chal-
lenges, alternative approaches such as regression, numerical,
experimental, and analytical methods have been employed. However,
the intricate and uncertain nature of rock engineering issues often ren-
ders the application of these indirect methods imprecise. In light of these
limitations, this study employs the GWO and IWO algorithms, developed
methods, to forecast and assess the KIc of rock structures.

With reference to the database section, 88 data points were utilized
for this modeling endeavor. Model construction and validation entail the
random partitioning of input and output data into two subsets: training
and testing. During the training phase, 80 % of the data (70 data points)
is utilized to create the relationship using the GWO and IWO algorithms.
The remaining 20 % (18 data points) is reserved for model evaluation
and verification.

In data-driven modeling techniques, preprocessing of raw data (train
and test data) typically involves normalization between 0 and 1 to
eliminate outliers and ensure suitability for modeling. The normaliza-
tion process is executed using Equation (22), resulting in data within the
range of 0 to 1. In this equation, Xn signifies normalized data values, Xmea
denotes actual raw data values, Xmax represents the maximum data, and

Table 1
A Subset of Inputs and Output Data [50].

No. Inputs Output

σt
(MPa)

α0 R
(mm)

αB B
(mm)

α1 KIc
(MPa.√m)

1 13.2 0.297 24.9 0.794 19.76 0.723 1.4
2 13.2 0.321 24.9 0.788 19.62 0.727 1.63
3 13.2 0.273 24.9 0.795 19.8 0.719 1.44
4 13.2 0.249 24.9 0.788 19.62 0.715 1.69
5 13.2 0.361 24.9 0.795 19.8 0.735 1.47
6 13.2 0.289 24.9 0.806 20.06 0.727 1.71
7 13.2 0.333 50.1 0.798 40 0.725 1.73
8 13.2 0.253 50.1 0.798 40 0.715 1.59
9 13.2 0.253 50.1 0.798 40 0.715 1.72
10 13.2 0.222 50.1 0.798 40 0.709 1.71

H. Fattahi et al.
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Table 2
Comprehensive Statistical Description of Inputs and Output Data.

Type Parameters Minimum Maximum Mean Range Std. Deviation

Inputs σt (MPa) 4.60 16.10 10.3511 11.5 5.11345
α0 0.211 0.393 0.2693 0.18 0.03324
R (mm) 24.90 75.25 42.1088 50.35 13.08190
αB 0.545 0.8575 0.7201 0.31 0.09959
B (mm) 17.88 60 29.9609 42.12 9.73261
α1 0.604 0.742 0.6792 0.14 0.04369

Output KIc (MPa.√m) 0.4905 3.325 1.4734 2.83 0.71771

Fig. 13. Histogram Chart Depicting Data Distribution.
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Xmin signifies the minimum data.

Xn = [(Xmea − Xmin)/(Xmax − Xmin)] (22)

Upon normalizing the training and test data, the estimation of rock
structure KIc through GWO and IWO optimization algorithms necessi-
tates the derivation of two identical nonlinear equations using MATLAB
software:

kIc(Mpa.
̅̅̅̅
m

√
) = w1σt(Mpa)w2 × exp(w3R(mm)

w4 ) − exp(w5B(mm)
w6 )

− (w7exp(αw8
B ))/2− (exp(w9α0)

2
)/2 − w10exp(αw11

3 ) − w12

(23)

Where wi are weighting variables attributed to input parameters,

estimated by GWO and IWO algorithms. Equation (23) was established
through trial and error as the optimal means of estimating the KIc of rock
structures. This relationship embodies the most appropriate model for
the data, demonstrating minimal error and maximal accuracy. To
quantify the performance of the constructed relationship (model), the
performance function is defined as:

F(v) =
∑m

i=1
(Ymea − Ypre)

2 (24)

Here, Ymea and Ypre represent actual and estimated KIc values of rock
structures, respectively, and mm stands for the number of observations.

It is noteworthy that achieving a highly accurate relationship with
minimal error for KIc estimation involves fine-tuning adjustment

Fig. 14. Visualizing Correlation between Input and Output Data.

Fig. 15. Visual Representation of the General Modeling Architecture.
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parameters. These parameters are user-adjusted through iterative trial
and error in both GWO and IWO algorithms. The specific tuning
parameter values for both algorithms are presented in Table 3.

After establishing the relationship and configuring parameters, pre-
diction coefficients for relationship 8 (to estimate KIc of rock structures)
are obtained for both GWO and IWO algorithms using MATLAB soft-
ware:

6. Models verification and validation

The assessment and substantiation of the relationships yielded by the
GWO and IWO algorithms involved the utilization of key statistical in-
dicators, namely R2, MSE, RMSE and MAE. In the context of Equations
(27) to (29), these metrics are defined with Ymea representing actual
values, Ypre representing predicted values, and n signifying the number
of data points.

R2 = 1 −
∑n

k=1(Ymea − Ypre)
2

∑n
k=1Y2

mea −

∑n
i=1

Y2
pre

n

(27)

MSE =
1
n
∑n

i=1
(Ymea − Ypre)

2 (28)

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
n
∑n

i=1
(Ymea − Ypre)

2

√

(29)

MAE =
1
n
∑n

i=1

⃒
⃒Ymea − Ypre

⃒
⃒

In this context, the proximity of MSE, RMSE and MAE values to zero and
the approach of the R2 value to 1 reflect the precision of the predictive
model [60–67]. A model exhibiting such characteristics is deemed an
optimal and close-to-reality representation. The computed values of R2,
MSE, RMSE andMAE for the constructed models, facilitated by the GWO
and IWO algorithms, were obtained during the training and testing
phases, as documented in Table 4.

The discernible insight from Table 4 underscores the notably accu-
rate nature of the KIc prediction achieved through the GWO and IWO
algorithms, with minimal error. To elucidate this point more effectively,
Figs. 16 and 17 offer a visual comparison between actual and algorithm-
predicted values for both GWO and IWO methods across training and
testing phases.

Figs. 16 and 17 distinctly reveal a significant overlap between actual
data and the model-predicted values, denoting minimal disparities. This
observation implies a close alignment between actual point-to-point
values, obtained from field and laboratory tests, and those predicted
by the model. As such, the predictive model proves to be a valuable
indirect tool for estimating KIc values of rock structures under analogous
geological conditions. This model’s applicability extends to other case

studies with similar and identical geological settings.

7. Sensitivity analysis

When it comes to gaining a full understanding of how changes in

Table 3
The values of the setting parameters of GWO and IWO algorithms.

Algorithm Parameters Value

GWO Maximum iterations 3500
Population number 100

IWO Maximum iterations 3000
Variance reduction exponent 8
Initial value of standard deviation 1.5
Final value of standard deviation 0.05
Initial population size 15
Minimum number of seeds 0
Maximum population size 100
maximum number of seeds 25

Table 4
Validation of Prediction Models Utilizing GWO and IWO Optimization
Algorithms.

Algorithm Description R2 MSE RMSE MAE

GWO Training
Testing

0.9267
0.9767

0.00471
0.00224

0.06867
0.04734

0.001731
0.00705

IWO Training
Testing

0.9175
0.9712

0.00532
0.00230

0.07298
0.04800

0.00701
0.004816

Fig. 16. Comparative analysis of real and GWO-predicted KIc data: (a) Training
phase, (b) Testing phase.

kIc(Mpa.
̅̅̅̅
m

√
) = 2.3185σt(Mpa)5.2911 × exp(− 0.4138R(mm)

- 0.7515
) − exp( - 1.5953B(mm)

- 6.9052
)

− (0.354exp(α9.6357
B ))/2− (exp( - 0.3424α0)

2
)/2 − ( - 0.0807exp(α5.5595

3 )) − 0.6872
(25)

kIc(Mpa.
̅̅̅̅
m

√
) = 6.8092σt(Mpa)6.9286 × exp( - 1.186R(mm)

- 0.4563
) − exp( - 5.8037B(mm)

- 0.7251
)

− ( - 0.3911exp(α9.5657
B ))/2− (exp( - 0.1127α0)

2
)/2 − ( - 0.062exp(α7.1629

3 )) − 7.1629
(26)
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input parameters effect the output of a model or system, sensitivity
analysis (SA) is a potent technique that is utilized in a variety of scien-
tific and technical areas. It provides valuable insights into the relative
significance of individual variables, shedding light on their contribu-
tions to the overall behavior of the system. By systematically varying one
or more input parameters while keeping others constant, SA helps reveal
which factors have the most pronounced influence and which ones
exhibit more subtle effects.

In the context of the KIc prediction model for rock structures, SA
plays a critical role in unraveling the intricacies of the relationships

between different input parameters and the resultant KIc values. This
analysis enables researchers and engineers to quantify the degree of
responsiveness of the model’s output to variations in each input
parameter. It also allows the identification of parameters that play a
dominant role in shaping the model’s outcomes and those that might
have a more subdued influence.

Returning to the discussion of our study, SA was meticulously con-
ducted on the KIc prediction model developed using the GWO and IWO
algorithms. The purpose was to delve into the specific effects of the input
parameters, namely σt, α0, R, αB, B, and α1, on the accuracy of the

Fig. 17. Comparative analysis of real and IWO-predicted KIc data: (a) Training phase, (b) Testing phase.

Fig. 18. SA outcomes for the model developed using the GWO algorithm.
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predicted KIc values. By utilizing the @RISK software, the endeavor
aimed to unveil the pivotal determinants that wield a prominent influ-
ence over the model’s outcomes, while also identifying those parameters
that exert a more nuanced effect.

The outcomes of this SA are vividly illustrated in Figs. 18 and 19,
showcasing the distinct impact of each parameter on the model’s pre-
dictions for both the GWO and IWO algorithm-based models. Intrigu-
ingly, these visual representations highlight the σt parameter as a pivotal
determinant of the KIc predictions. The fluctuations and changes in the
value of this parameter lead to substantial variations in the predicted KIc
values, underscoring its significance in governing the overall behavior of
the model. Fig. 18 provides an insightful view of the SA results for the
model developed using the GWO algorithm, while Fig. 19 offers a par-
allel depiction for the model created with the IWO algorithm. In both
cases, the uniaxial compressive strength parameter emerges as a prom-
inent influencer, reinforcing the importance of its accurate determina-
tion and emphasizing the need for precise measurements of this
parameter in practical applications. According to the results, if the value
of the σt parameter in equations (25) and (26) changes, even if small,
effective changes will occur on the σt output. In other words, geotech-
nical and mining engineers should pay more attention and focus on
uniaxial compressive strength. Hence, by leveraging SA, researchers and
engineers not only enhance their comprehension of the complex inter-
play between input parameters and model output but also gain invalu-
able guidance for refining and optimizing predictive models, ensuring
their reliability and effectiveness in real-world scenarios.

8. Research limitations and recommendations for future
research

This study primarily focused on predicting the fracture toughness
parameter KIc of rock structures based on appearance parameters,
cracks, and uniaxial compressive strength. It is important to acknowl-
edge that additional factors, such as geological and geotechnical rock
parameters and other laboratory tests like direct and indirect tensile
stress and bending stress, warrant future investigation. In terms of
modeling, further research could employ other soft computing methods,
including advanced machine learning and intelligent algorithms, to
optimize the estimation of fracture toughness for rock structures and
compare these methods with the GWO and IWO algorithms. This would
allow for a comprehensive evaluation of the suitability of various opti-
mization algorithms for predicting fracture toughness. To enhance the
efficiency of soft computing methods, it is advisable for future studies to
integrate traditional methods, such as numerical approaches, analytical,
and experimental, to compare and validate the results. One limitation of
the current method is that the developed relationship is specific to the
study area. If the geotechnical and geometric parameters of other case
studies are similar or close to those used in this research, the constructed

relationship may be applicable. However, if the input parameters differ
significantly, a new model must be developed for the new study area.
Another limitation is the requirement for proficiency in coding. Engi-
neers and practitioners must be proficient in coding to avoid errors
during implementation. If they lack coding skills, these methods may not
be recommended due to the high risk of errors.Additionally, soft
computing methods require extensive data for effective algorithm
training. If the dataset is limited, the efficiency of these methods de-
creases, and the results may not be reliable.

9. Discussion and conclusions

In the realm of engineering, particularly concerning rock structures,
a comprehensive understanding of stability, crack propagation, and
failure mechanisms is paramount to mitigating potential risks and
financial losses. Accurate prediction and estimation of KIc are crucial to
achieving this objective. The inherent complexities and uncertainties
associated with these challenges necessitate sophisticated methodolo-
gies capable of encompassing the intricate interplay of various geolog-
ical parameters. While direct methods (such as laboratory and field
tests) and indirect methods (including experimental, analytical, regres-
sion, and numerical techniques) are available, the inherent uncertainties
in rock parameters demand innovative solutions that transcend con-
ventional practices.

In light of these considerations, this study harnesses the potential of
advanced indirect methods, with a particular focus on the GWO and
IWO algorithms within the realm of soft computing. Soft computing
techniques offer a distinct advantage by harnessing computational
power to navigate the complex landscape of geological uncertainties. An
inherent benefit of suchmethodologies is their ability to deliver accurate
predictions while optimizing resource utilization. Leveraging these
strengths, the research primarily centers on analyzing CCNBD samples, a
common choice in laboratory investigations. The study encompasses a
comprehensive set of input parameters, including σt, α0, R, αB, B and α1.
The development of the prediction model involves using a comprehen-
sive dataset comprising 88 data points, subjected to the advanced GWO
and IWO algorithms. Within this dataset, 70 data points are dedicated to
meticulous model calibration, while the remaining 18 data points serve
as a validation set. The validation process, a critical aspect of any pre-
dictive model, involves the application of robust statistical metrics,
including R2, MSE, RMSE, and MAE. The outcomes unequivocally affirm
the effectiveness of the GWO and IWO algorithms, with the model
demonstrating a high degree of alignment between projected and actual
values, along with minimal error margins.

Moreover, the study delves into the realm of sensitivity analysis,
shedding light on the influence of input parameters in KIc estimation.
Utilizing the @RISK software, the analysis identifies σtσt as the
parameter exerting the most substantial influence on the model’s

Fig. 19. SA outcomes for the model developed using the IWO algorithm.
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output. This finding underscores the sensitivity of the relationship to
variations in σtσt, highlighting its pivotal role in shaping the model’s
predictions. From the consequences and results of this research, it is
evident that since all variable values of input parameters have been
investigated in Moore’s analysis, measures can be taken to prevent
growth and cracking in concrete structures. These methodologies not
only alleviate the challenges faced by engineers and craftsmen but also
ensure that projects are executed with precision and adherence to
timelines. The cost-effectiveness and adaptability of intelligent methods
make them an appealing alternative, particularly when tackling intri-
cate and multifaceted rock engineering challenges. These methodologies
empower engineers to navigate complex and critical scenarios with
unparalleled accuracy and efficacy, transcending the limitations of
traditional approaches. The use of advanced optimization algorithms
like GWO and IWO enhances the reliability of predictions, minimizes the
risk of expensive errors, and ensures the safety and stability of
geotechnical projects. Moreover, the limit state function proposed in this
study can be adapted to various regions by incorporating local geolog-
ical and geotechnical conditions, thereby increasing the practical sig-
nificance of the developed models. Consequently, the research
highlights the effectiveness of GWO and IWO in accurately predicting
KIc. These intelligent methods provide substantial improvements in ac-
curacy and efficiency over traditional approaches, offering a dependable
tool for KIc estimation that helps refine design and construction practices
in geotechnical engineering.
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