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ABSTRACT

Blast-induced ground vibration, quantified by peak particle velocity (PPV), is a crucial factor in miti-
gating environmental and structural risks in mining and geotechnical engineering. Accurate PPV pre-
diction facilitates safer and more sustainable blasting operations by minimizing adverse impacts and
ensuring regulatory compliance. This study presents an advanced predictive framework integrating
CatBoost (CB) with nature-inspired optimization algorithms, including the Bat Algorithm (BAT), Sparrow
Search Algorithm (SSA), Butterfly Optimization Algorithm (BOA), and Grasshopper Optimization Algo-
rithm (GOA). A comprehensive dataset from the Sarcheshmeh Copper Mine in Iran was utilized to
develop and evaluate these models using key performance metrics such as the Index of Agreement
(IoA), Nash-Sutcliffe Efficiency (NSE), and the coefficient of determination (R?). The hybrid CB-BOA
model outperformed other approaches, achieving the highest accuracy (R?* = 0.989) and the lowest
prediction errors. SHAP analysis identified Distance (Di) as the most influential variable affecting PPV,
while uncertainty analysis confirmed CB-BOA as the most reliable model, featuring the narrowest
prediction interval. These findings highlight the effectiveness of hybrid machine learning models in
refining PPV predictions, contributing to improved blast design strategies, enhanced structural safety,

and reduced environmental impacts in mining and geotechnical engineering.
© 2025 China Ordnance Society. Publishing services by Elsevier B.V. on behalf of KeAi Communications
Co. Ltd. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/
licenses/by-nc-nd/4.0/).

1. Introduction

contribute to fragmentation, leading to unintended environmental
impacts [2,3]. Research indicates that only about 30% of the energy

Blasting operations in mining and civil engineering are crucial
for rock fragmentation, which facilitates subsequent processes like
loading, transportation, and excavation [1]. However, while
blasting is an effective technique for breaking down rock masses, it
also generates significant amounts of energy that do not
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from an explosion is actually used for breaking rock, while the
remaining energy results in environmental disturbances such as
ground vibration, fly rock, and back break [4]. Among these,
ground vibration (GV) is particularly concerning due to its poten-
tial to cause severe damage to nearby structures, compromise the
stability of slopes and benches in open-pit mines, and threaten
groundwater and other critical infrastructure [5].

The severity of ground vibrations produced during blasting is
affected by various factors, including the type and quantity of
explosives, the properties of the rock, the distance from the blast
site, and the specific design parameters of the blast [6,7]. These
vibrations can lead to significant environmental and structural
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challenges, including damage to buildings, destabilization of
mining slopes, and harmful effects on vegetation and surrounding
communities. As a result, predicting and controlling GV has
become a central focus of research, leading to the development of
numerous experimental, statistical, and computational methods
aimed at mitigating these effects [8,9]. Among the various in-
dicators of blast-induced vibrations, peak particle velocity (PPV) is
the most widely used metric, serving as a key measure of the
potential damage that ground vibrations (GV) can cause [10,11].
Accurate prediction of PPV is critical for ensuring safety and
minimizing the adverse impacts of blasting operations. Traditional
approaches to predicting PPV typically rely on empirical formulas
derived from regression analysis of vibration data. However, these
methods can be limited by site-specific factors, such as rock mass
properties and terrain characteristics, leading to discrepancies
between predicted and actual vibration levels [12,13].

Recent advancements in artificial intelligence (Al) and machine
learning (ML) have revolutionized the prediction of blast-induced
vibrations, particularly in estimating PPV. These methods offer
significant advantages, including higher accuracy, the ability to
incorporate diverse rock properties and blasting parameters, cost-
effectiveness, and time efficiency. As Al technologies and compu-
tational power continue to evolve, increasingly sophisticated
models are being developed, providing a deeper understanding of
the complex interactions that influence blasting outcomes [14-17].
The integration of Al into blasting engineering research has thus
become a focal point, leading to more robust and adaptable solu-
tions for mitigating the environmental impacts of blasting
operations.

Nguyen et al. [18] combined an earthworm optimization algo-
rithm with a neuro-fuzzy system for PPV prediction, demon-
strating its effectiveness. Additionally, Bui et al. [6] employed a
neuro-fuzzy system optimized with a flame optimization algo-
rithm for the same purpose, and their results confirmed its accu-
racy. The use of neural networks (NNs) has also been highlighted
by many scholars, particularly when combined with optimization
algorithms. For instance, Zhao et al. [19] predicted PPV using a
combination of NN and chaos game optimization, and their results
confirmed the efficacy of this hybrid approach. In another study,
Hosseini et al. [13] applied extreme gradient boosting (XGBoost)
and NN for PPV prediction, with their findings showing that
XGBoost achieved higher accuracy.

Nguyen et al. [20,21] have developed several Al-based methods
for prediction in this field. For example, they combined two Al
methods—extreme learning machine (ELM) and self-organizing
NN—with optimization algorithms for predicting PPV. Their
studies tested various algorithms and ultimately demonstrated the
effectiveness of sparrow search optimization and manta ray
foraging optimization algorithms, respectively. In another study,
they optimized NN using a hunger games search optimization for
PPV prediction [20]. Additionally, they employed a deep neural
network (DNN) and combined it with different algorithms to
enhance the performance of individual models [22]. According to
their results, the combination of the Harris hawks algorithm and
DNN showed the best performance in PPV prediction.

In the present study, CatBoost (CB)-based models were devel-
oped to predict PPV, leveraging the advantages of CB such as its
ability to handle categorical data efficiently, robustness to over-
fitting, and superior performance with imbalanced datasets. CB's
gradient boosting mechanism also ensures faster convergence and
enhanced accuracy compared to traditional ML models. To further
optimize CB's predictive performance, four nature-inspired met-
aheuristic algorithms were integrated: Grasshopper Optimization
Algorithm (GOA), Sparrow Search Algorithm (SSA), Bat Algorithm
(BAT), and Butterfly Optimization Algorithm (BOA). These
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algorithms were chosen based on several key considerations:

(i) Their diverse exploration-exploitation strategies, which are
critical for effectively navigating complex, high-dimensional
search spaces during hyperparameter tuning.

(ii) Their demonstrated robustness and efficiency in addressing
nonlinear and stochastic optimization problems across
various engineering and scientific applications.

(iii) Their population-based structure, which is well-suited to
global optimization tasks like tuning the parameters of
machine learning models such as CB.

Moreover, to the best of our knowledge, these algorithms have
not previously been applied in the context of predicting blast-
induced ground vibrations, particularly PPV. Thus, their use in
this study represents a novel methodological contribution. The
integration of these optimization algorithms with CB offers a new
modeling framework aimed at improving the reliability and ac-
curacy of PPV prediction in geotechnical and mining engineering
practices.

2. Field investigation

The Sarcheshmeh Copper Mine in Kerman, Iran, ranks among
the largest copper deposits in the world, with an estimated reserve
of 1.7 billion tons (Fig. 1). The mine annually produces approxi-
mately 25 million tons of ore and 35 million tons of waste. Its
operational layout includes 12.5 m-high benches with widths of
8.75 m, interspersed with wider benches of 23.75 m every four
levels. The final wall slopes range between 34° and 36°, and mine
roads are 30 m wide with an 8% slope. Located 160 km southwest
of Kerman, the mine sits at an elevation of 2500 m above sea level
and is subject to a cold desert climate, with average yearly pre-
cipitation of 550 mm. Temperature fluctuations range from —15 °C
in winter to 32 °C in summer. Geological assessments indicate that
the deposit contains over 1.2 billion tons of sulfuric copper ore
with a 0.7% average grade, underlain by Eocene volcanic rocks,
such as trachybasalt and andesite. Blasting operations rely on
ANFO explosives and a staggered blast pattern, tackling common
challenges like ground vibration, air blasts, and fly rock.

To evaluate the PPV, 111 blast events were monitored, with
several key parameters measured, including the number of holes
per delay (NHD), burden (B), spacing (S), number of rows (NR),
powder factor (PF), ANFO charge weight (W), and point load index
(PLI). The distance (Di) between the monitoring station and the
blast point was determined using GPS. These eight parameters
were utilized as input variables for predicting and assessing the
PPV. The PPV values themselves were recorded by a calibrated
seismograph installed at the monitoring station.

The selection of these input variables was informed by both
engineering experience and theoretical foundations rooted in
stress wave propagation. Specifically, B, S, and NR directly affect
the distribution and reflection of stress waves within the rock
mass. W and PF influence the magnitude and energy of the ex-
plosion, which are primary sources of ground vibration. The PLI
provides a proxy for the rock's mechanical resistance to stress
wave transmission. The NHD affects the simultaneous release of
energy, and the Di governs attenuation effects, where PPV typically
decreases with increasing distance due to energy dispersion. This
combination of variables was chosen to capture both the source-
related and path-related characteristics of blast-induced ground
vibrations, enabling more robust and realistic predictive modeling.

The descriptive statistics of all the parameters are presented in
Table 1. The data summarizes the minimum, maximum, quartiles,
median, mean, and standard deviation values observed across 111
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Fig. 1. A view of Sarcheshmeh Copper Mine [23].

blast events.

The violin plots for all parameters provide a comprehensive
visual representation of the data distribution across the measured
variables, including NHD, B, S, NR, PF, W, PLI, Di, and PPV, as shown
in Fig. 2. These plots reveal not only the central tendency but also
the distribution shape, variability, and presence of any potential
outliers. In other words, the violin plots highlight the diversity
within the dataset, with several parameters exhibiting skewness
or bimodal distributions. These visualizations complement the
descriptive statistics by offering deeper insights into the under-
lying patterns and variability across the measured parameters. The
following observations can be made for each parameter based on
Fig. 2:

e B: The distribution shows a wide spread with a relatively
symmetrical distribution around the median. Clustering
around the upper quartiles suggests that higher B values are
more common in the dataset.

e S: Exhibits a bimodal distribution, indicating two distinct
groups of values. The narrow range between the 25th and 75th
percentiles show limited variation in S for most events.

e NHD: Displays a wider distribution with a long tail toward
higher values, reflecting variability in NHD. There is a slight
skewness towards larger values, suggesting that higher NHD
occurrences are less frequent but still present.

e NR: The concentration of data around the middle quartiles with
tapering on both sides suggests that NR clusters around a
central range, with fewer extreme values.

e PF: Shows a moderately wide distribution with a slight right
skewness. Most values are concentrated around the media,
with a gradual decrease toward higher PF values.

e W: Exhibits a uniform distribution with a long tail on the higher
end, indicating that larger charge weights are less frequent. The
large interquartile range (IQR) suggests variability in charge
weights across blasts.

PLI: Displays a significantly narrower distribution compared to
other parameters, indicating lower variability in rock strength
values, with most data points falling within a narrow range,
suggesting consistency in the rock's load-bearing capacity.

Di: The distribution shows a widespread, with measurements
concentrated in the lower to mid-range distances. Higher dis-
tances are less frequent.

e PPV: The distribution is slightly skewed towards lower values,
indicating that most blast-induced vibrations measured fall in
the lower range, with few instances of higher PPV values. This is
typical of blast events, where excessive vibration is uncommon.

Fig. 3 presents the Pearson correlation coefficient matrix,
illustrating the relationships between the inputs and PPV. The
correlation coefficients span from —1 to 1, with values approaching
1 signifying a strong positive correlation, while those nearing —1
represent a strong negative correlation. As shown in the heatmap,
Di has the most substantial negative correlation with PPV
(—0.63911), implying that an increase in distance leads to a sig-
nificant decrease in PPV. Additionally, PF and NR show negative
correlations with PPV, although these correlations are less pro-
nounced compared to Di. Conversely, parameters such as NHD and
PLI exhibit weak or minimal correlations with PPV, suggesting that
these variables have a limited impact on the fluctuations of PPV.
The overall weak negative or near-zero correlations of other pa-
rameters indicate that their influence on PPV prediction is rela-
tively small compared to Di. These findings highlight Di as the
dominant factor affecting PPV in blasting operations, with other
input variables playing more secondary roles in influencing the
outcome.

In comparing the results of the sensitivity analysis with the
Pearson correlation analysis, there are some interesting patterns
regarding the influence of input parameters on PPV.

The sensitivity analysis using the R;; index ranks PLI as the most
influential factor on PPV with a value of 0.791, followed by PF, B, S,
NHD, and others. In contrast, Di is identified as the least influential

Table 1
Descriptive statistics of all parameters employed in this study.
Statistic NHD B/m S/m NR PF/(kg-m~3) W/kg PLI Di/m PPV/(mm-s~!)
Minimum 6.000 3.000 4.000 2.000 0.116 1332 1.000 133.020 1.604
Maximum 32.000 7.500 11.000 7.000 0.226 10985 8.900 2845.020 42.530
1st Quartile 10.500 7.500 9.500 3.000 0.164 4318 7.160 626.440 4.303
Median 13.000 7.500 10.000 4.000 0.167 5122 7.470 934.940 6.403
3rd Quartile 16.000 7.500 10.500 5.000 0.180 7525 7.740 1333.620 9.207
Mean 14.441 7.050 9.369 4.027 0.171 5742.982 7.485 1050.579 7.702
St. deviation 5.579 1.134 1.724 1.179 0.020 2295.716 1.095 568.954 5.803
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Fig. 2. Violin plots for all parameters employed in this study.

factor in the sensitivity analysis. However, the Pearson correlation
matrix provides a somewhat different perspective. While PLI
shows a relatively weak correlation with PPV (R = 0.00269), Di
exhibits a stronger negative correlation with PPV (-0.63911),
suggesting that the distance between the blast and the measure-
ment point significantly affects PPV, in contrast to its minimal
impact according to the sensitivity analysis.

This discrepancy between the sensitivity analysis and the cor-
relation matrix could be due to the different methodologies used.
The sensitivity analysis focuses on the overall effect of the pa-
rameters on the prediction model, while the Pearson correlation
captures the linear relationships between the variables. Thus,
while PLI may be more critical to the prediction model's perfor-
mance, Di plays a crucial role in directly affecting the PPV values,
as indicated by the correlation analysis. These complementary
insights emphasize that multiple approaches are essential for
understanding the complex relationships between input parame-
ters and PPV in blasting operations.

3. Methods

In the present study, the CB methods is integrated with four
optimization algorithms including GOA, BAT, BOA, and SSA. In the
following sections the aforementioned method and algorithms are
briefly explained.

35
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CB (Categorical Boosting) is a ML algorithm based on gradient
boosting over decision trees, specifically designed to handle cat-
egorical features efficiently [24]. Unlike traditional tree-based
methods, CB requires minimal data preprocessing, such as con-
verting categorical data into numerical forms, making it highly
efficient for datasets with numerous categorical features [25]. It
operates by iteratively constructing decision trees to minimize the
prediction error. The boosting process refines each tree by learning
from the errors made by the previous tree, improving prediction
accuracy over time [26].

One of the significant advantages of CB is its ability to handle
noisy data, overfitting, and high-cardinality categorical features. It
also offers computational efficiency, making it suitable for large-
scale datasets [27,28]. The key control parameters in CB include
the learning rate, depth of the trees, number of iterations, and
regularization parameters to avoid overfitting [29]. Equation for
updating the model's weights during training:

Fin(X) = Fn_1(X) + rhm(x) (1)
where Fpy(x) is the prediction at the m-th iteration, hyy(x) is the
weak learner (decision tree), and y is the learning rate [24]. Fig. 4
presents a diagram of CB structure.
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Fig. 3. Heatmap illustrating the relationships between the input parameters and PPV.
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Fig. 4. A diagram of CB structure [30].

3.2. GOA

The GOA is inspired by the swarming behavior of grasshoppers,
mimicking how they move between exploration and exploitation
[31]. The main idea is to search globally for the optimal solution in
the early stages and then refine the search locally as the solution
converges [32,33]. Grasshoppers move in a multi-dimensional
search space, adjusting their positions based on their distance
from neighbors and global attractors.

GOA's strengths lie in its robust ability to balance exploration
and exploitation, avoiding local optima while converging on a
global solution [34]. Its key control parameters include the number
of grasshoppers, the decreasing factor for step size, and the
number of iterations [31,35].

Equation for grasshopper position update:

o dy
d|

Xj=S ri—e| +T

(2)

=l

where X; is the position of the i-th grasshopper, d;; is the distance
between grasshoppers, and T is the target position [31]. Fig. 5 il-
lustrates the behavior of grasshoppers in the GOA, showing the
balance between attraction and repulsion forces. Grasshoppers
outside the "comfort zone" are attracted toward others (green
arrows), while those insides are repelled (yellow arrows), main-
taining a dynamic equilibrium essential for the optimization pro-
cess [36].

3.3. BAT

The BAT is a metaheuristic optimization algorithm inspired by
the echolocation behavior of bats [37]. Bats emit sound pulses and

36
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use the echoes to detect objects and prey, which is analogous to
the search for optimal solutions in a problem space. BAT balances
exploration and exploitation by adjusting the frequency, loudness,
and pulse rate of the bats based on their proximity to the target
solution [38].

BAT's advantages include simplicity, flexibility, and strong
convergence capabilities in both continuous and discrete optimi-
zation problems [39]. The key control parameters include fre-
quency (f), pulse rate (r), loudness (A), and velocity (v) [37].
Equation for velocity and position updates:

v =t + (X — Xe) f; (3)

Xit+] :Xit + Ul_[‘+1 (4)
where y; is the velocity, X; is the position, f; is the frequency, and X,
is the global best position [4].

3.4. BOA

The BOA is inspired by the foraging behavior of butterflies,
utilizing their sense of smell to locate the most promising flowers
(solutions) [40]. The search process involves a balance between
local exploitation and global exploration, with butterflies attracted
to global best solutions while maintaining diversity through
random movements [41]. BOA's key strength is its ability to
converge quickly while maintaining solution diversity to avoid
local optima. Control parameters include sensory modality, stim-
ulus intensity, and switching probability [40]. Equation for
movement update:

X =X+ C I (Xg — X)) (5)
where [ is the stimulus intensity, C is the modality, and X is the
global best position [40].

3.5. SSA

The SSA is a population-based optimization technique inspired
by the foraging and anti-predator behavior of sparrows [42]. In
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SSA, sparrows either search for food (exploration) or guard against
predators (exploitation). A portion of the population (scouts)
searches for new areas, while the remaining population exploits
known areas [43]. SSA's advantage lies in its ability to efficiently
balance exploration and exploitation through adaptive behavior,
making it highly effective for complex optimization tasks. Key
control parameters include the number of sparrows, the vigilance
rate, and the number of iterations [42]. Equation for position
update:

X =X+ v (Xpest — Xi) (6)
where X; is the position of the i-th sparrow, and X, is the best
solution found [42]. Fig. 6 explains the SSA, where sparrows are
categorized as producers (leaders) and scroungers (followers) that
compete for resources. Producers guide the search direction (a),
while scroungers follow or disperse when they cannot find re-
sources (b). In aversion behavior, sparrows sense danger and move
away from it, with producers being the first to react (c), and
stragglers (outliers) lagging behind and adjusting their positions to
avoid threats (d). This reflects the balance of exploration and
exploitation in the SSA.

4. Development of hybrid methods

This study aims to evaluate the performance of optimized CB
models, including CB, CB-BAT, CB-BOA, CB-GOA, and CB-SSA, for
predicting PPV. A total of 111 datasets were used, featuring eight
input parameters: NHD, B, S, NR, PF, W, PLI, and Di, with PPV as the
target output parameter. Of the 111 datasets, 89 (80%) were allo-
cated for training, while 22 (20%) were reserved for testing. In the
initial data preprocessing step, we performed an outlier analysis
using the Interquartile Range (IQR) method. Based on Table 1
(descriptive statistics of all parameters employed in this study),
the lower and upper bounds were calculated for each parameter as
Q1 - (1.5 x IQR) and Q3 + (1.5 x IQR), respectively. The results of
this analysis, presented in Table 2, confirm that all data points fall
within the calculated bounds, indicating the absence of significant
outliers. This ensures the dataset remains robust and free from
potential biases, thus facilitating reliable and unbiased model
training.

Following outlier detection, normalization was applied to the
datasets. Normalization is essential to ensure that all input pa-
rameters are on the same scale, preventing variables with larger
magnitudes from dominating the model training process. This step
improves model performance by enhancing numerical stability
and optimizing convergence during training. Additionally, this
study employs the Cross-Validation (CV) technique to ensure
model robustness and prevent overfitting. Cross-validation is a
method where the dataset is split into multiple subsets (folds), and
the model is trained on a portion of the data while the remaining
portion is used for testing [45]. This process is repeated several
times to ensure that every data point is used for both training and
validation. The advantage of cross-validation lies in its ability to
provide a more reliable estimate of model performance, as it re-
duces bias and variance that can occur when the model is trained
on a single dataset split. In this study, we employed a 5-fold cross-
validation method, dividing the dataset into five equal sections.
The model was trained on four of these sections and validated on
the fifth, with this process being repeated five times. This method
enhances the generalization capability of the model, leading to
more accurate and reliable predictions. As outlined in previous
sections, various control parameters must be determined when
modeling using the CB and hybrid CB models. To optimize the
performance of the models, several control parameters were
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Fig. 6. Schematic representation of the SSA, illustrating the roles and behaviors of sparrows in the optimization process [44].

Table 2

Lower and Upper bounds for outlier detection based on IQR method.
Statistic NHD B S NR PF w PLI Di PPV
IQR 5.500 0.000 1.000 2.000 0.016 3207.000 0.580 707.180 4.904
Lower bound 2.250 7.500 8.000 0.000 0.140 —492.500 6.290 —434.330 —3.054
Upper bound 24.250 7.500 12.000 8.000 0.204 12335.500 8.610 2394.390 16.564

tested, and their ranges are provided below:
CB Model:

e Learning rate: Tested in the range of 0.05-0.3.
e Depth: Tested in the range of 2-10.
o Iterations: Tested in the range of 100-1000.

Note: A smaller learning rate is recommended for a larger
number of iterations to ensure stability. The depth parameter re-
flects the complexity of the problem: smaller values help avoid
overfitting, while larger values capture more intricate patterns.

GOA:

o Number of grasshoppers (population size): Tested in the range
of 5-100.

e Max iterations: Tested in the range of 100-1000.

e Cmax and Cpin: Cmax Was tested in the range of 1-5, while Cpjp
was tested in the range of 0.001-0.01.

Note: Larger population sizes and more iterations generally
yield better results but come with higher computational costs. The
Cmax and Cpjn parameters significantly impact convergence and
should be fine-tuned through trial and error.

BA:

e Number of bats (population size): Tested in the range of
20-200.
e Max iterations: Tested in the range of 100-1000.

38

e Loudness (A): Tested in the range of 0-2.
e Pulse rate (r): Tested in the range of 0-1.
e Frequency (f): Tested in the range of 0-2.

Note: Pulse rate and loudness should be adjusted as the search
progresses to prevent premature convergence. Higher pulse rates
enhance global search capabilities, while higher loudness values
explore broader areas in the solution space.

BOA:

o Number of butterflies (population size): Tested in the range of
20-200.

Max iterations: Tested in the range of 100-1000.

Switch probability: Tested in the range of 0-1.

Sensory modality: Tested in the range of 0-0.1.

Power exponent: Tested in the range of 0-1.

Note: The switch probability controls the balance between
exploration and exploitation, where higher values promote global
exploration. The sensory modality and power exponent should be
tuned to refine local searches based on the problem
characteristics.

SSA:

e Number of sparrows (population size): Tested in the range of
20-200.

e Max iterations: Tested in the range of 100-1000.

e Warning value: Tested in the range of 0.5-0.9.

e Alert threshold (PD): Tested in the range of 0.1-0.3.
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Note: The warning value and alert threshold are key to
balancing exploration (searching for new solutions) and exploi-
tation (refining existing solutions). Proper tuning of these values is
crucial to avoid excessive local optimization or premature
convergence.

In this study, these control parameters were thoroughly tested,
and the most optimal values were selected for each model.
Achieving a balance between exploration and exploitation was
vital, as adjusting parameters like the pulse rate in BA, Cjp in GOA,
and switch probability in BOA can help maintain this balance and
improve the model's overall performance.

Based on the obtained results, the optimal control parameters
for the CB model and its hybrid variations were determined as
follows: for the CB model, the selected learning rate, depth, and
iterations were 0.269, 4, and 680, respectively. For the hybrid
models, the following parameters were chosen:

CB-GOA: learning rate = 0.229, depth = 3, iterations = 680,
CB-BAT: learning rate = 0.249, depth = 3, iterations = 680,
CB-BOA: learning rate = 0.264, depth = 4, iterations = 680,
CB-SSA: learning rate = 0.278, depth = 2, iterations = 680.

Additionally, the control parameters for each optimization al-
gorithm associated with the CB-BAT, CB-BOA, CB-GOA, and CB-SSA
models are presented in Table 3. These parameters were fine-
tuned through extensive testing to achieve an optimal balance
between model accuracy and computational efficiency. The
selected values account for the complexity of the optimization
problem and were carefully chosen to ensure robust performance
across the models. The fine-tuning of these parameters signifi-
cantly contributes to the improved prediction accuracy of the
models.

It is important to emphasize that the selection of these pa-
rameters was guided not only by prior studies but also through
systematic trial-and-error procedures and sensitivity analyses,
ensuring a balance between prediction accuracy and computa-
tional efficiency. Moreover, the selection of learning rate, depth,
and iteration values was carefully coordinated with the charac-
teristics of each optimization algorithm to prevent overfitting
while promoting model generalization. Future studies may benefit
from incorporating more advanced hyperparameter optimization
techniques, such as, Bayesian Optimization or Genetic Algorithms,
to further enhance tuning robustness and model transferability.

Table 3
Values of control parameters associated with the CB-BAT, CB-BOA, CB-GOA, and CB-
SSA models.

Model Control parameters Value
CB-GOA Number of grasshoppers 10
Max iterations 100
Cinax 4
Cmin 0.004
CB-BAT Number of bats 20
Max iterations 100
Loudness 0.5
Pulse rate 0.5
Frequency Sfmax 2
fmin 0
CB-BOA Number of butterflies 40
Max iterations 200
Switch probability 0.6
Sensory modality 0.01
Power exponent 0.2
CB-SSA Number of sparrows 30
Max iterations 200
Warning value 0.7
Alert threshold 0.2
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For a clearer understanding, the development process of the
predictive models is illustrated in Fig. 7. This diagram provides a
step-by-step visualization of the workflow, beginning with data
acquisition and pre-processing, followed by model development
using CB and hybrid optimization algorithms (GOA, BA, BOA, and
SSA). The process concludes with model evaluation, selection of
the best-performing model, and conducting sensitivity analysis to
identify the most significant input parameters influencing PPV
prediction.

5. Results and discussion
5.1. Analysis of the results

In this study, five different ML models were developed to pre-
dict PPV. The initial model was based on the CB algorithm, and
subsequently, four optimization algorithms, BAT, BOA, GOA, and
SSA, were used to enhance the performance of the CB model. These
optimizations resulted in the development of four additional
models: CB-BAT, CB-BOA, CB-GOA, and CB-SSA. This section pro-
vides a comparative analysis of the performance of these five
models using various evaluation metrics. The models were
assessed using several performance indicators [46-58]: Index of
Agreement (IoA), Root Mean Square Error (RMSE), Pearson Cor-
relation (PC), Nash-Sutcliffe Efficiency (NSE), Relative Absolute
Error (RAE), and Mean Absolute Percentage Error (MAPE). Table 4
presents a comprehensive comparison of these performance
metrics for the five predictive models: CB, CB-BAT, CB-BOA, CB-
GOA, and CB-SSA. Among the five models, CB-BOA consistently
outperforms the others across most metrics. It exhibits the highest
IoA at 0.997, the lowest RMSE of 0.347, and the best PC at 0.995,
reflecting its excellent prediction accuracy and strong correlation
with observed values. Furthermore, it achieves the highest NSE
(0.988), the lowest RAE (0.086), and a MAPE of 5.0%, highlighting
its minimal prediction error and robust performance. The CB-BAT
model follows closely behind, with an IoA of 0.994, an RMSE of
0.538, and a PC of 0.988. It also demonstrates strong predictive
capabilities, with an NSE of 0.975, an RAE of 0.119, and a slightly
better MAPE (4.8%) than CB-BOA, indicating a marginally better fit
in terms of absolute percentage errors but overall, slightly lower
performance compared to CB-BOA. On the other hand, the base CB
model performs the worst across all metrics, with an IoA of 0.953,
a relatively high RMSE of 2.161, and the lowest PC of 0.915. Its
MAPE of 11.8% indicates substantial errors in its predictions,
making it the least reliable model in the study.

The CB-GOA and CB-SSA models exhibit moderate perfor-
mance, with CB-GOA slightly outperforming CB-SSA in most cat-
egories. Both models provide more accurate predictions than the
base CB model, but they fall short of the high standards set by CB-
BOA and CB-BAT. As a result, CB-BOA stands out as the most reli-
able and accurate model, followed closely by CB-BAT, with both
models significantly outperforming the other models in terms of
prediction accuracy and consistency. The results presented in
Table 4 also highlight the ranking of each model based on its
performance metrics. According to the table, CB-BOA achieved the
highest accuracy, with a total rank score of 29, making it the most
accurate model. It was followed by CB-BAT, CB-GOA, CB-SSA, and
CB, which had total rank scores of 25, 16, 14, and 5, respectively.

For a clearer visual representation, Fig. 8 illustrates the rank
assigned to each model concerning their performance metrics,
including MAPE, RAE, Nash-Sutcliffe, PC, RMSE, and IoA. The
different colored sections for each model represent the perfor-
mance across these metrics. From the figure, it is evident that CB-
BOA has the highest rank, followed closely by CB-BAT. This visual
confirms that CB-BOA is the most optimal model, offering the best
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Fig. 7. A systematic view of the applied process for PPV prediction.

Table 4
Performance comparison of developed models based on key evaluation metrics.

Performance metrics Prediction Models

CB CB-BAT CB-BOA CB-GOA CB-SSA

Value Rank Value Rank Value Rank Value Rank Value Rank
IoA 0.953 1 0.994 4 0.997 5 0.975 2 0.986 3
RMSE 2.161 1 0.538 4 0.347 5 1.324 3 1.398 2
PC 0.915 1 0.988 4 0.995 5 0.977 3 0.974 2
NSE 0.837 1 0.975 4 0.988 5 0.921 2 0.947 3
RAE 0.253 1 0.119 4 0.086 5 0.179 3 0.198 2
MAPE 11.8 1 4.8 5 5 4 5.8 3 10.3 2

predictive performance in comparison to the other models.

Fig. 9 presents regression plots comparing the measured and
predicted PPV using five models: CB, CB-BAT, CB-BOA, CB-GOA,
and CB-SSA. Each plot shows the predicted values on the x-axis
and the measured values on the y-axis, with fitted regression lines
for the model predictions along with 95% confidence intervals for
both the mean and the observations.

e CB Model (R? = 0.837): The first plot shows a moderate cor-
relation between the measured and predicted PPV values,
indicated by an R? value of 0.837. The confidence intervals are
broader compared to the other models, reflecting less accurate
predictions.

CB-BAT Model (R? = 0.976): This model shows a much stronger

fit with an R? value of 0.976, suggesting highly accurate pre-

dictions. The confidence intervals are narrower, indicating
greater precision in the model's performance.

o CB-BOA Model (R?> = 0.989): This model exhibits the highest
correlation (R* = 0.989) with an almost perfect fit between
measured and predicted values. The narrow confidence in-
tervals further support its robustness in predicting PPV.
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o CB-GOA Model (R? = 0.955): While the fit is strong, with an R?
of 0.955, the CB-GOA model does not perform as well as CB-
BOA or CB-BAT. The confidence intervals are wider than in the
CB-BAT model but still relatively narrow, showing good pre-
diction reliability.

e CB-SSA Model (R? = 0.949): This model also demonstrates a
strong correlation (R*> = 0.949), although slightly weaker
compared to CB-BOA and CB-BAT. The performance is still
highly acceptable, with relatively narrow confidence intervals.

As a comparison, the CB-BOA and CB-BAT models are the best
performers, with R? values close to 1, suggesting that these models
are nearly perfect in predicting PPV. The CB model is the least
accurate, as reflected by the lower R? value and broader confidence
intervals. CB-GOA and CB-SSA models perform well but do not
match the exceptional accuracy of CB-BOA and CB-BAT.

Another form of evaluation is provided by the histogram in
Fig. 10, which illustrates the distribution of errors between the
predicted and measured values for the five model paradigms: CB
and its hybrid variations (CB-BAT, CB-BOA, CB-GOA, and CB-SSA).
The error distribution patterns reveal that CB-BAT and CB-GOA
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Fig. 8. Comparing the performance of models based on their ranks.

outperform the others by having errors tightly clustered around
zero, indicating their predictions are more consistent and accurate.
This concentration reflects their superior ability to minimize de-
viations. Conversely, CB and CB-SSA display wider error distribu-
tions, with noticeable outliers, suggesting that their predictions
are less reliable and prone to greater inaccuracies. The perfor-
mance of CB-BOA falls between the two extremes, showing
moderate distribution error, performing better than CB and CB-
SSA but not as effectively as CB-BAT and CB-GOA.

Fig. 11 presents violin plots with embedded box plots to visu-
alize and compare the prediction performance of different models

Regression of measured by predicted
by CB (R>=0.837)

Regression of measured by predicted
by CB-BAT (R>=0.976)
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Fig. 10. Histogram of prediction errors for the CB and its hybrid models (CB-BAT, CB-
BOA, CB-GOA, and CB-SSA).

(CB, CB-BAT, CB-BOA, CB-GOA, and CB-SSA) against the measured
(observed) values. The violin plots highlight the distribution of the
data, while the box plots provide details about the interquartile
range (IQR), median, and whiskers (range within 1.5 times the
IQR). According to this figure, CB-BOA and CB-GOA stand out as the
most optimal models due to their tighter distribution and closer
alignment with the measured values, reflecting higher accuracy
and consistency in predictions. Between the two, CB-BOA slightly
edges out in performance. However, CB-BAT and CB-SSA, while
performing moderately well, shows a wider distribution than CB-
BOA and CB-GOA, indicating some variability in their predictions.
CB display broader distributions with notable deviations between
measured and predicted values, making them the least reliable
models in this comparison.

To provide a more holistic comparison of model performance, a
Taylor diagram was employed (Fig. 12). The Taylor diagram is a
powerful statistical visualization tool that simultaneously displays
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Fig. 9. Regression plots comparing measured and predicted PPV values using five models: CB, CB-BAT, CB-BOA, CB-GOA, and CB-SSA.
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the correlation coefficient, standard deviation, and centered root
mean square error (RMSE) between model predictions and actual
values. It is particularly useful in environmental, geoscientific, and
machine learning applications where multiple models must be
compared in a compact form. As illustrated, the CB-BOA model is
positioned closest to the reference point labeled "Actual” indicating
superior performance across all three criteria. It is followed by CB-
BAT, CB-GOA, CB-SSA, and CB, in descending order of predictive
reliability. This further validates the effectiveness of optimization
algorithms in enhancing the baseline CB model's accuracy.
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Fig. 12. Taylor diagram comparing the performance of CB-based models with actual
data.
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5.2. External validation using an independent dataset

To evaluate the generalization ability of the proposed CB-BOA
model beyond the dataset from the Sarcheshmeh Copper Mine,
we employed an independent dataset obtained from a granite
quarry in Malaysia, as presented by Keshtegar et al. [59]. This
external dataset includes blast design parameters and corre-
sponding PPV values recorded under geological conditions
different from those of the original study area.

In the original study, Keshtegar et al. [59] utilized a hybrid
model combining Support Vector Regression (SVR) with Response
Surface Methodology (RSM), which achieved an R? value of 0.896
for PPV prediction. To assess the CB-BOA model's transferability,
we applied it to the Malaysian dataset. While the model structure
remained unchanged, the BOA parameters were fine-tuned to
better suit the characteristics of the new dataset. The parameter
settings used were: number of butterflies 50, maximum
iterations = 200, switch probability = 0.6, sensory modality = 0.01,
and power exponent = 0.2.

Under these settings, the CB-BOA model yielded an R? value of
0.960, significantly surpassing the performance of the SVR-RSM
model. This result highlights the model's strong predictive capa-
bilities and adaptability across different geological and operational
settings.

This external validation underscores the robustness and prac-
tical applicability of the CB-BOA model, confirming its potential for
reliable PPV prediction in varied mining environments.

5.3. Comparison with a traditional regression model

To provide a more comprehensive evaluation of the proposed
hybrid CB models, we compared their performance with that of a
traditional predictive method, Multiple Linear Regression (MLR).
This comparison aims to highlight the added value and superiority
of the developed hybrid models over conventional approaches in
predicting PPV.

In the MLR model, the following input variables were
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considered as independent parameters: NHD, B, S, NR, PF, W, PLI,
and Di. PPV was set as the dependent variable. The resulting
regression equation is as follows:
PPV =10.266 + (0.123 x NHD) — (1.276 x B) + (2.682 x S)

— (1.374 x NR) — (6.514 x PF) — (0.0009 x W)

— (0.064 x PLI) — (0.007 x Di)

(7)

In addition to the MLR model, three widely used empirical models
for PPV prediction were also considered:

e Ambraseys and Hendron [60].
e U.S. Bureau of Mines (USBM) [61].
e Langefors and Kihlstrom [62].

The general forms of these empirical equations are given as
follows:
Ambraseys and Hendron [60]:

Di \ K1
PPV =K x (W) (8)
USBM:
Di \K1
PPV =K x <W) (9)
Langefors and Kihlstrom [62]:
K1
wos
PPV =K x <W (10)

Here, K and K1 are site-specific constants, which were deter-
mined using Excel through curve-fitting techniques. The derived
empirical equations for the case study are:

Ambraseys and Hendron [60]:

Di \ 0936
PPV =273.489 x (W) (11)
USBM:
Di \ 0973
PPV =78.083 x (W) (12)
Langefors and Kihlstrom [62]:
5\ 1338
PPV =19.826 x <W> (13)

Table 5 summarizes the statistical performance metrics ob-
tained from the MLR and empirical models. When comparing the
results in Table 5 with those in Table 4 (hybrid CB models), it be-
comes evident that both the regression and empirical models
provide significantly lower predictive accuracy. For example, the
RMSE of the MLR model was 3.981, while the hybrid CB models
achieved RMSE values ranging from 0.347 to 1.398, a considerable
improvement. All other performance indicators (R?, oA, PC, NSE,
and MAPE) consistently confirmed the superiority of the hybrid
models. These findings clearly demonstrate the robustness and
reliability of the hybrid CB-based models for accurate PPV pre-
diction in blasting operations, making them more effective than
traditional regression and empirical techniques.
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5.4. Uncertainty analysis

Uncertainty analysis is a crucial tool for enhancing model
reliability and supporting informed decision-making. In this study,
uncertainty analysis was conducted to evaluate the models' pre-
dictive uncertainty for PPV. Initially, the error for each sample
(PPVieasured - PPVpredicted) Was calculated, followed by the deter-
mination of the mean error (€) and the standard deviation of the
prediction error (Se) using the following equations:

(14)

A positive e indicates model overestimation, whereas a nega-
tive e suggests underestimation. Higher Se values reflect greater
variability in error, implying increased uncertainty in the model's
predictions. The 95% confidence interval can be calculated using
1.96 x Se [63,64]. Table 6 presents the mean error (e), standard
deviation (Se), and the 95% confidence interval for error prediction
across all models: CB, CB-BAT, CB-BOA, CB-GOA, and CB-SSA.

The uncertainty analysis highlights notable differences in the
predictive performance of the various CB-based methods. Among
them, CB-BOA exhibits the best performance, with the lowest
mean error (—1.729), smallest standard error (1.726), and the
narrowest uncertainty band (43.382), indicating higher precision
and reduced variability. In contrast, CB-GOA is the least reliable,
demonstrating the highest mean error (6.716), largest standard
error (6.699), and the widest uncertainty band (413.130), which
suggests a tendency for substantial overestimation and significant
uncertainty. CB-BAT and CB-SSA show moderate performance,
with CB-BAT slightly underestimating and CB-SSA slightly over-
estimating PPV, both offering narrower uncertainty bands than the
original CB model. However, they do not surpass the predictive
accuracy and consistency of CB-BOA. The original CB model,
despite its positive mean error (0.854), suffers from relatively high
uncertainty, with a standard error of 2.361 and an uncertainty
band of +4.627. In conclusion, CB-BOA is the most reliable and
accurate model for predicting PPV, while CB-GOA shows the
greatest uncertainty. The remaining models, CB, CB-BAT, and CB-
SSA, demonstrate intermediate levels of performance and
uncertainty.

5.5. Sensitivity analysis

To investigate the effects of NHD, B, S, NR, PF, W, PLI, and Di on
PPV intensity, and to enhance the interpretability of machine
learning models, the SHAP (SHapley Additive Explanations)
method was employed. SHAP, grounded in game theory, assigns
Shapley values to each feature, providing a fair and transparent
representation of their contributions to model predictions. This
methodology offers both local and global insights, highlighting
feature importance and interactions, making it a crucial tool for
interpreting complex models in rock engineering. Fig. 13 presents
the SHAP summary plot for PPV prediction obtained from the most
accurate model (CB-BOA). The horizontal axis represents SHAP
values, indicating each feature's influence on the model's output,
while the color gradient (blue to red) denotes feature values, with
blue corresponding to lower values and red to higher values.
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Table 5
Statistical performance of the regression and empirical models for PPV prediction.
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Statistical metrics Regression model Ambraseys and Hendron USBM Langefors and Kihlstrom
R? 0.525 0.736 0.746 0.737

RMSE 3.981 2.973 2913 2.96

oA 0.816 0.916 0.92 0.918

PC 0.725 0.858 0.864 0.859

NSE 0.525 0.735 0.746 0.737

MAPE 36.1% 23.6% 23.7% 25.6%

Table 6 correlating with increased vibration intensity. Moderate contri-

Uncertainty predicts of PPV based on various CB methods.

Method  Mean Error (¢)  Standard Error (Se)  Width of uncertainty band
CB 0.854 2.361 +4.627

CB-BAT  —-2.259 2274 +4.457

CB-BOA -1.729 1.726 +3.382

CB-GOA 6.716 6.699 +13.130

CB-SSA 2.613 2.926 +5.734

High
Di[ §oemrtman.. . . . .
W e
ST =gl 2
PF| e >
PLIF g
NHD | 4= =
Bt -
w4
! . : ; ! y ' Low

-5 0 5 10 15 20 25
SHAP value (impact on model output)

Fig. 13. SHAP summary plots: feature impacts on PPV.

According to Fig. 13, Di is the most influential factor, with higher
values (blue) reducing PPV and lower values (red) increasing it,
underscoring its pivotal role in controlling ground vibration. W
and S also significantly impact PPV, with higher values generally

+3.55

PLI
NHD

0 05 10 15 20 25 30 35
Mean (|[SHAP valuel)

Fig. 14. Feature importance outputs by the CB-BOA.

butions are observed for PF and PLI, whereas NHD, B, and NR show
relatively minor impacts. The color gradient in the plot highlights
the interactions between feature values and their contributions to
model predictions, emphasizing the importance of optimizing
blasting parameters to effectively control vibrations. Additionally,
the study utilized the importance values function from the CB-BOA
model to further evaluate each parameter's contribution, as shown
in Fig. 14. Among the factors influencing PPV predictions, Di was
identified as the most critical, followed by W, S, PF, PLI, NHD, B, and
NR in descending order of importance. This analysis emphasizes
the need to prioritize parameters such as Di, W, and S in blasting
design strategies to minimize PPV and mitigate ground vibrations
effectively.

6. Conclusions

Blast-induced ground vibration remains a critical concern in
open-pit mining operations due to its impact on operational safety,
structural integrity, and environmental sustainability. Accurately
predicting PPV, a primary measure of ground vibration intensity, is
essential for effective blast design and risk mitigation. In this
study, five machine learning models were developed and evalu-
ated: the standalone CB model and four hybrid models (CB-BAT,
CB-BOA, CB-GOA, and CB-SSA), each combining CatBoost with a
nature-inspired metaheuristic optimization algorithm to enhance
prediction accuracy through efficient hyperparameter tuning.

e Among the models, CB-BOA consistently outperformed the
others, achieving the highest R? value of 0.989, alongside the
lowest RMSE, RAE, and MAPE. This indicates a near-perfect
match between predicted and observed PPV values, high-
lighting the effectiveness of integrating the Butterfly Optimi-
zation Algorithm with CatBoost. CB-BAT and CB-GOA also
demonstrated strong performance, while CB and CB-SSA
exhibited wider error spreads and more significant outliers.
These results were further validated by error distribution
analysis and violin plots, which revealed a tighter clustering of
predictions for CB-BOA and CB-GOA around the actual values.
Effectiveness of Hybridization: The results clearly confirmed
that hybridizing CB with nature-inspired optimization algo-
rithms substantially enhanced predictive performance. While
the standalone CB model achieved an R? of 0.837, the hybrid
models improved significantly, reaching R? values from 0.949
to 0.989. This validates the capability of GOA, SSA, BAT, and BOA
to boost machine learning models through effective global
optimization strategies. Importantly, this study marks the first
application of these metaheuristic algorithms in the context of
PPV prediction, introducing a novel and robust framework for
addressing blast-induced ground vibration in mining.

To strengthen the robustness of the findings, the study also
includes external validation and a comparative analysis with a
classical regression model, thereby offering a broader
perspective on model performance and applicability.
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e Uncertainty Analysis: CB-BOA was found to be the most reliable
model, exhibiting the narrowest uncertainty band and highest
prediction stability. In contrast, CB-GOA showed the widest
uncertainty, reflecting a higher risk of overestimation. The
remaining models fell between these extremes, with moderate
uncertainty levels and performance consistency.

e SHAP Analysis: The SHAP-based interpretability analysis
revealed that Di was the most significant predictor of PPV,
followed by W and S. These features captured both linear and
non-linear interactions, providing critical insights for practical
blast design aimed at minimizing vibration impact.

e Study Limitations: A noted limitation of this research is the use
of fixed control parameters for the optimization algorithms,
which may restrict generalizability across different datasets or
mining conditions. Future work should explore adaptive or self-
tuning optimization methods to further boost model robust-
ness and adaptability.

e Future Directions: Expanding the dataset to include blast
events from multiple geological and operational settings will
improve model generalization. Furthermore, extending the
proposed hybrid framework to predict other blast-induced
outcomes, such as flyrock, air overpressure, or fragmentation,
can enhance its utility and promote safer, more sustainable
mining practices.
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