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ABSTRACT: Mining activities are associated with environmental side effects, which can be successfully predicted and
strategies proposed for mitigating their adverse impacts. The cleaner production policies of green blasting focus on
ecological issues related to mining operations and reduction plans. As a prediction part of this policy, this research
proposed a mathematical model named Gene Expression Programming (GEP) to accurately predict the factors that
generated pollutions, i.e., total suspended particles (TSP), particles dust with an analogous aerodynamic diameter of
less than 10 pm (PM;), and dust emission distance due to mine blasting (DEMB), simultaneously. As the reduction
component of the proposed green blasting policy, the multi-objective grasshopper optimization algorithm was coupled
with the GEP-derived objective functions to simultaneously minimize DEMB, PM;,, and TSP in a limestone mine
located near residential and agricultural areas. To strengthen model validation, the predictive performance of GEP
was also compared with ANN, SVR, RE and XGBoost models. The results showed that XGBoost achieved the highest
numerical accuracy for DEMB, PM;, and TSP prediction, with R? values of 0.9762, 0.9925, and 0.9982, respectively.
However, the GEP models also showed competitive performance, with R* values of 0.9447, 0.9883, and 0.9961 for
DEMB, PM;, and TSP, respectively, while providing explicit mathematical equations suitable for direct integration
into the optimization framework. The MOGOA process generated four Pareto-optimal blasting plans. Among these
solutions, the minimum optimized values of DEMB, PM,, and TSP were obtained as 103 m, 132, and 270 pg/m3,
respectively. These values correspond to relative reductions of 42.51%, 68.17%, and 69.97%, respectively. Considering
both environmental performance and practical feasibility, Plan 1 was recommended as a suitable blasting strategy
because it achieved the greatest PM;, reduction and a substantial TSP reduction while maintaining a comparatively
more feasible blasting configuration.

KEYWORDS: Blast-induced dust; dust emission distance; gene expression programming; multi-objective grasshopper
optimization algorithm; green blasting; limestone mine

1 Introduction

Mining operations are one of the ways for the exploitation of mineral resources underground. On
the one hand, the mining industry provides a foundation for other industries, and its constant activity for
modern living is vital, but on the other hand, owing to its adverse effects on the environment, it faces
crucial challenges. The sub-operations of surface mining, including drilling, blasting, loading, hauling, and
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dumping, have considerable effects on the external environment [1]. Of those, blasting is a routine operation
in the open-pit mines that causes adverse impacts such as dust pollution, sound pollution, gas emission, fly-
rock, backbreak, etc. [2]. In a blasting operation, the drilling process is conducted and then is charged with
explosive compounds. About eighty-five percent of the explosive strength, representing a substantial portion,
is lost due to undesired effects. Dust pollution is one of the crucial impacts, among other consequences, due
to mine blasting that is discharged into the atmosphere and affects the ecosystem, human health, wildlife
habitat, drinking fresh water, etc. Notably, one of the other effects of dust pollution during mine blasting is on
the fauna and flora [3]. The total suspended particles (TSP) and dust particles with an equivalent aerodynamic
diameter less than 10 um (PM;) are dangerous factors for atmospheric pollution and public health [4,5].
PM; and TSP are associated with ocular, respiratory, and lung diseases. In surface mining, many operations
release PM; dust, such as transportation, drilling, blasting, and dumping [6]. The mentioned activities can
be categorized into three main sources: point, line, and area. Of these operations, blasting is classified in the
point sources category that discharges dust particles into the surrounding of the mine, and it has become
a crucial challenge. Therefore, strict control and accurate estimation of the TSP and PM;, from blasting
operations are essential actions in open-pit mining for cleaner mineral production and to control probable
hazards [7].

The United States Environmental Protection Agency (USEPA) proposed several empirical models to
predict dust concentration and emission. Furthermore, scholars have presented experimental formulas for
estimating dust concentration. However, these forecasting models are not appropriate for any condition
in mining operations. The number of studies conducted on dust emission caused by blasting is limited.
Researchers have focused more on the dust emission in other mining operations. However, the dust emission
due to blasting operations can be several times more destructive than other operations.

In the recent decade, traditional models have been proposed as useful methods to estimate blasting
environmental side effects. However, these models presented insufficient accuracy and performance level
for predicting aims. Therefore, artificial intelligence (AI)-based techniques as robust tools are widely used
in engineering problems, especially in earth and mining engineering sciences, for estimating environmental
impacts. In the literature of dust pollution prediction due to mining activities, the following studies have
been reviewed.

Chelani et al. [8] presented multi-layer back-propagation (BP) perceptron neural networks for predict-
ing PM; concentration, and the considerable capability of their models was demonstrated. The PM;, and
PM, 5 have been predicted by McKendry [9] using a conventional ANN. An ANN was developed by Lal and
Tripathy [10] to predict PM;( concentration induced by blasting operation in a surface coal mine exploited
in India. In another research, Alkasassbeh et al. [11] highlighted an ANN model based on the autoregressive
with external. They presented this model to estimate the PM,;, and TSP and concluded that the Al-based
models were better and more accurate than other models. In another study, Mishra et al. [12] integrated the
ANN model with fuzzy logic to construct an ANFIS model for anticipating TSP. They concluded that the
suggested approach is superior compared to conventional ANNs. Dust emission distance is also one of the
essential factors in the analysis of areas affected by dust particles. Accurate forecasting of the distance at
which dust is emitted helps to find environmental points affected by dust damage. In this regard, Bakhtavar
et al. [13] highlighted a model based on a combination of ANN and fuzzy cognitive map to anticipate the
distribution of dust emission distance generated in a surface mine in both horizontal and vertical forms.
In another study, Bakhtavar et al. [14] anticipated dust pollution distance during blasting rounds utilizing
a hybrid fuzzy intelligent probability-based system. They found that Al-based models present the highest
capability in comparison of statistical models. Hosseini et al. [15] addressed to an ANN model integration
of dimensional analysis for anticipating dust emission distance in a limestone mine. Their developed system
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is capable of anticipating dust emission distance due to mine blasting (DEMB) with an acceptable degree
of accuracy. Fuzzy systems and fuzzy numbers have found acceptable applications in mining and civil
engineering domains. The application of Al-based approaches in estimating PM;o and TSP is summarized
in Table 1.

Table 1: Overview of studies employing AI-based techniques for PM;, and TSP prediction.

No. References Year Method Output
1 (8] 2002 ANN PM,o
2 [9] 2002 ANN PM;,
3 [10] 2012 ANN PM;,
4 [11] 2013 ANN PM;,, TSP
5 [12] 2015 ANFIS D.
6 [16] 2016 ANN TSP, PM;
7 [17] 2016 ANN PM;,
8 (18] 2007 ANN PM,o
9 [19] 2011 Regression analysis TSP, PM;
10 [19] 2011 ANN TSP, PM,,
1 [20] 2015 Empirical PM,,
12 [21] 2016 Monitoring DEMB
13 [22] 2016 In-situ investigation PM;o
14 [23] 2019 ANN PM;,
15 [13] 2021 ANN-FCM DEMB
16 [14] 2021 ANN-DA DEMB
17 [15] 2021 Regression-DA DEMB
18 [24] 2022 HFIP DEMB

Note: FCM: fuzzy cognitive map, ANN: artificial neural network, DA: dimensional analysis, HFIP: hybrid fuzzy
intelligent probability-based approach, PM;: particles dust with an equivalent aerodynamic diameter smaller than
10 um, TSP: total suspended particles, DEMB: dust emission distance due to mine blasting.

Based on the review of relevant literature, although scholars have conducted studies about developing
models for anticipating PM;o and TSP in open-pit mines, these are still very sketchy and imprecise.
Therefore, more accurate models are required to be developed. Notably, PM;, and TSP intensity in various
regions/countries/mines/areas with different rock masses, as well as the meteorological parameters, can be
different. Hence, each region needs specific and extensive investigations in order to identify solutions for
overcoming residential and employee health and safety challenges. Moreover, controlling solutions in each
mine should be analyzed and implemented to minimize PM;, and TSP.

In this study, DEMB, TSP, and PM;, due to blasting operation in surface mines were analyzed and
monitored in each blasting round. The Asgarabad2 small-scale limestone mine in Iran was considered a mine
with a critical location from an environmental viewpoint. In this regard, different Al-based methods can be
used for predicting PM;, and TSP; however, selecting the best technique is a challenging issue. This study
aims to develop a predictive model that provides explicit mathematical equations applicable to blast-induced
dust assessment. Therefore, the current study developed a GEP model for the first time to estimate PM;( and
TSP in open-pit mines. The present study is applicable to the environmental science and mining engineering
communities, providing insights for minimizing the impact of PM;, and TSP on the environment.
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The probable desirable impact of dust emissions and generation due to mine blasting on the ecosystems
surrounding the blast site must be reduced by controlling solutions. In this way, dust reduction may be
achieved by adopting two main strategies: (1) implementing preventative attempts before blasting round,
and (2) evaluating the influence of dust production on human health and the environment. However, the
second effort is a time-consuming and exorbitant solution. There have been fewer research studies reporting
on the former solution than the latter, despite the former being the more effective solution. Ionized water
bags were proposed by Abdollahisharif et al. [22] to effectively minimize dust pollution due to blasting
operation. Zhu et al. [25] suppressed dust using adjusting fundamental foam machine elements for dust
reduction. Wang et al. [26] presented an efficient effort using water. They infused water into blasting holes to
significantly reduce dust emissions generated from the blast site. Bakhtavar et al. [13] placed water capsules
containing ionized combinations in the blast-holes and reduced the distribution of dust emission distance
by approximately six times. Apart from the two solutions mentioned, one of the most superlative and
economical solutions is to design blasting patterns to minimize the impacts of dust emissions, which the
current research would attempt. To the best of the authors’ knowledge, no investigation and studies have
been conducted in the literature to obtain the optimal value of blast pattern design factors to minimize
simultaneously DEMB, PM;, and TSP, induced from mine blasting.

Despite the progress made in applying empirical, statistical, and artificial intelligence-based methods to
blasting-related environmental problems, a clear research gap remains in the field of cleaner production and
green blasting. Most previous studies have focused either on predicting a single blasting consequence, such
as dust emission distance, PM;, TSP, flyrock, vibration, or back-break, or on applying post-blast mitigation
measures after dust has already been generated. However, limited attention has been given to developing an
integrated framework that can simultaneously predict and minimize multiple dust-related outputs through
the optimization of controllable blasting design parameters. This limitation is particularly important for
limestone mines located near residential areas, agricultural lands, and sensitive ecosystems, where blast-
induced dust emissions may cause environmental, health, and social concerns. Therefore, the main problem
addressed in this study is how to convert field-monitored blasting data into practical green blasting plans
that can reduce DEMB, PM;, and TSP before blasting operations are performed. To address this gap,
the present study develops an integrated field-data-driven GEP-MOGOA framework. In this framework,
explicit GEP-based mathematical equations are first developed for predicting DEMB, PM; ¢, and TSP using 95
monitored blasting records. These equations are then incorporated into the MOGOA framework as objective
functions to determine Pareto-optimal blasting patterns. The novelty of this study lies in linking interpretable
prediction equations with multi-objective optimization to provide an engineering decision-support tool for
simultaneous dust prediction, dust reduction, and cleaner blasting design. This approach advances the state
of the art by moving beyond single-output prediction toward practical optimization-based dust mitigation
in surface mining.

2 Research Methodology

This study employed the GEP technique to model DEMB, PM;, and TSP for a limestone mine with a
critical location that discharged dust particles into the atmosphere. Since there are living areas close to the
studied mine, the site is in a dangerous position. The flow of methodology is described in the three-step
process as follows. As stated in the research framework, three GEP-based predictive models using effective
variables of DEMB, PM, and TSP were first developed. The GEP models were then used in the MOGOA
process as OFs. In this context, the optimization process was further extended, and the general MOGOA was
comprehensively detailed.
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To provide a clear overview of the methodological procedure, the overall research framework of the
present study is illustrated in Fig. 1. The framework consists of five main stages. In the first stage, field
data were collected from monitored blasting rounds at the Asgarabad2 limestone mine, and the most
influential controllable blasting parameters were selected based on the literature review, physical relevance,
data availability, and practical controllability. In the second stage, the collected dataset was preprocessed
through normalization and then divided into training and testing subsets. In the third stage, three GEP-
based predictive models were developed separately for DEMB, PM, o, and TSP, and their performances were
evaluated using statistical indices, including R?, RMSE, RAE, MAE, and RRSE. In the fourth stage, the
developed GEP equations were incorporated into the MOGOA framework as objective functions, and the
controllable blasting parameters were optimized under defined lower and upper bounds. Finally, Pareto-
optimal blasting plans were obtained and analyzed to identify suitable green blasting strategies for reducing
blast-induced dust emissions. This framework clarifies the connection between prediction, optimization, and
practical dust mitigation in the studied mine.

p
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Figure 1: Research framework of the proposed GEP-MOGOA approach for prediction and multi-objective optimiza-
tion of blast-induced dust emissions.

Step 1: Influential Parameters Gathering

The required database and reviewed relevant research studies were gathered to evaluate the critical
situation in this region. Many parameters affect DEMB, PM;, and TSP, such as blasting pattern design,
meteorological, and rock mass geo-mechanical parameters. Some of these parameters are controllable,
and others are uncontrollable. The corresponding study is tabulated in Table 2, together with the most
influential parameters used in DEMB, PM;, and TSP prediction under two main categories: controllable
and uncontrollable.
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The input variables used in this study were selected according to four main criteria. First, a literature-
based screening was performed to identify the parameters most frequently reported in previous studies
on blast-induced dust emission, PM,o, TSP, and dust emission distance. Second, only parameters with a
clear physical relationship with dust generation and dispersion during blasting were considered. Third, the
selected parameters had to be available in the field database collected from the monitored blasting rounds at
the Asgarabad2 limestone mine. Fourth, since the main purpose of this study was to develop an optimized
blasting pattern, the variables had to be controllable during blast design and implementation. Based on these
criteria, eight controllable blasting parameters were selected as model inputs: hole diameter (R), hole length
(L), specific charge (Q), number of holes (N), delay timing (TD), stemming (St), burden (B), and spacing
(S). Although meteorological variables, including wind speed, wind direction, air temperature, air humidity,
and atmospheric pressure, are important factors affecting dust dispersion, they were not used as decision
variables in the optimization stage because they cannot be directly controlled by mine engineers. Therefore,
the proposed GEP-MOGOA framework was developed using controllable blasting parameters that can be
practically adjusted to reduce DEMB, PM;, and TSP.

Based on the reviewed papers in the literature, as given in Table 2, the most critical parameters were
considered as effective parameters among all parameters listed in Table 2 as follows:

Among the controllable parameters identified in the reviewed research, the parameters which were used
more in the literature review (Table 2) are taken into account as hole diameter (7 times), hole length (5 times),
number of holes (4 times), stemming (6 times), burden (6 times), spacing (6 times), delay timing (6 times),
and specific charge (3 times).

In addition, five parameters of air humidity (13 times), air temperature (13 times), wind speed (13 times),
atmospheric pressure (17 times), and wind direction (7 times) were also the most effective parameters in the
majority of the study, as mentioned in Table 2. However, these parameters are uncontrollable and cannot be
changed; hence, they cannot be incorporated into the optimization framework.

It is worth noting that in the field of blast-induced dust, two groups of problems, consisting of dust
prediction and dust reduction, have been studied. In the first group, as mentioned in recent research such
as [13-15,24], both controllable (blasting pattern design factors) and uncontrollable parameters (micro-
meteorological parameters) are considered. Similarly, both controllable and uncontrollable parameters are
important in the second group of problems, emphasizing the reduction or minimization of the blast-induced
dust emission. Differently, our research does not consider the mentioned problems directly. Actually, it
focuses on another aspect of the blast-induced dust issue, where a blasting plan with the minimum dust
generation would be found as the optimum plan. Given that a blasting plan consists of blasting (controllable)
parameters, only the controllable parameters can be variably evaluated in the optimization process. An
optimized blast pattern with the minimization objective of dust minimizes the amount of dust instead
of the emission distance. Notably, in some specific cases, such as the mine under investigation, where all
blasts have been carried out under steady meteorological conditions, the meteorological parameters could
be assumed constant.

Step 2: Gene Expression Programming

In this research, the GEP method was used to model the fragmentation and obtain a definite equation.
The GEP technique, as an artificial procedure to solve the genotype system, was first invented by Ferreira [30].
This method is a developed version of genetic programming (GP) and follows the evolutionary theorem of
population. It includes both the parse trees (genetic programming) and simple linear chromosomes of fixed
length (genetic algorithm). Developing a mathematical formula to solve intricate and non-linear problems is
possible through evolutionary algorithms (EAs), and especially through GP and GEP [31]. In GEP algorithm,
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individual solutions are represented as chromosomes and are expressed in K-Expression (Ferreira invented
Karva language) to decode programs in the chromosomes (see Fig. 2). As shown in Fig. 2, two principal
portions of the head and tail are existed in GEP chromosomes, which only the terminal (i.e., input variables
and constant values) is located in the heads part, while both functions and terminal (e.g., *, +, +, —, Exp,
Cot, Pow) is located in the tails part [32]. The head size (k) is a defined parameter in the GEP process, which
can be determined utilizing the trial-and-error approach and also the essence of the issue. While tail size (t;)
should be assigned based on the following equation:

te=hs (Amax —1) +1 1

where ay,,, is the maximum argument of the functions [30,33].

012345¢6 78 non-codin
a) E / * + a; a, aya |a; region £
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5 contain a function
=
5 2
]
E 3
g =
b £ E
z 5
= The last line contain
only terminal
Mathematical equation
C) ExP ((al*aZ)/ (a3+ a4)) extracted from the ET

Figure 2: Structure of a chromosome in the GEP algorithm. (a) K-expression, (b) Expression trees (ETs),
(c) Mathematical equation.

Fig. 3 illustrates the steps of GEP modeling. The GEP algorithm was performed by randomly gen-
erating chromosomes of the initial population with a fixed length for all individuals [34]. Afterward, the
chromosomes are represented as the expression trees, and the fitness of each individual is assessed using
the fitness function. The best-fit chromosomes are chosen by the Roulette wheel method [14] to apply
the reproduction process in the next generation. Then, four leading genetic operators, involving mutation,
inversion, triple recombination operators (One-point recombination, Two-point recombination, and Gene
recombination), and triple transportation (IS transposition, RIS transposition, and Gene transposition)
operators are implemented on the individuals, respectively, to convert the population and lead to an increase
in the capability to generate chromosomes with better fitness. Afterward, the best solutions will be copied
into the next step. The iteration continues until the best solution is obtained or the maximum number of
generations is met (the stopping condition).
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Figure 3: Schematic diagram of the GEP algorithm.

Step 3: Optimal Tuning of Blasting Pattern Based on a Multi-Objective Optimization Algorithm

As aforementioned, an optimal blasting pattern is suggested for optimization of dust pollution due
to bench blasting to appropriately perform an eco-friendly scheme and decrease dust dispersion. The
optimization algorithm is capable of accurately and efficiently improving the capability of the objective by
obtaining its optimum parameters. Owing to the MO nature of the eco-friendly problem and the inherent
conflicts between the objectives, MOGOA was employed, utilizing three OFs: PM;, TSP, and DEMB.

Multi-Objective Strategy
The defined function in MO optimization is determined on the basis of the optimal solution set,
concerning that all objectives can be viewed as essential. The multi-objective optimization problem (MOP)

arises in many applications where two or more functions are optimized concurrently. The MOP can be
formulated as follows:

Minimize F(x) = [fi (x), fo(x)s ..., fu (x)]"

Subjectto:gi(x) >0, i=12,...,n 2)
hi(x)=0, i=L2,...,0
Li<x;<U;, i=12...,p

where m, o, n, d are the number of OFs, the number of equality constraints, the number of inequality
constraints, and the number of variables, respectively. x = [x;, X, . . ., x] indicates a vector of design.

Variables, g; and h; represent the ith inequality constraint and equality constraint, respectively, and
[L;, U;] represents the ith variable boundaries.

An external archive (A) containing a set of solutions with the highest accuracy can be defined in the
MOP, where the problem can be solved in the best way by storing these solutions in the archive. This archive
preserves recorded solutions that are generated for the non-dominated solution obtained in the search stage.
Firstly, the determined search space is initialized. This archive can be updated repeatedly, and the best
solutions are determined as Pareto optimal solutions or non-dominated solutions [35]. In MOP, the obtained
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solutions owing to multi-criterion comparison metrics are inherently incomparable using logical operators.
Therefore, other operators should be considered to extract and determine the preponderance of a solution
as opposed to another if it meets the following conditions:

Pareto dominance: provided two vectors V = (v, v,, ..., ¥,) and W = (wy, wa, ..., w,). The vector V is
dominated by the vector W if and only if vector W signifies tendentiously less than vector V in the objective
spaces, as shown in the following:

(W)<fi(V)Yi
{ﬁ(W)<ﬁ(V)EIi’ i=12,...,m 3)

In which m indicates the amount of OFs.

Pareto optimal solution (POS): vector W indicates a POS if and only if not dominated by any further
solutions acquired.

Optimal Front (PFopimar) is a set of POS that represents a set of solutions that are not dominated by
any others. The optimisation algorithms are implemented with the aim of searching for the highest-accuracy
approximation of trustworthy POS, i.e., convergence in the presence of uniformly distributed variables in
overall defined objectives [36].

Fig. 4 illustrates a scheme of POS and the non-dominated solution(s) in the MOP. This is an MOP
with two OFs (two-dimensional space), and the purpose is to minimize the OFs. In the overview of non-
dominated solutions, the f; and f, values related to the C solution are more than the f; and f, values of the A
and B solutions, i.e., f1(C) > f1(A) and f,(C) > f1(B). Accordingly, C is dominated by A and B. Nevertheless,
the A and B solutions do not dominate each other and are recognized as non-dominated solutions [37].

[Pareto
[[IDominated
n O [ [IWeak Pareto

fl

£2(A) < £2(B) 22
Figure 4: An illustrative scheme of the Pareto optimal solution.

Grasshopper Optimization Algorithm

In the first, GOA was presented by Saremi et al. [38]. The GOA originates from the natural swarming
behavior of grasshoppers. The position of grasshoppers in a population denotes a feasible solution to a certain
optimization problem, which Eq. (4) calculates the situation of the ith grasshopper and simulates the triple
component:

X,':Si+Gi+Ai (4)

In this Equation, X; denotes the location of the grasshoppers, S; stands for the social interaction, G;
indicates the gravity force on the ith grasshopper, and A; denotes the wind flow.
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The three components of the social interaction (S;), wind advection (4;), and gravity (G;) make up the
flying pathway of a grasshopper colony [39]. The social interaction component is the principal exploration
tool in the grasshopper algorithm, which is determined as Eq. (5):

N
Si = Z N (dl]) dz] (5)
j=1
jEi
in which d; j stands a unit vector from the ith to the jth grasshoppers, calculated as d; i= %, d is the
ij
distance between the ith and jth grasshopper, computed as d;; = ‘x i— x,-‘ and s shows a function to determine
the strength of social forces and N: the number of grasshoppers. As shown in Eq. (5), the function “s” is the

principal element of the social interaction and expresses the motion direction of the grasshopper swarm,
which is defined as Eq. (6):

s(r)=fel —e” (6)

In which f is the strength of attraction, r is a random number in [0, 1], and / denotes the attractive
length scale.

The “s” function creates attraction and repulsion between the grasshopper’s swarm. The distance among
the grasshoppers is so influential in a swarm movement. Examining Fig. 5, as it is seen, if the length between
the ith and jth grasshoppers varies from 0 to 2.079, they repulse each other so that they do not collide with
each other. Until the distance between two grasshoppers varies from 2.079 to 4, attraction strength rises
between grasshoppers to preserve continuity and prevent irregular dispersion of artificial grasshoppers. The
Comfort zone is an area where attraction and repulsion forces do not work, and occurs if the distance between
the grasshoppers is accurately 2.079. After the attraction force reaches 2.079, it rises again and goes up to the
limit of 4, and finally begins to decrease gradually. A schematic model of the grasshopper swarm and the types
of forces that exist between them is shown in Fig. 6 [39]. If the strength of attraction and the attractive length
scale (parameters [ and f in Eq. (6)) of grasshopper populations changes within a certain range, their social
behaviors change as a function of distance (Fig. 7). Although the s function has particular merit in simulating
the social behavior of artificial grasshoppers, it still cannot implement sufficient forces between grasshoppers
with vast distances between them. Mapping or normalizing the distance between each grasshopper between
1 and 4 dissolves this problem completely.

s(d) when I=1.5 and f=0.5

0.02

0
-0.02} \
0.04}
S
S (XY)-2.079,0)
>
-0.06]
-0.08}
0.1}
0125 5 10 1s

Distance (d)

Figure 5: Function s when I be 1.5 and f be 0.5.
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Figure 6: Repulsion and attraction force with the comfort zone in GOA (based on [39]).
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Figure 7: Changing the [ or f value and its effect on function s behavior.
The G; element in Eq. (7) is determined as follows:
Gi = -gég 7)

in which g is the gravitational constant, é, is the unity vector in the direction of the center of the earth.

The A; element in Eq. (8) is determined as follows:
A,‘ = uéw (8)

where u is the constant drift, é,, is the unity vector in the direction of wind.
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According to Eqs. (2), (4) and (5), d;; = ‘xj - xi‘ and c?,»j = xjd_fc" , Bq. (8) can be rewritten as Eq. (9):

ij

xj—xi

- — gég +ué, (9)

1

N

Xi= 2 s(lyi—xl)
j=1
j#i

A balance between exploration and exploitation phases is a crucial issue in order to have an efficient
optimization algorithm. In other words, performing accurate and effective exploration and exploitation
operations reasonably approximates the global optimum and solves major optimization problems. Eq. (9),
as a mathematical model, must have certain parameters to present explorations and exploitations in various
optimisation steps. Therefore, the following mathematical equation solves these problems:

N — ;= i A
Xi=¢ Z cwsﬂxd—xd)% + Ty (10)

In which the upper and lower bounds are shown as ub; and Ib; in the dth dimension, T, is the value
of the dth dimension in the objective (best solution found so far), and c stands for a decreasing modulus to
contract the comfort, repulsion, and attraction regions.

Noteworthy that s parameter is approximately similar to the s parameter in Eq. (4). Nevertheless, we do
not examine the gravity force between the grasshoppers (G; element) and always consider the unit vector
in the direction of wind towards a target. Notably, the ¢ parameter inside parentheses reduces repulsion or
attraction forces between swarm grasshoppers in proportion to the number of iterations. But the ¢ parameter
outside parentheses decreases the search coverage around the target in proportion to the iteration counter.
By applying Eq. (11), the ¢ parameter is updated, leading to a gradual reduction in explorations and a
corresponding increase in exploitations over successive iterations.

c — Cmi
! max min 11
— 1 1n

C = Cmax —

In this equation, ¢, and ¢, are the max and minimum values of the ¢ parameter, I stands for the
present repetition, and L stands for the max number of iterations. The flowchart representation of the
grasshopper algorithm is demonstrated in Fig. 8.
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Figure 8: The flowchart representation of GOA.

3 Case Study and Data Analysis
3.1 Mine Description

The monitoring of blasting rounds for collecting required data was performed in the Asgarabad2 mine.
This mine operates on a small scale, in which a 12.3 million-ton ore deposit is extracted to fulfill the demand
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for raw materials required by the Urmia White Cement Plant. The geographical location and topographical
map of this mine are illustrated in Fig. 9. As seen, many inhabited areas (over 150 villages and one city), Salt
Lake Urmia, and adjacent farms (more than 150 km?) are located in very close proximity to the mine.

A‘,M,,, N AZERBAIJAN '}h._f

Krasnovodsk
4 i (’; \

¢ TURKMENISTAN i

Ashkabad

it :

National capital
Provincial capital
City, town
Airport I
International boundal|
Provincial boundary
Main road
Secondary road
~ Railroad

Figure 9: Geographical location and topography of the mine area together with a blasting shot.

The appropriate explosive material utilized in the mine is a mixture of ammonium nitrate and fuel oil
(ANFO). First, a pattern is designed, and several holes are drilled in the rock mass. Then, drill holes are
charged by using ANFO and emulite cartridge. Finally, charged drill holes are blasted by considering the
defined delay timing. According to the review of previous papers, the most important blasting parameters
on DEMB, PM,, and TSP, including the number of holes, delay timing, stemming, hole diameter, burden,
spacing, charge per delay, and hole length, were immediately measured after 95 blasting shots and employed
in constructing the proposed model. The annual descriptive statistics of controllable parameters of monitored
blasting rounds are recorded in Table 3.

Table 3: Inputs and outputs parameters and their range.

Controllable Parameters Symbol Unit Mean StD Minimum Maximum
Hole diameter R mm 6784 5.63 64 76
Hole length L m 5.03 174 2 9

Specific charge Q g/ton 165.79 18.16 114.62 198.65
Inputs Number of holes N - 39.04 34.34 7 190
Delay timing TD ms 508 334 2 18
Stemming St m 173 0.44 0.6 2.5
Burden B m 1.91 0.13 L5 21
Spacing S m 2.17 0.13 1.8 23

(Continued)
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Table 3 (continued)

Controllable Parameters Symbol Unit Mean StD Minimum Maximum

D —
st emission distance DEMB m 17916 2004 124 214
due to mine blasting
Particles dust with an

Outputs  equivalent aerodynamic PM;p pg/m’ 414.75 120.89  172.62 697.22
diameter smaller than 10 pm
Total suspended particles TSP pg/m® 898.96 345.97 278.77 1727.37

Notably, Pearson’s correlation matrix of parameters is demonstrated in Fig. 10, which shows the relativity
between the inputs and outputs as well as relativity between each input parameter together. The correlation
matrix shows that the dust-related outputs are influenced by different blasting parameters with varying
degrees of linear association. DEMB shows relatively strong positive correlations with hole length, burden,
and spacing, with correlation coefficients of 0.66, 0.57, and 0.58, respectively. In contrast, delay timing
shows a noticeable negative correlation with DEMB, with a coefficient of —0.69. For PM;, the highest
positive correlations are observed with specific charge and burden, with coefficients of 0.68 and 0.57,
respectively, while delay timing has a negative correlation of —0.48. Similarly, TSP is positively correlated
with specific charge and burden, with coefficients of 0.51 and 0.48, respectively, and negatively correlated with
delay timing, with a coefficient of —0.53. These results indicate that parameters related to explosive energy
distribution and blast geometry play an important role in dust generation and dispersion. Moreover, the three
output variables are positively correlated with each other, as DEMB-PM, o, DEMB-TSP, and PM,,-TSP have
correlation coefficients of 0.52, 0.53, and 0.47, respectively.

R 1 -0.14 047 -023 -033 0.17 031 067 033 0.097 6.9E-4

— 0.8
L |-014 1 0.58 -0.0086 -048 0.37 045 0.12 066 0.36 0.38

— 0.6
Q| 047 o058 1 -027 | -068 041 057 063 022 068 0.51

— 0.4

N | -0.28 -0.0086 -0.27 1 0.39 -0.27 | -0.44 -0.58 -0.32 -0.077 -0.042

TD | -0.33 |-048 068 039 1 . 05 .. -0.48  -0.53 — 0.2

St| o017 037 041 -027 1 069 05 024 029 028 — 0

B |03 045 057 -044 -05 0.69 1 012 057 057 048 L 02

S|o67 o012 063 -0.58 . 05 012 | 1 058 026 0.1 L 04
DEMB | 033 066 022 -0.32 024 057 058 1 052 0.53 L 06

PM10 |0.097 0.36 0.68 -0.077 -0.48 0.29 0.57 0.26 0.2 1 0.47
-0.8

TSP |6.9E-4 038 051 -0.042-058 028 048 021 053 047 1

EC v O Q0 & R 9 R 0 K
o\ {(/@ QV\\ <2

Figure 10: Pearson correlation matrix of input parameters and dust-related outputs, including DEMB, PM;,, and TSP.
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To better illustrate the characteristics of the input and output parameters, a violin plot is demonstrated
in Fig. 11. The violin plots provide information on both the probability density and the spread of each variable,
while the internal box plots show the median and interquartile range. The figure indicates that some blasting
parameters, such as burden and spacing, have relatively narrow distributions, reflecting the operational
constraints of the blasting pattern in the studied mine. In contrast, variables such as the number of holes,
specific charge, PM;, and TSP show wider distributions, indicating greater variability among the monitored
blasting rounds. The output variables, particularly PM;, and TSP, exhibit wider dispersion than several input
parameters, confirming that dust concentration is highly variable and affected by the combined influence of

multiple blasting factors.
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Figure 11: Violin plot of input and output parameters.
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To improve the transparency and verifiability of the field database, a representative portion of the
monitored blasting records is presented in Table 4. The table includes the main controllable blasting
parameters and measured dust-related outputs used for model development. The full database consisted
of 95 monitored blasting rounds, while Table 4 provides representative raw records to show the structure
and range of the dataset. Each record contains eight controllable blasting parameters, namely hole diameter,
hole length, specific charge, number of holes, delay timing, stemming, burden, and spacing, together with
meteorological variables and the measured outputs, including DEMB, PM;, and TSP.

Table 4: Representative raw records from the monitored blasting database.

R(mm) L(m) Q(g/ton) N TD (ms) St(m) B (m) S(m) DEMB (m) PM,, (ug/m’) TSP (ug/m’)

64 2 12634 11 15 0.6 1.5 1.8 135 173 300
64 5 182.87 48 6 1.55 1.9 2.1 186 383 998
64 6 174.05 52 5 2 1.9 2.1 178 472 1093
64 3 158.74 45 10 1.2 1.9 21 163 282 552
64 6 172.20 38 5 2 1.9 21 176 449 1066
76 4.5 181.60 72 3 1.8 2 2.3 197 401 886
76 4.5 189.65 32 3 1.8 1.9 2.3 205 424 876
76 4.5 181.28 63 3 1.8 2 2.3 197 393 875
76 6 198.65 29 2 21 1.9 2.3 214 529 1206
76 4.5 189.66 34 3 1.8 1.9 2.3 195 434 913
76 4.5 189.29 24 4 1.8 1.9 2.3 194 405 938
76 6 198.18 15 2 21 1.9 23 203 525 1269
76 6 198.30 19 2 21 1.9 2.3 203 528 1213
76 3 15708 28 5 1.5 1.9 2.3 163 330 553
64 5 167.82 35 3 1.6 1.9 2.2 172 370 878
64 3 149.87 37 5 1.2 1.9 2.2 154 245 510
64 5 16758 28 3 1.6 1.9 2.2 172 364 871
64 3 148.45 13 5 1.2 1.9 2.2 153 270 454
64 5 16758 28 3 1.6 1.9 2.2 172 363 848
64 4.5 148.45 22 4 1.8 1.9 2.2 182 372 741

Meteorological conditions were also recorded during the field monitoring program because they
directly affect the dispersion and transport of blast-induced dust. The monitored meteorological variables
included air humidity, air temperature, wind speed, atmospheric pressure, and wind direction. Table 5
summarizes the actual variation of these variables during the monitored blasting rounds. As shown in
the table, air humidity varied from 3% to 30%, air temperature ranged from —-3.2°C to 26.3°C, and wind
speed ranged from 3.6 to 8.8 km/h. Atmospheric pressure showed a relatively narrow variation, ranging
from 84.2 to 84.77 kPa. Wind direction varied from 40° to 270°, with a mean value of 132°, indicating
that dust dispersion direction could vary among blasting events. These results confirm the importance of
meteorological conditions in blast-induced dust transport.

However, these meteorological variables were not included as decision variables in the optimization
framework because they cannot be directly adjusted through blasting design. In contrast, parameters such
as hole diameter, hole length, specific charge, number of holes, delay timing, stemming, burden, and spacing
can be controlled by mine engineers before blasting. Therefore, the proposed MOGOA framework focused
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on controllable blasting parameters to identify practical blasting patterns for reducing DEMB, PM;, and
TSP. Meteorological variables were considered as field environmental conditions affecting dust dispersion,
while controllable blasting parameters were used as optimization variables.

Table 5: Meteorological conditions recorded during the monitored blasting rounds.

Parameters Symbol Unit Minimum Mean Maximum
Air humidity AH % 3 11.94 30
Air temperature AT °C -32 16.39 26.3
Wind speed WS km/h 3.6 5.89 8.8
Atmospheric pressure Pr kPa 84.2 84.45 84.77
Wind direction WD degree 40 132 270

Although meteorological variables were recorded and reported in this study, they were not included as
input variables in the GEP models or as decision variables in the MOGOA framework. This exclusion intro-
duces a source of uncertainty because blast-induced dust dispersion is strongly affected by environmental
conditions, particularly wind direction, wind speed, air humidity, and temperature. As shown in Table 5,
some meteorological variables, especially wind direction and air humidity, exhibited noticeable variation
during the monitored blasting rounds. Therefore, the predicted and optimized dust-related outputs should
be interpreted within the range of meteorological conditions observed in the field database.

The main reason for excluding meteorological variables from the optimization decision space is that
they cannot be directly controlled by mine engineers during blast pattern design. The objective of the present
study was to optimize controllable blasting parameters, including hole diameter, hole length, specific charge,
number of holes, delay timing, stemming, burden, and spacing. Nevertheless, meteorological variability may
influence the uncertainty of DEMB, PM,,, and TSP predictions. Therefore, the optimized blasting plans
proposed in this study should be considered site-specific engineering candidates and should be implemented
with attention to real-time weather conditions, especially unfavorable wind direction or high wind speed.

Future studies should incorporate meteorological variables into the prediction—optimization frame-
work using scenario-based analysis. For example, separate optimization scenarios can be developed for low-,
moderate-, and high-wind conditions or for different dominant wind directions. Coupling the proposed
GEP-MOGOA framework with dust dispersion models or real-time meteorological monitoring could
further improve the robustness and practical applicability of optimized green blasting plans under variable
environmental conditions.

3.2 Field Monitoring and Dust Measurement Procedure

Field monitoring was conducted during 95 blasting rounds at the Asgarabad2 limestone mine to
establish a database for predicting and optimizing blast-induced dust emissions. For each blasting round,
both blasting design parameters and dust-related response variables were recorded. The monitored input
parameters included R, L, Q, N, TD, St, B, and S. The output variables consisted of DEMB, PMj,
concentration, and TSP.

As shown in Fig. 12, PM; and TSP concentrations were measured using a portable real-time dust mon-
itoring system equipped with size-selective particulate matter sampling capability. The PM;, concentration
was recorded using a PM,, aerosol monitoring channel. At the same time, TSP was measured using the total
suspended particle monitoring mode of the same portable dust monitoring system or an equivalent high-
volume suspended particulate sampler. The monitoring equipment was installed at a downwind monitoring
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station selected according to the expected direction of dust movement after blasting. The sampling point
was located in an open area without local obstructions to ensure that the measured dust plume accurately
represented blast-induced dust dispersion. The inlet of the monitoring device was positioned approximately
1.5 m above ground level to represent near-surface exposure and the breathing-zone height commonly used
in field dust monitoring.
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Figure 12: Schematic representation of the field monitoring procedure for blast-induced dust.

For each blasting round, the monitoring device was activated before detonation to record the ambient
background dust concentration. Background monitoring was carried out for approximately 10 min before
blasting. After detonation, PM,;, and TSP monitoring continued for approximately 20-30 min, or until the
visible dust plume had substantially dispersed and the measured concentrations approached the pre-blast
background level. The PM;( and TSP values used in the modeling database were obtained from the maximum
background-corrected concentration recorded during the post-blast dust dispersion period. This approach
was adopted because the highest short-term concentration is more representative of the immediate dust
impact generated by a blasting event.

To minimize the effect of pre-existing ambient dust, background correction was applied by subtract-
ing the pre-blast background concentration from the post-blast measured concentration. The corrected
concentration was calculated as follows:

Ceorrected = Cpost—hlust - Cbackground (12)

where Ceorrected is the background-corrected blast-induced dust concentration, Cpogt-pias: is the maximum
concentration measured after detonation, and Cpackground is the average concentration measured during the
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pre-blast background monitoring period. Before each monitoring campaign, the dust monitoring device was
inspected, zero-checked, and calibrated according to the manufacturer’s recommended procedure. The flow
rate and sampling inlet were also checked to ensure stable operation during field measurements.

DEMB was defined as the maximum horizontal distance from the blast source to the farthest visible
boundary of the dust cloud or dust deposition zone after each blasting event. This distance was measured
along the dominant downwind direction using a handheld GPS receiver, field markers, and laser rangefinder
measurements where accessible. Immediately after detonation, the dust plume movement was visually
tracked by field observers, and the farthest point reached by the visible dust cloud was identified. The
horizontal distance between this point and the blast source was then recorded as the DEMB value for that
blasting round. This definition was used because DEMB represents the spatial extent of blast-induced dust
dispersion and is directly related to the potential exposure of nearby agricultural lands, residential areas,
mine facilities, and sensitive environmental receptors.

The field monitoring procedure, therefore, consisted of six main steps: pre-blast preparation, back-
ground monitoring, blast event observation, post-blast dust sampling, DEMB measurement, and database
construction. The collected dataset was subsequently used for GEP-based prediction of DEMB, PM;, and
TSP and for MOGOA-based multi-objective optimization of blasting parameters.

During the field monitoring program, meteorological conditions were recorded to characterize the
environmental conditions under which the blasting rounds were performed. The monitored meteorological
variables included wind speed, wind direction, air temperature, and relative humidity. These parameters
were measured using a portable field meteorological station installed near the dust monitoring location and
were also checked against local meteorological records. Wind direction was particularly important because
DEMB was measured along the dominant dust dispersion direction. The monitored blasting rounds were
conducted under relatively comparable meteorological conditions to reduce the influence of extreme weather
variability on the dust database. Nevertheless, the meteorological variables were not used as optimization
variables because they cannot be controlled during blast pattern design. Instead, the optimization framework
focused on controllable blasting parameters that can be practically adjusted by mine engineers.

3.3 Model Evaluation

In this research, GEP technique was constructed to anticipate DEMB, PM;,, and TSP, where their
dependability of effectively should be evaluated. In this regard, five statistical metrics, including coefficient
of determination (R?), root mean-squared error (RMSE), relative absolute error (RAE), mean absolute
error (MAE), and root relative squared error (RRSE) are calculated to denote the relationship between the
measured and estimated DEMB, PM;, and TSP values. The computation formula of these indices is as
follows [40]:

i(oz _Pz)2
R2 =12 (13)
> (0, - P’
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1
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where, n stands for the number of data, O;, P; and P indicates the observed, predicted and average of the
observed values, respectively. It is important to mention that these statistical metrics have been used by many
researchers in their relevant studies.

3.4 Data Preparation

This study develops a GEP model with eight independent parameters and one target parameter to
anticipate DEMB, PM;, and TSP in Asgarabad2 limestone mine. In the first step, the collected dataset were
normalized in the interval [0, 1] to simplify the modeling procedure as follows [13]:

Xnorm = —= (18)
Xmax ~— Xmin

where x,,,,m» denotes randomized values, x; is measure data, x,,,;,, and x,,,,, denote the min and max values of

data [13].

In the model development stage, the normalized dataset was initially divided into five folds. This split
was used to develop and report the original GEP equations and their train-test performance. However,
considering the relatively small size of the database, which consisted of 95 monitored blasting records, relying
only on a single random split may not be sufficient to demonstrate model robustness. Therefore, the final
validation strategy was strengthened by applying a 5-fold cross-validation framework.

In the 5-fold cross-validation procedure, the dataset was randomly divided into five approximately equal
subsets. In each iteration, four folds were used for model training, while the remaining fold was used for
testing. This process was repeated five times so that each fold was used once as the testing subset. The final
performance was then reported as the mean and standard deviation of the evaluation indices across the five
folds. This procedure was applied to the GEP models and the baseline machine-learning models to provide
a more reliable assessment of model generalization and to reduce the possible bias associated with a single
train—test split.

4 Results and Discussions

4.1 Modelling of DEMB by GEP

In this step, different GEP models with various numbers of genes, chromosome length, and head
size were obtained. However, a better GEP equation is only selected as the most accurate model based on
performance indices defined in Eqs. (13)-(17). Adjusting parameters required to construct the GEP model
are reported in Table 6. The best or most accurate model has the highest R? and lowest RMSE, RAE, MAE,
and RRSE. For the best model, the calculated value of R? should be close to 1, and the calculated value of
RMSE, RAE, MAE, and RRSE should be close to 0.
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Table 6: Adjusting the GEP model parameters.
GEP Model
Parameter Type Parameter ode
DEMB PM;, TSP
S1 Numbe.r of 3000 3000 3000
generations
S2 Number of genes 7 4 3
General Settin S3 Chromosomes length 90 125 55
£ w4 Head size 8 6 6
S5 Linking function Subtraction Subtraction Addition
Exp(x), sin(x), Exp(x),
5 t > i 5 t > Xz) >
36 Function set cos(x) an()lc/)3 sin(x) an(x) +
sqrt(x), 2, x'/3, cos(x) +, -, — %,/
+, =5 %, / *, /
S7 Fitness function RMSE RMSE RMSE
S8 Mutation Rate 0.0256 0.0375 0.00712
IST, o
$9 RIS Transposition 0.0473 0.0502 0.00699
Rate
Genetic Oberators S10 IS Transposition Rate 0.0473 0.0502 0.00699
P S11 Inversion Rate 0.0473 0.0502 0.00699
- 1 t
S12 One-poin 0.0198 0.0649 0.00436
Recombination Rate
Two-poi
S13 wo-point 0.0198 0.0649 0.00436
recombination rate
si4 ~ CGenerecombination 0.0198 0.0649 0.00436
rate
S15 Gene transposition 0.0198 0.0649 0.00436
S16 Constants per gene 10 10 10
Floating- Floating-
Numerical Constants S17 Data type Floating-Point oatng oatng
Point Point
S18 Lower bound -10 -10 -10
S19 Upper bound 10 10 10
. S20 Training percentage 80% 80% 80%
Data Splitt
ata Spithng S21 Validating percentage 20% 20% 20%

By importing controllable parameters listed in Table 3 into the estimation phase of the modeling process,
the GEP model was separately obtained to estimate the DEMB, PM,,, and TSP. A GEP model with the
maximum accuracy and minimum error level was achieved among 8 various GEP models. The mathematical
formula related to the GEP predictive DEMB model is represented in Eqs. (19)-(26). As can be seen, this
model involves seven genes. The properties of the DEMB model are mentioned in Table 6, which denotes
that the linking function of genes is “subtraction”, the chromosome length was 90, and the head size was set

as 8. These values attained the best GEP model for the prediction of DEMB.
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Cos (0.6 +2 x St)

genel =8.1— Sin (St TD) (19)
gene2=B—tan(L)+ Q+ L+ St (20)
gene3 =tan(Cos(R+55+S—R—-TD + St)) (21)
gened = In(1-Sin (L x St x (0.93 + [R x TD]))) (22)
genes = (-13.78 + N)'/° (23)

1/3
gene6 = (Cos (\/ e(SXTD?)xTD L)) (24)
gene7 = Sin (\/E x 8§ x(=5.37) x (S+ 7.89)) (25)
DEMB = genel — gene2 — gene3 — gene4 — gene5 — geneb — gene’7 (26)
Furthermore, the mathematical expressions related to PM;, predictive models were formulated

in Eqgs. (27)-(31). Based on Table 6, the predictor PM;o, model includes 4 genes linked through the
“substruction” linking function and head size of 6 and chromosome length of 125.

genel=St+((R+TD)xL)+R (27)
gene2=8-9.49 x Cos(Bx L) (28)
gene3 = ¢Sin((NxS)-TD+(5.49xQ) (29)
TD
gene4 = — (30)
Sin (44.62 -6.68 x §)
PM,, = genel — gene2 — gene3 — gened (31)

Moreover, the TSP predictive model is constructed using 3, 55, 6, “addition” for the number of genes,
chromosome length, head size, and linking function, respectively. The GEP expression formula for TSP
prediction is shown as Eqs. (32)-(35).

genel=(LxQ)-(TD+9.25)+R (32)

gene2 =tan (N xBx (TD-S) - Q) (33)
St

gene3 = tan (TD2 x ?) -5.87 (34)

TSP = genel + gene2 + gene3 (35)

Sub-ETs related to generated genes in GEP predictive models of DEMB, PM;, and TSP are demon-
strated in Fig. 13. These schemes represent how genes structure GEP models by using genetic operators,
number of genes, chromosome length, head size, linking function, and function set. Circles (nodes) enclose
operators and controllable parameters; however, arrows connect nodes to link a unique form of an equation.
As shown in Fig. 13, sub-ETI, sub-ET2, ..., sub-ET# is the schematic form of genel, gene2, ..., genen,
respectively. The recorded values of DEMB, PM;, and TSP parameters are compared to the predicted values
in Fig. 14. Besides, the statistical indices were calculated to train and test parts, as illustrated in Fig. 14.
Noteworthy that the obtained GEP models are used in the optimization framework in the form of OFs to
lead to the minimum value of DEMB, PM;, and TSP in the Asgarabad2 mine.
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Figure 13: Sub-ETs of GEP models for predicting DEMB, PM;, and TSP.
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Figure 14: Measured and predicted of the DEMB, PM;, and TSP models.

Based on Fig. 14, it is revealed that the GEP model has an acceptable performance in estimating DEMB
with an R? of (0.9447 and 0.9179), RMSE of (4.6717 and 5.5212 m), RAE of (0.2183 and 0.2614), MAE of
(3.4844 and 3.8946 m), and RRSE of (0.2356 and 0.2834) on the training and testing parts, respectively.
The GEP model also performed well in estimating PM, in this study with an R? of (0.9883 and 0.9413),
RMSE of (14.4479 and 18.3938 pg/m?), RAE of (0.1000 and 0.5158), MAE of (11.8862 and 15.5469 pg/m’),
and RRSE of (0.1084 and 0.5464) for the training and testing phase, respectively. The results show that the
capability of the DEMB model is slightly poorer than that of the PM, y model. Furthermore, the value of R* of
(0.9961and 0.9590), RMSE of (23.9327 and 26.0958 pug/m’), RAE of (0.0645 and 0.2009), MAE of (19.7917 and
23.1494 pg/m’®), and RRSE of (0.0631 and 0.2043) on the train and test dataset of GEP predictive model
indicated that the TSP predictive system was the most accurate system among the DEMB and PM;, systems.
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4.2 Strengthened Model Validation and Baseline Comparison

To further evaluate the generalization capability of the developed predictive models, the validation
procedure was strengthened. Since the available database consisted of 95 monitored blasting records, a
single random partition may be affected by sampling bias and may not fully reflect the predictive stability
of nonlinear models. Therefore, a 5-fold cross-validation framework was adopted in this study. As shown
in Fig. 15, the dataset was randomly divided into five approximately equal subsets. In each iteration, four folds
were used for model training, while the remaining fold was used for testing. This procedure was repeated five
times so that each fold was used once as the testing subset. The final model performance was then evaluated
based on the average prediction performance across the five folds.
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Figure 15: Strengthened model validation framework based on 5-fold cross-validation and baseline model comparison
for DEMB, PM; g, and TSP prediction.

Fig. 15 illustrates the strengthened validation framework used in this study. The procedure includes
random shuffling of the 95 blasting records, splitting the database into five folds, iterative training and testing,
comparison with baseline models, and evaluation using statistical performance indices. The same eight input
variables, namely hole diameter, hole length, specific charge, number of holes, delay timing, stemming,
burden, and spacing, were used for all models. The target outputs were DEMB, PM;, and TSP.

In addition to the proposed GEP models, four baseline machine-learning models were developed for
comparison: artificial neural network (ANN), support vector regression (SVR), random forest (RF), and
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extreme gradient boosting (XGBoost). The comparison was performed using the same input variables, output
variables, and evaluation criteria. The results are summarized in Table 7.

Table 7: Baseline model comparison for DEMB, PM;, and TSP prediction.

Output Model R? RMSE (m) MAE (m)

ANN 0.9253 5.7866 5.0159
SVR 0.8784 7.2809 5.7421
DEMB RF 0.9565 4.2045 3.6532
XGBoost 0.9762 3.1379 2.6830
GEP 0.9447 4.6717 3.4844

Output Model R RMSE (pg/m’) MAE (pg/m’)
ANN 0.9418 33.3959 29.5287
SVR 0.9194 39.5347 33.5945
PM; RF 0.9907 13.0833 11.0769
XGBoost 0.9925 11.6271 9.7653
GEP 0.9883 14.4479 11.8862

Output Model R RMSE (pg/m’) MAE (pg/m’)
ANN 0.9533 82.8515 72.5193
SVR 0.9362 100.3021 88.5906
TSP RF 0.9977 18.1566 15.7178
XGBoost 0.9982 16.3581 14.2772
GEP 0.9961 23.9327 19.7917

As presented in Table 7, all nonlinear models provided acceptable predictive performance for the
three dust-related outputs. Among the baseline models, SVR showed the weakest performance, with R?
values of 0.8784, 0.9194, and 0.9362 for DEMB, PM; y, and TSP, respectively. ANN improved the prediction
accuracy compared with SVR; however, its errors remained higher than those of the ensemble-based models.
RF and XGBoost produced the strongest numerical performance among the baseline models, confirm-
ing the capability of ensemble learning techniques to capture nonlinear relationships in blast-induced
dust prediction.

For DEMB prediction, XGBoost achieved the highest R? value of 0.9762 and the lowest RMSE and MAE
values of 3.1379 and 2.6830 m, respectively. The proposed GEP model also showed strong performance, with
an R* of 0.9447, RMSE of 4.6717 m, and MAE of 3.4844 m. For PM;, prediction, XGBoost again provided
the best numerical accuracy, with an R? of 0.9925, RMSE of 11.6271 ug/m?, and MAE of 9.7653 pg/m?’. The
GEP model achieved a comparable R* of 0.9883, with RMSE and MAE values of 14.4479 and 11.8862 pg/m’,
respectively. Similarly, for TSP prediction, XGBoost obtained the highest R? of 0.9982, while the GEP model
achieved a very close R* value of 0.9961.

Although XGBoost provided the best numerical accuracy, the GEP models were selected for integration
with the MOGOA framework because they provide explicit mathematical equations. This feature is a major
advantage for optimization-based engineering applications, as the generated equations can be directly used
as objective functions for DEMB, PM;, and TSP minimization. In contrast, black-box models such as ANN,
RF, and XGBoost are less transparent and are more difficult to directly interpret or implement as analytical
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objective functions. Therefore, the proposed GEP models offer an effective balance between prediction
accuracy, interpretability, and practical applicability for green blasting optimization.

Although the available dataset consisted of 95 monitored blasting records, the risk of overfitting
was reduced by applying the same preprocessing procedure and 5-fold cross-validation framework to all
predictive models. Nevertheless, because the dataset size is relatively limited, the developed models should be
interpreted as site-specific predictive tools, and further validation using larger datasets from different mines
and blasting conditions is recommended in future studies.

To provide a more reliable assessment of model robustness under the limited dataset size, the final
validation strategy was based on 5-fold cross-validation. In this procedure, the performance of each model
was evaluated across five validation folds, and the final results were reported as the mean and standard
deviation of R?, RMSE, and MAE. The same validation procedure was applied to all predictive models,
including ANN, SVR, RE, XGBoost, and GEP, for the three target outputs, namely DEMB, PM10, and TSP.
The summarized cross-validation results are presented in Table 8.

Table 8: Five-fold cross-validation performance of the developed models reported as mean + standard deviation.

Output Model R? RMSE (m) MAE (m)
ANN 0.9204 + 0.0020 5.9426 + 0.5438 5.3277 + 0.6439
SVR 0.8726 + 0.0016 6.9657 + 0.5726 5.7455 + 0.5194
DEMB RF 0.9512 + 0.0025 4.8103 + 0.2766 3.5568 + 0.6891
XGBoost 0.9718 + 0.0031 3.1615 + 0.6091 2.3198 + 0.5656
GEP 0.9399 + 0.0032 4.7931 + 0.4724 4.0698 £ 0.3905
Output Model R RMSE (pg/m’) MAE (pg/m’)
ANN 0.9387 + 0.0028 33.2527 + 0.6629 29.0193 + 0.3947
SVR 0.9148 + 0.0046 39.3097 + 0.5853 33.7611 + 0.5056
PM10 RF 0.9843 + 0.0041 13.0137 £ 0.6088 10.8313 + 0.5829
XGBoost 0.9869 + 0.0035 11.5247 + 0.8461 9.6909 + 0.5591
GEP 0.9822 + 0.0032 14.6239 + 0.6876 12.1580 + 0.3812
Output Model R RMSE (pg/m’) MAE (pg/m’)
ANN 0.9485 + 0.0013 83.3073 + 0.7140 72.2627 + 0.6461 pg/m3
SVR 0.9317 + 0.0033 100.3949 + 0.4669 88.5978 + 0.7858 pg/m3
TSP RF 0.9933 + 0.0033 18.0428 + 0.5436 15.9324 + 0.6936 pg/m’
XGBoost 0.9934 + 0.0031 16.6627 + 0.5577 14.1838 + 0.6646 pg/m’
GEP 0.9897 + 0.0026 24.2949 + 0.4182 19.3821 + 0.2016 pg/m3

The 5-fold cross-validation results confirm that the developed models maintained stable predictive
performance across different validation folds. XGBoost achieved the highest numerical accuracy for the
three dust-related outputs, with R?> values of 0.9718 + 0.0031, 0.9869 + 0.0035, and 0.9934 + 0.0031
for DEMB, PM10, and TSP, respectively. However, the GEP models also showed competitive and stable
performance, with R? values of 0.9399 + 0.0032, 0.9822 + 0.0032, and 0.9897 + 0.0026 for DEMB, PMI10,
and TSP, respectively. The relatively small standard deviations indicate that the model performances were
not strongly dependent on a single data split. Although XGBoost provided the best numerical accuracy,
GEP was selected for the optimization stage because it generates explicit mathematical equations that can be
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directly embedded into the MOGOA framework as objective functions. Therefore, the final model selection
considered not only predictive accuracy, but also interpretability and suitability for optimization-based
engineering implementation.

4.3 Blasting Pattern Optimization

This study uses a grasshopper optimization algorithm in an MO framework (herein named MOGOA)
for determining the optimal blasting plan. The first step in the MOGOA is defining OFs. In this regard, the
GEP predictive models for DEMB, PM;, and TSP are adjusted in the MOGOA framework.

In the second step, the constraints of the modeling process should be determined as shown in Table 9,
20% less than the minimum and 20% more than the maximum values of blasting parameters were
respectively defined as lower and upper bounds required in MOGOA. The three OFs related to DEMB, PM;,
and TSP are defined through Eqs. (36)-(38).

Minimize - F (fi (x), f (x), f3 (x))

Minimize fi(x) = DEMB

Cos(0.6+2xS5t)
“Sin(StxTD)

—tan (L) +Q+ L + St]
tan (Cos (R+5.5+S—R—-TD + St))]
In(1-Sin (L x St x (0.93+[R x TD])))] (36)

1

/e(SXTDH)XTD L))3

[s

-[B

-1

-1

-[« 1378+N)]
[ n (VB xS x (-5.37) x (S +7.89))]
Minimize f, (x) = PM

St+((R+TD)xL)+R]

[
[S 9.49 x Cos (B X L)] (37)
[eSzn((NxS) TD+(5. 49><Q))]

Sin(44. 62 6. 68xS)]

c
Subject to:
51.2<R<91.2
1.6 <L <10.8
91.7<Q <2384
5.6 <N <228
1.6 < TD <21.6
0.48< St <3
1.2<B <252
1.44 <§<2.76

(38)
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Table 9: Defining lower and upper bounds for controllable parameters.

. Lower Bound 20% Upper Bound 20%
Controllable Parameters Min Max Less than Min More than Max
R 64 76 51.2 91.2
L 2 9 1.6 10.8
Q 115 199 91.7 238.4
N 7 190 5.6 228
TD 2 18 1.6 21.6
St 0.6 2.5 0.48 3
B 1.5 2.1 1.2 2.52
S 1.8 2.3 1.44 2.76

The lower and upper bounds of the optimization variables were defined based on the observed range
of the monitored blasting database. To allow the optimization algorithm to search for improved blasting
patterns beyond the historically implemented designs, a limited engineering extension of 20% below the
observed minimum and 20% above the observed maximum was considered for each controllable blasting
parameter. This extension was selected as a controlled search margin rather than an unrestricted extrapo-
lation range. It provides the MOGOA with sufficient flexibility to identify improved blasting configurations
while maintaining the search space close to the practical range of blasting operations at the studied mine.

However, because GEP is a data-driven model, predictions outside the observed range may involve
extrapolation uncertainty. Therefore, the optimized solutions obtained within the extended bounds were
interpreted as engineering candidate plans rather than directly universal blasting prescriptions. Before
implementation, each optimized plan should be checked against operational feasibility, drilling equipment
capacity, bench geometry, explosive loading practice, safety requirements, and site-specific production
constraints. In this study, the 20% extension was used to explore feasible improvements in blasting design
while avoiding excessively unrealistic parameter combinations. This strategy provides a balance between
optimization flexibility and engineering practicality.

In the third step, the values for cmin, Cmax, and the number of populations of grasshoppers were
determined to be 75, 1, and 3 x 107°, respectively, and were fixed based on the trial-and-error procedure.
Actually, the number of grasshoppers 75 deals with the minimum values of the cost functions. In addition, the
optimization process was performed in 1000 iterations. The MOGOA was examined for specifying optimum
input and output values utilizing the developed DEMB, PM;, and TSP, in which the optimized values of
each factor are given in Table 10. A total of 25 runs were carried out based on the MOGOA. The optimization
results tabulated in Table 10 indicate the Pareto solution of blasting plan parameters. The Pareto solutions
achieved by the trained algorithm are illustrated in Fig. 16. As can be found, 4 solutions are selected as the
best blasting plan. According to the achieved results, 4 non-dominant blasting plans for the Asgarabad2
mine were obtained. Each can be considered a solution to dust reduction, and mine managers choose and
implement one blasting plan according to purpose. For example, if the mine is searching to minimize the
DEMB, it must implement Plan 4.
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Table 10: Pareto solution of blasting pattern factors for the optimum DEMB, PM;,, and TSP.
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Figure 16: Pareto-optimal plot and chosen best solutions.

The optimization results indicate that the proposed MOGOA framework can substantially reduce the
dust-related outputs compared with the original mean values. For DEMB, the optimized values obtained
from Plans 1-4 were 126, 117, 104, and 103 m, respectively, corresponding to reductions of 29.67%, 34.70%,
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41.95%, and 42.51%. Therefore, Plan 4 produced the lowest DEMB value. For PM, the optimized concentra-
tions were 132, 143, 153, and 166 pg/m?, corresponding to reductions of 68.17%, 65.52%, 63.11%, and 59.98%,
respectively. Thus, Plan 1 achieved the greatest PM;, reduction. For TSP, the optimized values were 293,
277, 276, and 270 pg/mS, corresponding to reductions of 67.41%, 69.19%, 69.30%, and 69.97%, respectively.
Therefore, Plan 4 provided the greatest reduction in TSP. These corrected values show that all optimized
plans considerably reduce blast-induced dust pollution, while the choice of the most suitable plan should
consider both environmental performance and practical blasting feasibility.

Although the implementation of Plan 4 generates the minimum value of DEMB and TSP, it is costly
because the number of holes in this plan is high (226) and requires more ANFO. The authors proposed plan
1 to implement in the Asgarabab2 mine because it significantly reduces PM;, and TSP. To overcome DEMB
effects, ionized water ampules are suggested by Abdollahisharif et al. [22] can be applied.

In the Asgarabad2 mine, the designation of the blasting patterns as performed experimentally and the
implementation of blasting rounds is carried out traditionally. Therefore, it is very difficult to monitor and
control dust emission and its negative environmental impacts. Hence, the blasting plan by MOGOA deals
with optimum values of controllable parameters and minimizes DEMB, PM;, and TSP, which is an eco-
friendly policy.

4.4 Sensitivity Analysis

The latter stage of the study is to determine the sensitivity of the DEMB, PM;,, and TSP to each
influential parameter. In this study, factor (r) is calculated to specify sensitivity analysis, which can be
computed as follow:

M=

(ei—¢;)-(pi-p)

i=1

\/.i1 (eji—2) é (pi-P)°

1

(39)

r(e p) =

where e it ith values of the jth influential variable, €j: mean value of the jth effective variable, p;: ith value
of the output, and p: mean value of the anticipated output.

The higher the value of r, the more severe the impact of the inputs on the outputs. The impact of the
output(s) on the inputs is illustrated in Fig. 17, schematically. As a result, parameters of the number of holes
and delay timing negatively affect DEMB, PM,, and TSP, and the rest of the inputs positively affect the
DEMB, PM;, and TSP outputs.

The parameter of stemming has the most impact (r = 0.843) on DEMB, and the number of holes has the
lowest effect (r = —0.317) on DEMB. Furthermore, the values of 0.956 and 0.097 were obtained for parameters
of hole length and hole diameters; therefore, L and R are the most effective (r = 0.956) and least effective
(r =0.097) parameters on PM;,. In addition, the hole length with r value of 0.979 has the highest impact,
and the spacing with r value of 0.212 has the lowest impact on TSP.
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Figure 17: Strengths of relations between effective parameters and DEMB, PM;, and TSP.

4.5 Environmental and Health Risk Assessment of Dust Emissions

This sub-section examines the effect of limestone dust on both the internal and external mine
environment. Risk management involves the systematic implementation of each of the following steps:

In the first step, risk should be identified. Then, the identified risk should be evaluated. In the subsequent
step, applying measures to reduce potential risks is important. Finally, monitoring and reviewing end the
risk management process. Solid particles are classified as dust when their aerodynamic diameter is less than
75 um, according to the definition established by the International Organization for Standardization (ISO).
In the mining operation, dust particles can be generated and released during different operational activities
such as mining, transportation, crushing, etc. In the present research, the potential risk of dust pollution
during mine blasting (limestone dust) was studied. Table 11 illustrates the essential information from the
limestone Asgarabad2 mine needed to evaluate the dust emission risk at the surface station. This information
is prepared using various points inside and outside the mine pit, as shown in Fig. 18. Each of the points shown
in Fig. 18 can be affected by dust. But the most important points are listed in Table 11. Numerous studies have
investigated the effect of limestone dust on the surrounding agriculture and residential regions, highlighting
its adverse effects on both ecosystems and the health of mine workers.

Limestone dust poses several adverse effects on human health, particularly among workers and
personnel in mining environments. Limestone primarily consists of approximately 95% calcium carbonate
(CaCO;) and a smaller proportion of magnesium carbonate (MgCO;). When inhaled, the crystalline silica
content (ranging from 1%-20%, with concentrations of 2-5 mg/m®) can trigger inflammatory responses
in the respiratory system. Exposure may lead to irritation of the airways, narrowing of the respiratory
passages, and other related symptoms. To mitigate these risks, early monitoring of dust levels and assessing
Interleukin-8 (IL-8) serum responses to crystalline silica are recommended [41].
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Table 11: A dataset obtained from the examined case study concerning dust emission distance-related risk.

Maximum Dust Emission ~ Distance between Blasting

Station Type Blasting Source Distance (m) and Station (m)
Processing plant 1 124 1711
City 2 156 1490
Rainfed farm 3 147 578-2610
Material mixing storage 4 204 555
Crowded village 5 178 1622-1791
Garden 6 192 210-13,371
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Figure 18: The location of blasting sources and other points under the dust emission distance risk in Asgarbad2 mine.

Beyond human health, limestone dust can accumulate on the leaves, twigs, and bark of plants. In regions
with frequent rainfall, this thin layer of dust is often washed away, whereas in arid areas, it can persist, causing
long-term damage. Dust deposition alters the leaf surface, disrupts energy balances, and inflicts harm due to
the alkaline nature of limestone. It also obstructs stomata and accelerates chlorophyll degradation, ultimately
impairing photosynthesis and threatening plant health [42].

Additionally, due to its high carbonate content, limestone dust significantly increases soil pH when
deposited in large quantities [43]. This rise in alkalinity can limit the availability of essential nutrients, which
is particularly concerning in regions with extensive agriculture and livestock grazing, potentially leading to
dissatisfaction among local communities. Interviews with miners, farmers, and villagers indicated that the
most noticeable impacts of limestone dust were observed on vegetation and garden crops. The impact of
dust in this area is shown using the following equations. Among the main consequences of the events in the
Asgarabad2 limestone mine due to the dust emission are:
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- Damage to plants and gardens (D)

- Appearance of lung and respiratory diseases (D,)
- Agricultural soil pollution (Ds)

- Contamination of livestock drinking water (D)

According to the studies and the opinions of various experts in this field, the percentage of damage
caused by dust-related consequences is as follows:

- 70% Damage to plants and gardens (R (Dy))

- 5% Appearance of lung and respiratory diseases (R (D))
- 20% Agricultural soil pollution (R (D3))

- 5% Contamination of livestock drinking water (R (Dy))

It should be noted that the above cases are relative redress and these percentages can be changed
according to the project and the redress. The total damage to the mine due to the dust emission can be
calculated from the following equation.

Ry =R(Dy) +R(D,) +R(D3) + R(Dy) (40)
R(D,) = 14A (41)
R(D,)=A (42)
R(D;) =4A (43)
R(Dy)=A (44)

where A is the amount of relative damage. Finally, the risk of the points marked in Table 12 can be expressed
as follows:

Table 12: Risk assessment of different points.

Station Type Risk
Processing plant Low
City Medium
Urmia lake Very low
Material mixing storage High
Crowded village High
Garden Very high

A ten-year analysis of the region’s wind patterns revealed that the prevailing winds originate from
the southeast. Consequently, this dominant wind direction carries dust toward densely cultivated gardens,
agricultural fields, urban areas, and over 120 surrounding villages. These areas are therefore particularly
vulnerable to dust deposition, highlighting the urgent need for the implementation of innovative mitigation
strategies. Abdollahisharif et al. [22] Suggested the use of water bags containing ionized combination. This
type of bag is used after charging. Placing a bag on top of the blasthole has been shown to capture a substantial
quantity of dust particles and toxic gases generated during blasting. This approach can effectively limit
dust dispersion in the immediate area. While personal protective equipment such as masks, gloves, and
safety gear can help reduce exposure for mine workers, these measures cannot prevent dust from affecting
nearby gardens, villages, or other sensitive areas. Additionally, dust emissions within the mine can be further
minimized by optimizing the blasting pattern.
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5 Cleaner Production of Mine

The Asgarabad2 small-scale limestone mine has newly emerged as a significant ecological concern
due to its proximity to residential areas and agricultural lands, raising considerable concern among local
communities. As illustrated in Fig. 18, the areas most vulnerable to the mine’s impacts include a town located
1.42 km away and over 125 surrounding villages. This mine is also encompassed by thick vegetation within a
16 km radius, covering approximately 142 km?* of agricultural gardens. Furthermore, the nearby arid regions
to the northwest and a Salt Lake situated 10 km from the mine add to the environmental sensitivity of the area.

Dust at the Asgarabad2 mine is primarily generated through drilling, blasting operations, and road
transport. Upon blasting, dust is initially ejected vertically into the air and subsequently dispersed hor-
izontally by wind forces. This blast-induced dust, often containing toxic substances, poses serious risks.
Atmospheric airborne particles interact with gases, liquids, and solids, with mineral dust constituting a major
component [44,45]. Airborne dust can transport toxic metals such as lead and zinc, resulting in prolonged
negative impacts on human health, plant life, fertile soils, and water intended for consumption.

The emission and dispersion of particles are influenced by particle size and wind speed, with wind
speed being particularly critical [46]. Air pollution is influenced by mining activities, whether through
direct operations or indirect processes. Notably, PM; affects air quality, visibility, ecosystems, and human
health. In the case of the Asgarabad2 mine, blast-induced dust rich in calcium particles severely impacts
nearby vegetation and agricultural lands, especially since farmland is located less than 100 m from the mine,
amplifying the significance of this study. Observations at the mine indicated that horizontal dust dispersion
exceeds vertical dispersion due to the influence of wind. Vertical dust largely remains within the mine,
whereas horizontal dust can travel hundreds of meters beyond the mine boundary. To quantify this, regional
wind patterns were analyzed using WRPLOT software, which employed wind rose diagrams and wind speed
data. The inputs included longitude, latitude, elevation, wind speed, wind direction, as well as temporal data
(years, months, hours, and minutes). Historical wind database spanning from 2000-2019 were processed,
standardized, and input into the software to assess dust dispersion.

Furthermore, meteorological conditions, particularly wind speed and direction, play a crucial role in
dust dispersion. Therefore, a historical meteorological database spanning the past twenty years was analyzed
to evaluate wind patterns surrounding the Asgarabad2 mine. Utilizing WRPLOT software, as presented
in Fig. 19 and summarized in Table 13, it was found that the highest wind speed, 3.14 m/s, occurs during the
spring season, with the average wind speed peaking in April at 3.21 m/s—coinciding with the period when
most blasting operations are conducted. Notably, the wind analysis further revealed that the prevailing wind
direction throughout the year is generally from the southeast. This orientation directs dust toward densely
vegetated areas, agricultural gardens, the nearby city, and over 120 residential communities, as indicated
in Fig. 19. These findings underscore the significant environmental and health risks associated with dust
emissions in the region.
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Figure 19: Wind analysis results for different months.



Comput Model Eng Sci. 2026;148(2):25 39
Table 13: Seasonal wind characteristics in the study area.
Seasons/ Predominant Probability Average Wind Class Frequency Distribution
Months/ Wind Directions (%) Windspeed
Hours (Degree) (m/s) Calms (<0.5) 0.5-2.1 2.1-3.6 3.6-5.7 5.7-8.8  8.8-11.1 11.1>
Spring 78 23 3.14 33 38.1 30.2 18.9 7.3 1.5 0.3
Summer 146 29 2.78 3.4 40.7 35.2 18.1 2.3 0.1 0.1
Autumn 114 28 2.35 10.1 50.5 27.6 9 2.1 0.5 0.1
Winter 97 29 2.46 8.8 51.2 26 9.9 3.2 0.6 0.1
January 101 32 2.22 11.3 55 24.5 6.7 2 0.3 0
February 97 28 2.5 7.6 50.3 28 10.2 3.2 0.6 0.1
March 73 25 3.06 4.4 41.8 28.1 16.3 6.9 2 0.4
April 64 21 3.21 3.2 36.7 30.5 19.3 8.2 1.6 0.5
May 79 25 312 3.8 39.2 277 19.3 7.5 1.3 0.2
June 116 24 2.97 2.8 37.8 35.4 18.7 44 0.8 0.1
July 144 31 2.86 2.4 39 36.5 19.2 2.7 0.2 0
August 154 31 2.74 33 42.5 343 18.1 1.6 0.1 0
September 128 25 2.74 4.9 413 34.1 16.5 2.7 0.3 0.2
October 112 28 2.52 8.5 46.5 30.4 11.4 2.4 0.7 0.2
November 119 27 2.17 111 55.2 26.4 5.7 1.3 0.2 0
December 112 31 2.1 13.5 56.5 21.4 6.2 1.8 0.3 0
All season 110 25 2.68 6.4 451 29.8 14 3.7 0.7 0.1
10:00 1;1\1\;1[-12:00 146 15 2.66 5.7 462 30 141 32 0.6 0.1
01:00-03:00 PM 131 13 2.83 7.4 42.5 26 171 5.7 0.9 0.2
04:00-06:00 PM 92 64 2.48 5.8 46.6 36.8 9.3 12 0.1 0

Blasting operations at the mine are typically conducted during the periods of 10:00-12:00, 13:00-
15:00, and 16:00-18:00. Consequently, wind analyses were performed specifically for these time intervals. As
illustrated in Fig. 20, the prevailing wind direction during all these periods remains predominantly from the
southeast. Table 13 shows that the highest wind speed, 2.83 m/s, occurs between 13:00 and 15:00. The data
also indicate that the occurrence of calm winds is insignificant throughout the day. Wind flows with speeds
ranging from 0.5-2.1 m/s were found to have the highest frequency.

10:00 AM-12:00 PM

146 deg - 15%

01:00-03:00 PM

Resultant Vector
131 deg - 13%

04:00-06:00 PM

Resulant Vector
92 deg-64%

Figure 20: Wind analysis results for blasting times.

To mitigate dust emissions, several eco-friendly strategies aligned with green development policies have
been proposed for the Asgarabad2 mine. One such measure involves limiting blasting rounds to fewer than
30 holes per session. However, since the mine supplies raw materials to the Urmia White Cement Plant, these
restrictions can only be applied to a limited number of blasts annually. For blasting rounds exceeding 30
holes, the operation must proceed as planned to ensure the continuity of the plant’s supply chain.
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At the Asgarabad2 mine, dust is initially propelled by the force of the blast within the first three seconds.
Approximately five seconds during bench blasting, the movement of dust slows and becomes increasingly
influenced by wind. Around ten seconds post-blast, the dust clouds disperse quickly, transport the mine,
and begin to extend into the surrounding region. Field observations have shown that fine dust particles from
blasts settle on tree leaves within a one-kilometer radius of the mine. To assess the extent of dust dispersion,
multiple monitoring points were established around the mine. Vegetation located in the prevailing wind
direction accumulated higher amounts of dust. Based on average wind speeds, it is anticipated that the dust
can travel several kilometers beyond the mine. However, due to the relatively low mining tonnage at this
site, the total volume of airborne dust is limited. Consequently, the optimal time for blasting is around noon,
when wind speeds are typically lower than at other times of the day. To further mitigate dust emissions, the
approach introduced by Abdollahisharif et al. [22] can be employed, which involves using bubbles containing
an ionized solution (see Fig. 21). This method has been shown to reduce the vertical spread of dusts from
18-12 m, representing a thirty-three percent decrease in vertical dispersion.

Figure 21: Ionized water ampoules and blasting hole (based on Abdollahisharif et al. [22]).

At the Asgarabad2 mine, a green blasting strategy has been implemented by incorporating ionized water
ampoules in the stemming section of blastholes. While this biocompatible approach significantly reduces
dust emissions, additional measures aligned with green blasting principles can be applied to meet the plant’s
material demand while adhering to sustainable development objectives.

In this study, both pre-blast and post-blast analyses were conducted to identify all factors influencing
dust generation. Adjustments to controllable blasting parameters, such as B, S, and PE, were found to have
a substantial impact on dust production, as revealed by sensitivity analyses. However, these modifications
can also affect other critical blasting outcomes, including fragmentation, flyrock, and the total blasted rock
volume. To address this, we focused on optimizing the blasting pattern using metaheuristic algorithms. By
implementing a biocompatible approach, dust emission was initially reduced to 39 m. Further optimization,
taking into account fragmentation and flyrock, allowed dust dispersion to be minimized to 24 m.

Wind speed is another crucial factor, as it can transport particles of a micron scale over long distances
immediately after dust generation. Designation of an optimum environmentally friendly blasting pattern
provides two key benefits: (1) minimizing dust generation through pattern optimization, and (2) employing
a biocompatible method to further reduce dust and facilitate its absorption.
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The environmental and health impacts of limestone dust around the mine are considerable. Limestone
primarily consists of 95% calcium carbonate (CaCOs) and a smaller fraction of magnesium carbonate
(MgCOs). Inhalation of limestone dust containing crystalline silica (1 to 20%, with concentrations of 2 to
5 mg/m’) can trigger inflammatory responses in humans. Respiratory irritation and airway narrowing are
also common effects. Timely monitoring and assessment of Interleukin-8 (IL-8) serum are important to
mitigate the adverse health impacts of crystalline silica [41]. Accumulation of dust particles on leaves, twigs,
and plant surfaces can further interact with chemical and physical factors, emphasizing the importance of
the proposed biocompatible approach combined with IL-8 monitoring to reduce associated risks.

6 Limitations and Future Directions

Although the proposed GEP-MOGOA framework showed strong potential for predicting and reducing
blast-induced dust emissions, some limitations should be acknowledged. First, the database used in this
study consisted of 95 monitored blasting records collected from a single limestone mine. Therefore, the
developed models should be interpreted as site-specific predictive tools, and their direct application to
other mines, rock types, or blasting conditions requires further validation. Second, although meteorological
variables were recorded and discussed, they were not included as decision variables in the optimization
process because they cannot be directly controlled during blast design. Third, the optimization bounds were
extended by 20% beyond the observed data range, which provides engineering flexibility but may introduce
extrapolation uncertainty. Therefore, the Pareto-optimal blasting plans should be considered engineering
candidate solutions and should be verified through field implementation before full-scale application.

7 Conclusions

The dust pollution problem was concentrated in the current study, emphasizing its significance for
environmental side effects in the mines nearest to residential and agricultural regions. The ecological
consequences of dust pollution and reduction plans are essential points that have been considered due to the
eco-friendly policies of green mining. The prediction of blast-induced dust pollution seems more complex
by general techniques since some factors affect the dust dispersion in the mines. Numerous efforts have
been made to develop simplified models for predicting dust pollution with high accuracy. However, due to
process uncertainties, pronounced non-linear effects, and the multitude of influencing factors, discrepancies
between model predictions and actual measurements are commonly observed. Hence, this study developed
an integrated GEP-MOGOA framework for predicting and minimizing blast-induced dust emissions in the
Asgarabad? limestone mine. This study developed an integrated GEP-MOGOA framework for predicting
and minimizing blast-induced dust emissions in the Asgarabad2 limestone mine. Based on the results
obtained, the main conclusions are summarized as follows:

1. Main findings:

A field database including 95 monitored blasting rounds was used to develop predictive models
for DEMB, PM10, and TSP. Eight controllable blasting parameters, including hole diameter, hole length,
specific charge, number of holes, delay timing, stemming, burden, and spacing, were considered as input
variables. The developed GEP models showed strong predictive performance, with R* values of 0.9447,
0.9883, and 0.9961 for DEMB, PM10, and TSP, respectively.
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2. Model validation and comparison:

XGBoost achieved the highest numerical accuracy, with R? values of 0.9762, 0.9925, and 0.9982 for
DEMB, PM10, and TSP, respectively. However, GEP was selected for the optimization stage because it
provides explicit mathematical equations that can be directly used as objective functions in MOGOA.

3. Optimization outcomes:

The MOGOA process generated four Pareto-optimal blasting plans. The minimum optimized
values of DEMB, PM10, and TSP were 103 m, 132, and 270 pg/m3, respectively, compared with the
original mean values of 179.16 m, 414.75, and 898.96 ug/m’. These values correspond to reductions of
42.51%, 68.17%, and 69.97%, respectively. Although Plan 4 provided the lowest DEMB and TSP values,
Plan 1 was recommended as the most practical option because it achieved the greatest PM10 reduction
and a substantial TSP reduction while maintaining a more feasible blasting configuration.

4. Novelty and engineering significance:

The novelty of this study lies in linking explicit GEP-based prediction equations with a multi-
objective optimization algorithm to simultaneously predict and minimize DEMB, PM10, and TSP. This
framework provides a practical decision-support tool for green blasting design and cleaner production,
especially in mines located near residential areas, agricultural lands, and sensitive environmental
receptors.

5. Limitations and future recommendations:

The main limitations of this study are the relatively limited dataset size, the site-specific nature of the
field data, and the exclusion of meteorological variables from the optimization decision variables because
they cannot be directly controlled during blast design. Future studies should validate the proposed
framework using larger datasets from different mines, rock types, blasting patterns, and meteorological
conditions. Field implementation of the optimized blasting plans is also recommended to confirm their
practical effectiveness.
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GEP Gene Expression Programming
TSP Total Suspended Particles

DEMB Dust Emission Distance Due to Mine Blasting
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USEPA United States Environmental Protection Agency
BP Back-Propagation

ANN Artificial Neural Network

ANFIS Adaptive Neuro-Fuzzy Inference System

MOGOA Multi-Objective Grasshopper Optimization Algorithm

GP Genetic Programming

EAs Evolutionary Algorithms

MOP Multi-Objective Optimization Problem

POS Pareto Optimal Solution

GOA Grasshopper Optimization Algorithm

ANFO Ammonium Nitrate and Fuel Oil

RMSE Root Mean-Squared Error

RAE Relative Absolute Error

MAE Mean Absolute Error

RRSE Root Relative Squared Error

OF Objective Functions
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