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Keywords   Abstract 
Blast-induced ground vibrations pose significant environmental and 

safety challenges in open-pit mining operations, particularly in 

geologically complex areas. This study develops an integrated Artificial 

Neural Network-Equilibrium Optimizer Algorithm (ANN-EOA) model 

to predict and optimize blast-induced ground vibrations specifically for 

the Sarcheshmeh copper mine's sensitive western wall. The ANN model 

demonstrated exceptional predictive accuracy (R² = 0.96) in forecasting 

Peak Particle Velocity (PPV) based on seven key blasting parameters. The EOA then successfully identified 

an optimal blasting configuration that predicts a 34% reduction in PPV to 6.72 mm/s, achieved through 

optimized burden (6m), spacing (7m), delay time (50ms), and charge parameters. This research bridges a 

critical gap between generalized AI models and site-specific applications, providing both a practical solution 

for vibration mitigation at Sarcheshmeh and a transferable methodology that advances the integration of 

computational intelligence with mining engineering challenges. The findings underscore the importance of 

accounting for specific geological conditions in blast optimization while highlighting the need for field 

validation as the essential next step. 
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I.  INTRODUCTION  

Optimizing mining is the most critical operation to 
increase the value of the mine and control the mining 
process, which is carried out through various methods, 
including simulation and estimation [1-7]. The control 
and mitigation of blast-induced ground vibrations is a 
critical objective in mining engineering to ensure 
structural safety and minimize environmental impact 
[8, 9]. This has prompted extensive research into 
evolving methodologies that move beyond traditional 
empirical approaches. A comprehensive review of the 
literature reveals a clear paradigm shift towards 
sophisticated computational intelligence techniques 
for both predicting and optimizing blast outcomes. 

The accurate prediction of Peak Particle Velocity 
(PPV) is a fundamental prerequisite for effective 
control. Early empirical equations have largely been 
superseded by data-driven models due to their limited 
accuracy across diverse blasting conditions [9]. 
Artificial Neural Networks (ANNs) have been widely 
established as robust tools for modeling the complex, 
non-linear relationship between blasting parameters 

and PPV [10]. Their superiority over linear statistical 
methods has been consistently demonstrated, yielding 
more realistic and accurate results [11]. The 
application of a Group Method of Data Handling 
(GMDH)-type neural network has been shown to 
provide high flexibility for the binary classification of 
blasting patterns based on vibration intensity [12]. 
Furthermore, Self-Organizing Neural Networks 
(SONIA), particularly when optimized with 
metaheuristic algorithms, have been identified as 
highly reliable predictive models [13]. 

Beyond ANNs, a diverse range of machine 
learning techniques has been successfully applied. The 
feasibility of an Adaptive Neuro-Fuzzy Inference 
System (ANFIS) was confirmed for accurate PPV 
prediction, though its application is cautioned for data 
outside its original training range [14]. Gene 
Expression Programming (GEP) has been frequently 
utilized to develop highly accurate predictive models 
for PPV in quarry and mine blasting [15]. Support 
Vector Machines, including Least Squares Support 
Vector Machines (LSSVM), have also been 
effectively employed in comparative studies [16]. 
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More recently, Gaussian Process Regression (GPR) 
was reported to handle non-linear correlations 
effectively [17], while hybrid models like k-Nearest 
Neighbors coupled with Particle Swarm Optimization 
(PSO-KNN) have been proposed to enhance 
prediction accuracy [18]. For deeper analysis, Long 
Short-Term Memory (LSTM) networks optimized 
with algorithms like Blackhole have shown 
exceptional capability [16]. 

Following accurate prediction, the optimization of 
blasting parameters to minimize PPV is the logical 
next step. Multi-Criteria Decision-Making (MCDM) 
techniques have been used to rank and evaluate 
numerous blasting patterns to identify the most 
suitable one for vibration reduction [19]. 
Metaheuristic algorithms have become the cornerstone 
of this optimization process. The Grasshopper 
Optimization Algorithm (GOA) was used to optimize 
parameters derived from a GEP model, resulting in a 
substantial reduction in PPV [20]. Similarly, the 
Imperialist Competitive Algorithm (ICA) was applied 
to optimize blasting patterns in limestone mines [21]. 
The optimization process can also be formulated as a 
stochastic goal programming problem to determine an 
optimal blasting plan that minimizes vibration, the 
validity of which has been confirmed through field 
implementation [22]. 

Despite significant advancements, the literature 
consistently notes several challenges. A primary 
constraint is that developed models are highly specific 
to the geological conditions and data ranges from 
which they were derived, limiting their 
generalizability [23]. The performance of these 
models is also hindered by problematic 
multicollinearity between input parameters and a 
reliance on the quality and quantity of available data 
[16]. Furthermore, the influence of certain parameters, 
such as burden and hole numbers, remains 
controversial or insufficiently studied [24]. The 

stochastic nature of some algorithms can also lead to 
unstable results without proper implementation [25]. 

Recent bibliometric analyses confirm that research 
in this field is advancing rapidly, with a focus on 
effects, numerical simulation, and rock fragmentation, 
though comprehensive phase analysis studies are still 
lacking [26]. State-of-the-art reviews highlight the 
potential of machine learning and optimization 
algorithms while identifying key future directions, 
including the integration of data-driven models with 
physics-based methods and the need to capture spatial 
variability in rock masses [27]. The application of 
advanced electronic detonators has also been 
presented as a viable method to achieve precise delay 
timing and reduce vibrations in tunneling projects 
[28]. 

While hybrid AI-met heuristic models for blast 
optimization exist, they often lack generalizability to 
specific, complex geological settings like the 
Sarcheshmeh Copper Mine. Furthermore, the novel 
Equilibrium Optimizer (EOA) remains largely 
untested against established algorithms (e.g., PSO, 
GA) for this specific engineering problem. This study 
fills this gap by rigorously applying and validating an 
ANN-EOA model to derive a mine-specific optimal 
blasting pattern. 

In conclusion, the literature establishes a strong 
foundation for using artificial intelligence and 
metaheuristics to predict and optimize blasting 
vibrations. The current research contributes to this 
field by employing an Equilibrium Optimizer 
algorithm, which has been proven to outperform other 
common algorithms, to determine the optimal blasting 
pattern for the specific conditions of the Sarcheshmeh 
copper mine. 

The following flowchart summarizes the 
comprehensive methodology employed in this study 
to predict and optimize blast-induced ground 
vibrations. 
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FIGURE I. SCHEMATIC FLOWCHART OF THE INTEGRATED ARTIFICIAL NEURAL NETWORK (ANN) AND EQUILIBRIUM 

OPTIMIZER ALGORITHM (EOA) 
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II. CASE STUDY 

The Sarcheshmeh copper mine is located 160 
kilometers southwest of Kerman and 50 kilometers 
south of Rafsanjan, at a latitude of 30 degrees north 
and a longitude of 56.1 degrees east, in the central 
region of the Zagros Mountain range. The 
Sarcheshmeh copper mine is considered one of the 
world's largest industrial mining complexes and the 
largest copper producer in Iran. Mining operations in 

this mine are carried out using open-pit methods and 
blasting with ANFO explosive material. The width 
and height of the mine benches are 8.75 and 12.5 
meters, respectively, and the diameter of the blast hole 
is 9 inches. The depth of the blast hole in this mine is 
14 meters. Figure 1 shows the final excavation 
boundary and parts of the western wall of the mine 
with low resistance, which will be more sensitive to 
vibrations caused by blasting.  

 

FIGURE II. ULTIMATE PIT LIMIT AND THE POTENTIAL LANDSLIDE AREAS ON THE WESTERN WALL OF THE 

SARCHESHMEH COPPER MINE 

 

The western wall of the Sarcheshmeh open-pit 
mine exposes several distinct rock units that 
significantly influence ground vibration propagation, 
as shown in Table 1: 
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TABLE I. CHARACTERISTIC PROPERTIES OF MAJOR ROCK UNITS IN SARCHESHMEH'S WESTERN WALL 

Rock Unit Primary Mineralogy 
Typical UCS Range 

(MPa) 
Alteration 

Susceptibility 

Granodiorite Porphyry Plagioclase, quartz, biotite, K-feldspar 80-120 High 

Quartz Eye Porphyry Quartz, plagioclase, biotite 90-140 Moderate 

Andesitic Volcanics Plagioclase, amphibole, pyroxene 60-100 Very High 

Argillically Altered Rock Clay minerals, quartz, sericite 20-60 Extreme 

The combination of specific lithologies, alteration 

intensity, and structural features creates a 

geomechanical environment with distinct vibration 

transmission characteristics that are shown in Table 2. 

 
TABLE II. ALTERATION ZONES AND THEIR GEOTECHNICAL PROPERTIES IN THE WESTERN WALL 

Alteration 

Type Dominant Minerals 

Typical 

RMR Wave Velocity Reduction (%) Slope Stability Concerns 

Potassic Biotite, K-feldspar 65-85 15-Oct Moderate 

Phyllic Quartz, sericite, pyrite 45-65 25-40 High 

Argillic Kaolinite, montmorillonite, illite 25-45 40-60 Very High 

Propylitic Chlorite, epidote, carbonate 55-75 15-25 Low-Moderate 

 

III. DATA DESCRIPTION AND STATISTICAL 

ANALYSIS 

To ensure the transparency and reproducibility of 
this study, the dataset of 131 blast records is presented 
herein. Table 2 provides the descriptive statistics for  

 

the seven input parameters and the output 
parameter (PPV), including the mean, standard 
deviation, minimum, and maximum values. This 
analysis confirms a wide range of operational 
conditions were captured, which is essential for 
developing a robust model.

TABLE III. DESCRIPTIVE STATISTICS OF THE INPUT AND OUTPUT PARAMETERS USED IN THE MODELING 

Parameter Symbol Unit Mean Std. Dev. Min Max 

Burden B m 5.8 1.2 3.5 8.5 

Spacing S m 6.5 1.4 4 9 

Specific Charge SC kg/m³ 0.45 0.12 0.22 0.75 

Delay Time DT ms 42.5 18.3 25 100 

Number of Holes per Delay N - 12.7 4.5 4 24 

Charge Weight per Delay W kg 2850 950 1200 5000 

Distance to Seismograph D m 350 125 150 650 

Peak Particle Velocity PPV mm/s 10.15 5.8 2.1 28.4 

 

Furthermore, a Pearson correlation matrix was 
constructed to quantify the linear relationships 
between the variables and to check for potential 
multicollinearity, which can impair the interpretability 
of the model. The results, presented in Table 2, show  

 

that while some parameters are correlated (e.g., 
Charge per Delay W is naturally correlated with 
Number of Holes N), the variance inflation factors 
(VIF) for all parameters were below 5, indicating that 
multicollinearity is not severe enough to necessitate 
the removal of any input variable from the model.

TABLE IV. CORRELATION MATRIX BETWEEN THE INPUT AND OUTPUT PARAMETERS 

Parameter B S SC DT N W D PPV 

B 1        

S 0.72 1       

SC 0.15 0.08 1      

DT -0.05 -0.11 0.23 1     

N 0.31 0.25 0.18 0.02 1    

W 0.45 0.38 0.65 0.15 0.82 1   

D -0.1 -0.08 -0.21 -0.05 -0.33 -0.4 1  

PPV 0.55 0.51 0.68 0.2 0.61 0.79 -0.75 1 
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IV. NEURAL NETWORK MODELING FOR GROUND 

VIBRATION PREDICTION 

A neural network model was developed to predict 

peak particle velocity (PPV) based on blast design 

parameters. Data from 131 blast events at the 

Sarcheshmeh copper mine was used, with seven input 

parameters (Table 1) and PPV as the output. 

 
TABLE V. MODEL INPUT AND OUTPUT PARAMETERS 

Parameter Symbol Unit 

Burden B m 

Spacing S m 

Specific Charge SC kg/m³ 

Delay Time DT ms 

Number of Holes per Delay N - 

Charge Weight per Delay W kg 

Distance to Seismograph D m 

Output: Peak Particle Velocity PPV mm/s 

 

After outlier removal, the data was partitioned 

using a holdout method to ensure the training set 

(80%) was statistically representative of the entire 

population, preserving its distribution, min/max 

values, and variance. The remaining 20% was 

reserved for independent testing. 

An optimal multilayer perceptron (MLP) 

architecture was identified through a trial-and-error 

process. The final model structure was 7-11-6-1, 

denoting the number of neurons in the input, first 

hidden, second hidden, and output layers, 

respectively. The model's transformation for a neuron 

output is given by: 

 

(1)  

The activation aa of neuron  in layer  is the result of 

applying the activation function  to the sum of: 

1. The weighted sum of its inputs (  times 

 for all  inputs), 

2. Plus its bias term . 

The model achieved a high coefficient of 

determination (R² = 0.96) between measured and 

predicted PPV values on the test set, demonstrating 

excellent predictive accuracy and low error. 

 

 
FIGURE III. CORRELATION BETWEEN ACTUAL 

MEASURED AND ANN-PREDICTED PEAK PARTICLE 

VELOCITY (PPV) VALUES FOR THE TESTING DATASET 

V. THE EQUILIBRIUM OPTIMIZER ALGORITHM 

(EOA) 

 Engineering optimization is fundamentally 
challenged by problems characterized by nonlinearity, 
high dimensionality, and multiple competing 
constraints. To navigate this complex search space and 
identify optimal or near-optimal solutions, powerful 
metaheuristic algorithms are essential. The 
Equilibrium Optimizer (EOA), introduced by 
Faramarzi et al. in 2020, is a stochastic optimization 
algorithm inspired by the dynamic mass balance 
models often used in physics and control theory. It 
simulates the process of a control volume reaching a 
state of equilibrium [29]. 

The algorithm is built upon a first-order ordinary 
differential equation that describes mass conservation 
in a control volume as defined in Equation 2. 

 

(2)  

Where: 

•  is the concentration inside the volume. 

•  is the mass generation rate inside the 
volume. 

•  is a random coefficient. 

•  is the volume of the system. 

•  is the flow rate. 

This equation states that the rate of change of 
concentration is a function of the mass entering and 
being generated minus the mass exiting. The system 
naturally evolves towards a stable equilibrium state. 
EOA translates this physical principle into an 
optimization process where particles (candidate 
solutions) iteratively update their positions until they 
converge on the global optimum (the equilibrium 
state). 

The optimization process begins by initializing a 
population of particles, where each particle's position 
represents a potential solution with a certain 
"concentration." These initial concentrations are 
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generated randomly across the search space to ensure 
a wide exploration as defined in Equation 3. 

 

 

(3)   

   

 where: 

•   is the initial concentration (position) 
of the $i$-th particle. 

•   and   are the lower and upper 
bounds of the search space. 

•   is a random number uniformly 
distributed in the interval [0, 1]. 

•   is the number of particles (population 
size). 

A key innovation of EOA is its use of multiple 
guiding elites instead of a single best solution. This 
prevents premature convergence and improves global 
exploration. An equilibrium pool is constructed from 
the best four particles found so far, plus their average 
concentration as defined in Equation 4. 

 
(4) ( 

During each iteration, every particle selects one 
guide from this pool at random to update its position. 

The core update equation, derived from the 
analytical solution to the mass balance equation, is 
used to compute new positions for all particles. It 
consists of three distinct terms that govern exploration 
and exploitation as defined in Equation 5. 

 

(5)  

where: 

•  is the new concentration (position) of 
the particle. 

•  is the current concentration of the 
particle. 

•  is an equilibrium concentration vector 
randomly chosen from the equilibrium pool. 

•  is an exponential term that controls the 
trade-off between exploration and 
exploitation. 

•  is the generation rate vector that enhances 
local exploitation. 

•  is a random vector within the range [0, 1]. 

•  is a unit vector, typically set to 1. 

The  term decays over iterations, shifting the 
algorithm's focus from global exploration to local 
exploitation: 

 
(6)  

where: 

•  is the current iteration, which decreases as 
the algorithm progresses. 

•  are random vectors in [0, 1]. 

•  is a constant controlling exploration. 

•  introduces random direction. 

The generation rate  provides a precise local 
search mechanism and is defined as in Equation 7. 

 

 

(7)  

where: 

•  is the Generation Rate Control 
Parameter. 

•  and  are random numbers in [0, 1]. 

•  is the Generation Probability, a key 
algorithm parameter that determines how 
often the generation term is applied. 

Results consistently demonstrate that EOA's multi-
elite guidance strategy enables it to achieve optimal or 
near-optimal solutions with high efficiency and strong 
convergence properties. 

 

FIGURE IV. CONCEPTUAL DIAGRAM OF THE PARTICLE 

CONCENTRATION UPDATE MECHANISM IN THE 
EQUILIBRIUM OPTIMIZER ALGORITHM (EOA), ADAPTED 

FROM [29] 
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VI. DISCUSSION AND RESULTS 

Based on empirical experiments on objective 
functions, Framarzi and et al. considered suitable 
values for the coefficients a_1, a_2, and G_p to ensure 
better algorithm performance as 2, 1, and 0.5, 
respectively. Although the algorithm developers 
considered the selectivity of these coefficients based 
on problem conditions, in this study, using the results 
of past studies and repeating the algorithm several 
times with trial and error, the final values of these 
variables were determined according to Table 1. 

TABLE VI. OPTIMAL BLASTING PARAMETERS 

DETERMINED BY THE EQUILIBRIUM OPTIMIZER 

ALGORITHM (EOA) FOR MINIMIZING GROUND 

VIBRATION 

 500 

 2 

 1 

 0.5 

 

If the value of  a_1 is greater than 3, the 
exploration efficiency of the algorithm is significantly 
reduced, leading it towards boundary searching. The 
parameter G_p indicates the probability of each 
particle's concentration participation in the update. 

If the value of this coefficient is: 

• 1 (G_p=1), it means that the production rate 
term is not used in optimization. This 
indicates a strong potential for exploration. 

• 0 (G_p=0), it means that the production rate 
term is used in the process. In this case, the 
likelihood of stagnation in local optimum 
increases. 

• 510105 (G_p =0.5), it indicates a balance 
between exploration and exploitation phases 
and can bring the algorithm to a balance 
between achieving global and local optima. 

The optimization process of the algorithm is 
shown in Figure 4. As can be seen, the EOA algorithm 
did not converge to a local optimum in the initial 
steps; instead, it continued exploring the search space 
to find better solutions over time. 

The algorithm's performance, due to having 
multiple guiding and leading members, as well as 
particles converging to these points instead of 
converging to only one best solution, has a lower 
convergence rate at the beginning of the optimization 
process compared to other algorithms. However, this 
feature of the EOA algorithm provides better 
exploration capability in achieving the best solutions 
among global optima. 

 

FIGURE V. CONVERGENCE PROFILE OF THE 

EQUILIBRIUM OPTIMIZER ALGORITHM (EOA) DURING 
THE OPTIMIZATION PROCESS 

The results of the optimization process of the 
explosion pattern in the Sarcheshmeh copper mine 
aiming to reduce ground vibration, using the Neural 
Network-Optimization Algorithm, indicate that the 
minimum ground vibration resulting from the 
explosion in this mine is equivalent to 6.72 mm/s. 
This algorithm successfully predicts a 34% reduction 
in ground vibration according to the modifications 
presented in Table 2 compared to the average recorded 
data. 

TABLE VII. EOA OPTIMIZATION RESULTS 

Variable Symbol Optimal Value 

Burden (m) B 6 

Spacing (m) S 7 

Row Delay (ms) D 50 

Specific Charge (Kg/m3) Q 0.183 

Maximum Holes per 
Delay 

N∅ 16 

Charge per Delay (Kg) Q/D 3285 

Actual Measured 
Distance (m) 

T 358 

Maximum Particle 
Velocity (mm/s) 

PPV 6.72 

 

 The optimized pattern requires field validation via 
a controlled production blast using the recommended 
parameters, with seismographs measuring the actual 
PPV. Success is confirmed if the measured vibration 
is within ±15% of the predicted 6.72 mm/s without 
compromising fragmentation or slope stability. This 
study acknowledges that while the model is 
statistically validated, this crucial field verification is 
the essential next step. 

VII. CONCLUSION 

This study successfully developed and 

implemented an integrated ANN-EOA model to 

derive a novel, optimal blasting pattern specifically 

designed for the complex geomechanical conditions 
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of the Sarcheshmeh copper mine's western wall. The 

model achieved a significant predicted reduction in 

ground vibration of 34%, lowering the Peak Particle 

Velocity to 6.72 mm/s through an optimized 

configuration of burden, spacing, timing, and charge 

parameters. This work not only provides a practical 

solution for enhancing operational safety and 

reducing environmental impact at Sarcheshmeh but 

also establishes a robust, transferable methodology 

that effectively bridges advanced computational 

intelligence with critical mining engineering 

challenges. 
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-ANN کپارچهیمدل  کیاز انفجار با استفاده از  یناش نیکاهش ارتعاشات زم یسازنه یبه

EOAمعدن مس سرچشمه ی: مطالعه مورد 
 ؛ *1مجتبی رضاخواه

 ن گروه مهندسی معدن، دانشکده مهندسی، دانشگاه تربیت مدرس، تهران، ایرا  -1

 

 29/06/1402: ؛            پذیرش14/04/1404:  دریافت

 (m.rezakhah@modares.ac.irنویسنده مسئول: *)
 

   

انفجار، چالش  چکیده  از  ناشی  زیستارتعاشات زمین  به  های  روباز،  معادن  توجهی در عملیات  قابل  ایمنی  و  محیطی 

زمین پیچیدگی  با  مناطق  در  میویژه  ایجاد  عصبی  شناسی  شبکه  یکپارچه  مدل  یک  مطالعه  این  کنند. 

بهینه-مصنوعی تعادلالگوریتم  پیش (ANN-EOA) ساز  برای  بهینهرا  و  از  بینی  ناشی  زمین  ارتعاشات  سازی 

به میانفجار،  توسعه  سرچشمه  مس  معدن  غربی  حساس  دیواره  برای  خاص  مدلطور  دقت  ANN دهد. 

استثناییپیش اوجرا در پیش (R² = 0 ٪۹۶) بینی  پارامتر کلیدی   (PPV) بینی سرعت ذره  بر اساس هفت 

الگوریتم سپس  داد.  نشان  که   EOA آتشباری  کرد  شناسایی  را  آتشباری  بهینه  پیکربندی  یک  موفقیت  با 

میپیش کاهش  بینی  در  ۳۴کند  مقدار   PPV درصدی  بهینهمیلی  ۶.۷۲به  طریق  از  ثانیه،  بر  سازی  متر 

شود. این  ثانیه( و ماده منفجره حاصل میمیلی  ۵۰متر(، زمان تاخیر )  ۷) spacingمتر(،    ۶پارامترهای فاصله )

زند و  یافته و کاربردهای خاص هر معدن را پل میهای هوش مصنوعی تعمیمپژوهش شکاف بحرانی بین مدل

راه یک  میهم  ارائه  سرچشمه  در  ارتعاش  کاهش  برای  عملی  که  حل  انتقال  قابل  روش  یک  هم  و  دهد 

ها بر اهمیت در نظر گرفتن  برد. یافتههای مهندسی معدن را پیش میسازی هوش محاسباتی با چالشیکپارچه

کنند و در عین حال نیاز به اعتبارسنجی میدانی  سازی آتشباری تأکید میشناسی خاص در بهینهشرایط زمین

 .سازندرا به عنوان گام ضروری بعدی برجسته می

 واژگان کلیدی 
سرعت ذره ،  ارتعاشات زمین ناشی از انفجار،(EOA) ساز تعادلالگوریتم بهینه،(ANN) شبکه عصبی مصنوعی 

 معدن مس سرچشمه، (PPV) اوج
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