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Abstract

Blasting is considered an indispensable process in mining excavation opera-
tions. Generally, only a small percentage of the total energy of blasting is con-
sumed in the fragmentation and displacement of the rock, and the rest of the
energy is transmitted to the structures and environment surrounding the
mined area. The air overpressure (AOp) induced by explosions in open-cast
mines has unavoidable environmental and safety consequences, but can be
minimized to an acceptable threshold to limit environmental damage and the
impact on the sustainability of mining activities. The development of numer-
ical predictive models of AOp was the main objective of this study. Thus, the
methodology used to achieve this main objective was articulated around six
parts: knowledge of the study area, processing and statistical analysis of the
data collected, development of both numerical and empirical prediction mod-
els, and evaluation of model performance of the numerical model parameters.
The results show that only numerical models are suitable for predicting AOp.
Moreover, numerical models generally perform better than empirical models
in predicting this phenomenon. Among these AI models, the results show that
the DT model is the best suited for predicting AOp in this study, with remark-
able performance results (RRSE of 0.08, RAE of 0.05, RMSE of 0.29, MAE of
0.37, MAPE of 0.07, and an R? of 0.994). This could therefore justify its appli-
cation in practical engineering to predict blast-induced AOp in open-cast
mines to reduce undesirable environmental effects.
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1. Introduction

Blasting is considered an essential process in mining excavation operations, with
the aim of loosening or reducing the massive structure of high-strength bedrock
to enable cost-effective mechanical excavation [1]. Drilling and blasting are the
most economical and commonly used rock fragmentation techniques, not only in
mining operations, but also in several civil engineering applications such as tun-
nelling and road construction [2]-[6]. Unfortunately, the energy used in mining
operations is not only consumed in the fragmentation of the rock mass. Generally,
only 20% to 30% of the total energy is consumed in the fragmentation and dis-
placement of the rock [7], and the rest of the energy is transmitted to the rock,
structures and environment surrounding the mined area in the form of ground
vibrations, flying rock, noise, mound feet and back breakers [8]-[13].

The air overpressure (AOp) resulting from mining operations represents an
undesirable effect of the use of explosives. It represents the shock wave that is re-
fracted horizontally by density variations in the atmosphere and gradually dies
out with time and distance [14]-[16]. This pressure wave is made up of an audible
sound and a subaudible sound. The highest-frequency part (>15 Hz) of the pres-
sure wave emerging immediately near the explosion is audible, while the subau-
dible part is the lowest-frequency part located in the infrasound region (<15 Hz).
The inaudible part generally occurs far from the explosion site [14]. AOp is de-
fined in terms of sound level and is measured in decibels (dB) or pascals (Pa), with
20 Hz being the lowest detectable sound level for humans [17]. Consequently, it
is undeniable that there is a concussion risk for humans in the event of exposure
to sounds above 20 Hz. The level of AOp likely to cause structural damage is 180
dB, that of glass breakage 130 to 180 dB, and that of window vibrations 110 to 130
dB. Consequently, many measures are taken to keep AOp below 110 dB in critical
areas where the public is concerned [17] [18]. According to Khandelwal & Kankar
[19], the geometry of the blast pattern, distance from the blast face, amount of
explosive charge per delay, geological discontinuities, direction of blast, topogra-
phy of the blast site, and vegetation are the main parameters that influence AOp.
Konya and Walter [20] have indicated that AOp can be controlled by good bore-
hole containment or tamping (in terms of material type and length). In addition,
other parameters such as atmospheric conditions, overloading, brittle strata, and
conditions resulting from secondary mining can have a direct influence on AOp
[21] [22]. However, AOp induced by blasting is difficult to predict, as the same
blast pattern can produce different results in different cases [23].

To control the undesirable effects of mining-induced AOp, predictive methods
can be applied. A review of the literature has indicated that the empirical and ar-
tificial in-telligence (AI) approaches are the two main methods used for this pur-
pose [24]. In empirical methods, the explosive charge per delay (or maximum ex-
plosive capacity) (W) and the watch distance (D) have been used to predict the
AOp induced by mining operations. Numerous researchers have investigated and

developed experimental equations for rapidly predicting AOp with the highest
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possible degree of confidence [25]-[27] (Table 1).

Table 1. Empirical models for predicting AOp.

Predictive approaches of AOp Equations
3
National Association of Australian State (1983) P= M
3
Persson et al. (1994) P=0.7=* \D/W
D
McKenzine (1990) P =165-24log [W}

However, the results of previous studies have shown that empirical methods
lack precision [7] [8] [15] [28]-[30]. There are several reasons for the limitations
of experimental techniques. Firstly, they generally only consider the relationship
between the explosive charge per delay and the monitoring distance. However,
other factors influencing AOp, such as those mentioned above, are not considered
[31]-[33]. Secondly, empirical techniques are often studied for specific areas. Con-
sequently, their generalizability remains very low, as does their accuracy when ap-
plied to other areas. Thirdly, the empirical equations only consider the linear re-
lationship between the influencing parameters. However, most of the influencing
parameters have non-linear relationships with the AOp [34].

To overcome these limitations, Al has been studied and developed because of
its ability to generalize and explain complex non-linear relationships [24]. Cur-
rently, Al using Big Data has become an indispensable tool in all fields, particu-
larly research into the sustainable management of natural resources [35]-[38]. In
mining, AI has been widely applied for the prediction and assessment of slope
stability [39], prediction of mining problems [32] [40] [41], prediction of access
roads in longwall mines [42], prediction of the health risk caused by whole-body
vibrations from mining trucks [43], etc. To predict mining-induced AOp, several
researchers have studied and successfully developed different AI models.
Khandelwal & Singh [28] developed an artificial neural network (ANN) system to
predict blast-induced AOp from 56 mining recordings collected in a magnesite
mine. Initial results were significant, with a mean absolute percentage error
(MAPE) of 2.74 and a corresponding coefficient of determination (R?) of 0.96. In
another study, Hajihassani et a/. [23] trained an ANN with an evolutionary algo-
rithm (particle swarm optimization—PSO), namely an ANR-based PSO model,
using 62 AOp datasets. Their results showed that the ANR-based PSO model cor-
rectly predicted the AOp caused by mining operations, with a correlation coeffi-
cient of determination (R?) of 0.94. Hasanipanah et a/. [44] used adaptive neuro-
fuzzy inference system (ANFIS), ANN, fuzzy systems (FS) techniques and an em-
pirical equation to estimate the AOp induced by mining operations.

To develop these models, a group of 77 records was used in their study. Their
results revealed that ANFIS was the best-performing approach for predicting
AOp. Armaghani et al. [12] studied 128 datasets from three quarry sites in Malay-
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sia to predict mining-induced AOp. They successfully developed an ANFIS model
with five input variables (maximum explosive load per delay, loading factor, load,
tamping height, and monitoring distance) and one output parameter (AOp). Var-
ious other methods, such as empirical techniques, multiple regression (MR), and
ANN, were also applied to predict blast-induced AOp and compared with the AN-
FIS model developed. They demonstrated that, in their study, ANFIS was the best
model with an RMSE of 2.33 and an R? of 0.97. Bui et al. [45] also evaluated the
performance of different AI techniques for estimating AOp in an open-cast coal
mine, including Random forests (RF), boosted regression trees, KNN, SVR, GP
(Gaussian process), BART (Bayesian additive regression trees), and ANN. They
confirmed the feasibility of the AI techniques mentioned. The ANN model was
recommended as the best model in their study for estimating AOp. Nguyen et al.
[32] also compared and evaluated the performance of different ANN systems, in-
cluding RNA, hybrid fuzzy neural inference systems (HYFIS), and regularized
Bayesian neural networks (RBNN) for predicting blast-induced AOp. They used
146 explosions with 10 parameters to develop predictive models of AOp in the
Deo Nai open-pit coal mine in Vietnam. Their results showed that the RNA out-
performed the other models with an RMSE of 2.32 and an R? of 0.96. Mohamad
et al. [46] predicted AOp induced by mining operations with an ANN-based ge-
netic algorithm (GA), abbreviated as GA-ANN, using 76 explosions. Empirical
and ANN models were also provided to predict AOp and compared with the GA-
ANN model. Their results showed that the GA-ANN model outperformed both
the empirical and ANN models.

Not wishing to be exhaustive in citing previous work on AOp prediction, the
literature review shows that predictive models for AOp have been satisfactorily
developed and proposed. Nevertheless, they cannot be applied and represented to
other sites, while the effects of blast-induced AOp differ from one site to another
[47]. This study aims to evaluate and predict the AOp induced by mining opera-
tions in the Kinsevere open pit mine in the Democratic Republic of Congo (DRC),
using three ML algorithms: multiple linear regression (MLR), random forest (RF),
and decision tree (DT). An empirical model has also been developed to predict

and compare with the models presented above.

2. Methodological Approach
2.1. Overview of the Study Area

The data used in this study come from the Kinsevere MMG mine. Located be-
tween 27°30' longitude East and 11°15' latitude South. The Kinsevere MMG mine
is a copper and cobalt mine situated in the Kipushi territory, Haut-Katanga prov-
ince in the DRC, around 33 km north-north-east (NNE) of the city of Lubumba-
shi, around 27 km NNW of the Luano airport, and 1 km south of the Lwiswishi
mine (Figure 1). It has copper (malachite, pseudo-malachite, azurite, chrysocole,
chalchosine, chalcopyrite, bornite) and cobalt (heterogenite, caroline) mineraliza-

tion in three known deposits: Central, Mashi and Kinsevere Hill, hosted in dolo-
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mitic schists (DS) and black mineral lime-stones (BML) with minor mineraliza-
tion occurring within the clayey-talcous rocks (CTR) formation at the contact
with the Silicified Dolomite (SD) [48].

The conventional mining method used at the Kinsevere mine is open-pit min-
ing. Shovel-truck mining, with mining limited to 10 m and 15 m benches, is the
method commonly used at Kinsevere. Drilling and blasting are the main opera-
tions used by the Kinsevere mine to excavate materials. Holes 102 mm (pre-cut-
ting holes), 127 mm (production holes on 10 m benches), and 140 mm (produc-
tion holes on 15 m benches) in diameter are drilled using an off-hole hammer drill
(PANTERA DP1500I) and charged with free emulsion (P100 from Orica) and en-
capsulated emulsion (SPLITEX/Magnum), respectively, for the production and
pre-cutting holes.

The holes are primed using a 100 g or 400 g booster coupled to a 500-millisec-
ond bottom-hole detonator. The surface connection is made using relays whose
delay varies between 17 ms and 100 ms, following a precise firing pattern (usually
the “Christmas tree”). Vibrations and induced AOp are recorded at each blast us-
ing a MINI-SEIS III seismograph (White Industrial Seismology, Inc.) coupled to
a sound level meter installed at a precise distance from the blast. A total of 73
mining recordings from this mine were selected to build the AOp prediction mod-

els after data processing.

3069010E 3070010E

S0061LTI

S006ZLTI

3068010E

'
3069010E 3070010E

Figure 1. Study area location map.

2.2. Data Description, Processing and Statistical Analysis

The data used in this study were taken from the database collected at the Kinsevere
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MMG mine on May 06, 2024. A total of 158 mining records were collected by the
company. In the database, several fields were filled in, but only 4 columns caught
our attention after data pre-processing. These were: maximum instantaneous load
(Qmax), recording distance (Slope_dist), scaled distance (SD) and AOp.

Data processing was carried out with the aim of guaranteeing data quality, given
that the performance of ML models is directly impacted by the quality of the data
on which they are trained [49]. This process was carried out in several stages, from

understanding the data to subdividing it, as shown in Figure 2.

-Dependent variabless

- Independent variables
- Controllable variables
- Uncontrollable variables

Understanding Preprocessing Sétﬁgls;gi:gl Subdivision
- Cleaning -Mean
- Transformation - Standard Deviation - Training data
- Dimensionality - Minimum and Maximum - Test data
- Quartiles

Figure 2. llustrative diagram of data description, processing and statistical analysis.

Firstly, the understanding of the data consisted in identifying all the key factors
most often involved in modelling mining operations specifically for the phenom-
enon of AOp. The literature consulted led to the identification of dependent and
independent factors or parameters, as well as those that are controllable (linked
to the design of the blast pattern and the explosive used) or uncontrollable (linked
to the physical and geomechanical properties of the rock, joint properties, and
rock classification). For AOp, the most popular independent variables are maxi-
mum load per delay, distance between the recording station and blast batch, scaled
distance, drilling, and blast parameters.

Secondly, the pre-processing of the data to develop the various empirical and
numerical models mainly involved cleaning, transforming, and reducing the di-
mensionality of the database. Cleaning the database involved eliminating dupli-
cate records, managing missing fields, and identifying and rectifying or removing
outliers in the data, as suggested by Chu et al [50]. Data transformation involves
standardizing the data. Dimensionality reduction involved the selection of the fea-
tures used to identify the important ones that have an impact on the output of ML
models. The non-important features identified were ignored, resulting in the re-
duction of input features and, consequently, in model complexity. A strategy
based on the correlation coefficient was used in this work to apply this reduction
in data dimensionality. Variables that correlate strongly or perfectly were dis-
carded, as some numerical models are sensitive to strong correlations during
training, which can significantly impact their performance.

Thirdly, the basic statistical analysis consisted of simple descriptive statistics of
the pre-processed database. Basic statistical parameters such as mean, standard

deviation, maximum, minimum, and quartiles (1%, 2", and 3) were evaluated for
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each variable in the database. This statistical analysis was carried out using the
Python program V.3.12 (2024).

Finally, the data subdivision consisted of the creation of the training set and a
test set, as frequently observed in several research studies [51]. This subdivision
was carried out with the aim of assessing the generalizability of the models, 7.e; its
ability to apply learned models to unseen data, thus mitigating over-fitting and
under-fitting. The data subdivision strategy most used in several research studies
[51], which is the subdivision into two sets with 80% of the data assigned to the
training set and 20% to the test set, is the one employed in this study.

2.3. Data Description, Processing and Statistical Analysis

In this study, AOp was predicted using the prediction model proposed by United
State Bureau of Mines model (USBM) as applied by Hajihassani er a/. [23] and

Armaghani et al [30]. The characteristic equation of this model is:

-8
AOp:K{ggf} =K(SD)"® (1)
where D is the distance between the recording station and the blasting batch; W
is the instantaneous explosive charge; K and B are site constants, and SD is the
scaled distance.
Kand Bwere obtained by linear regression analysis between AOp and SD trans-
formed data by implementing the Python program V.3.12 (2024). The regression
equation is:

log(AOp) =log(K)—-Blog(SD) ()

The general form of the equation is:

y=ax+b 3)

By identification y =log(AOp), x=log(SD), a=-B et b=log(K). Thus,
K=10" et B=-a.

2.4. Multiple Linear Regression

Multiple linear regression (MLR) belongs to the category of supervised learning
algorithms. This implies that models are trained on a set of labelled data (training
data), and these models are used to predict unlabelled data (test data) [52]. The
aim of MLR, as part of the family of regression algorithms, is to find relationships
and dependencies between variables. It represents a model between a continuous
scalar dependent variable “y” (label or target variable in ML terminology) and
several explanatory variables “x” (independent variables, input variables, observed
data, characteristics, observations, attributes, dimensions, etc.) [52] [53]. The

characteristic equation of this type of regression is as follows [54]:
Y=Ly + L X+ L, X+ o+ B X, +e (4)

where y represents the dependent variable, x, denotes the independent vari-

ables, f, is the intercept term, f are weights associated with each independ-
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ent variable, and € represents the error term.

2.5. Decision Tree

The decision tree (DT) algorithm is an ML algorithm that also belongs to the cat-
egory of supervised learning. It is a kind of non-parametric model widely used for
both classification and regression problems [53]. It follows a tree structure by
making certain decisions and follows a top-down approach [55]. When building
a DT model, a set of binary rules is used to predict the target value. Four key pa-
rameters are involved in the construction: the root node, the decision node, the
branch, and the leaf node [55]. The root node represents the dataset or sample
and then divides into different nodes. Each node of the tree represents an input
entity of the data set. Each splitting node is called a decision node, and a sub-tree
is called a branch. The leaf node is a node where further division ends and repre-
sents the target value [53] [55]. In the context of decision tree construction, this
involves asking each decision node a series of questions based on an already cho-
sen threshold value. Depending on the answers, it will be classified into different
branches. This process occurs iteratively fashion, eventually reaching the leaf node

which represents the target value [56].

2.6. Random Forests

This model uses an approach that integrates many basic learners (called decision
trees) through integrated learning and uses bagging and bootstrapping techniques
to train the decision trees, thus solving the problem of insufficient performance
of individual decision trees when processing complex data [57]. The RF model
was first introduced by Breiman [58] and became popular due to its robust non-
parametric statistical approach to regression and classification problems, but on
the contrary, it depends on the results obtained from the decision trees to guaran-
tee the accuracy and efficiency of the predictions [59]. Thus, for each observation,
it merges the predicted values of each decision tree in the forest to provide the
optimal value [55].

In the decision tree construction process, the RF model generates more random
trees as the number of decision trees in the forest increases. Instead of selecting
the optimal value step by step like a decision tree, the RF model uses its random
selection capability and the decision tree’s voting mechanism to quickly find the
optimal value. This property allows the RF model to have better classification or
regression performance and a high generalization capacity for the learning system
[57]. Particularly for the regression task, when predicting the unknown output
value, each decision tree gives a predicted value, and the final value is the average
of all decision trees [57]. Bui et al [45] show that key RF features for regression,
such as the number of trees (n_tree), maximum learning depth (max_depth), sub-
sample size (or rate), and the number of features considered at each split (mtry),
significantly affect the performance of the RF model and can be tuned for optimal

model fitting.
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2.7. Model Construction

A total of 58 mining records (training data) were used to calculate site factors K
and B, with 15 records used to test and evaluate model performance. On this basis,
the Python code V.3.12 (2024). implementation of the linear regression analysis
technique was carried out to define K and B. For the development of numerical
models based on ML algorithms, all models used the same type of data in training
and testing as those used for the development of the USBM model. However, to
develop the DT model, the following training hyper-parameters were used:
max_depth = 6, random_state = 4, criterion = “squared_error”, max_features = 3,
min_samples_leaf = 1, min_samples_split = 2. For the RF model, n_estimators =
10, random_state = 4, max_depth = 7, criterion = “squared_error”, max_features
= 2. These parameter values were determined through trial and error, training the
models until an acceptable level of performance was achieved. The MLR model

did not require any hyper-parameter tuning for training.

2.8. Model Evaluations

Six statistical criteria, including coefficient of determination (R?), root-mean-
square error (RMSE), root relative squared error (RRSE), Relative Absolute Error
(RAE), mean absolute error (MAE), and mean absolute percentage error (MAPE),
were used to evaluate the performance of the models and rank them according to
their respective evaluation results. These criteria have been used in similar studies
[7] [19] [24] [29] [30] [45] [60]. Equations 5 to 10 illustrate the mathematical for-
mulations of R?, RMSE, RRSE, RAE, MAE, and MAPE, respectively [19] [60].

n

Z(yacti - ypredi )2

R? =111 2 5)
le( yacti - Vact )
1 3 2
RMSE :H Z(yacti - ypredi ) (6)
i=1
u 2
Z( yacti - ypredi )
RRSE= |[H—— ™)
Z( yacti - Vact )
Z yacti - ypredi
RAE=Z — 8)
Z yacti _Vact
i=1
12
MAE = HZ yacti - ypredi )
i=1
MAPE = =3 Y Yot |19 (10)
i=1 act;
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3. Results and Discussion

The basic statistical parameters for the statistical analysis of the database are pre-
sented in Table 2. Following the development of the predictive models and their
re-spective evaluation, the results are shown in Table 3 and Table 4 below.

The results in Table 2 show that the quantity of explosive charge per delay
(Qmax) used at MMG Kinsevere has an average of 68.84 kg, a standard deviation
of 35.40, and a minimum and maximum value of 6 kg and 120 kg, respectively. It
also turns out that 25% of Qmax data are <50 kg, 50% < 70 kg, and 75% < 100 kg.
AOp is recorded over a distance (Slope_Dist) ranging from 30 m to 697 m. The
average, maximum, and minimum values recorded for AOp are 147.02 dB, 148.2
dB, and 130.6 dB, respectively. The quartile analysis shows that 25%, 50% and 75%
of the AOp data have values of 148.1 dB, 148.2 dB, and 148.2 dB, respectively.

Table 2. Statistical description of data.

Qmax (kg) Slope_Dist (m) SD AOp (dB)

Q_25% 50 65 16.59 148.1
Q_50% 70 91 22.28 148.2
Q_75% 100 140 40.72 148.2
Count 73 73 73 73

Max 120 697 150.16 148.2
Mean 68.84 125.84 32.79 147.02

Min 6 30 6.28 130.6

Std 35.40 121.45 27.25 3.47

After determining the site constants (K= 158.49 (10*?) and B= —0.02) by linear
regression analysis using the empirical prediction model proposed by USBM, the

characteristic equation of the prediction model becomes:

AOp =158.49(SD

)—0.02

(11)

Table 3 shows the performance results of the models on the training data. This
table shows that empirical technique is the one with the weakest results in the
evaluation, with an RMSE of 3.01, a MAE of 1.895, and an R? 0f 0.21. On the other
hand, the performance of the AI models improves on the same data. For the MLR
model, prediction errors are reduced with an RMSE of 0.63, a MAE of 1.32, and
an R? of 0.60. The RF and DT models further improve their performance results
compared to the two previous models, respectively with an RMSE of 0.25 and 0.29,
an MAE of 0.25 and 0.17, and an R? of 0.94 and 0.92.

Table 4 shows the performance results of the models on the test data. The re-
sults on the test set are consistent with those obtained during training. The em-
pirical technique remains the worst performer, with an RMSE of 2.80, a MAE of
1.75, and an R? of 0.41. Among the Al-based models, the MLR model achieves an
RMSE of 1.51, a MAE of 1.02, and an R? of 0.83. The RF and DT models signifi-
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cantly reduce prediction errors and improve the coefficient of determination. Spe-
cifically, the RF model achieves an RMSE of 0.72, a MAE of 0.37, and an R? of 0.96,
while the DT model obtains an RMSE of 0.29, a MAE of 0.10, and an R* of 0.99.

Overall, the Al models outperformed the empirical technique in both training
and testing. However, it remains difficult to clearly distinguish which model is the
best among the predictive models developed. Thus, a simple ranking method was
applied to assess the quality of the models developed using performance indices
(RRSE, RAE, RMSE, MAE, MAPE, and R?), as shown in Table 5.

Table 5 shows that the DT model proposed in this study is the best model, with
a total rank of 45, followed by the RF model with a total rank of 39. The MLR
model achieved only average performance, with a total rank of 24, and finally, the
empirical technique obtained the worst performance, with a total rank of 12. Fig-
ures 3-5 illustrate the performance of the models by comparing measured and
predicted values in the test dataset.

Table 3. Model performance evaluation results on training data.

On Train dataset

Network results Ranking the predicted models Total

Models ranking Rank
RRSE RAE RMSE MAE MAPE R Score RRSE RAE RMSE MAE MAPE R Score (. ..
USMB  8.460 69.363 3.008 1.895 93.405 0.211 1 1 1 1 1 1 6 4
MLR 0.630 0.684 2.135 1316 0.911 0.602 2 2 2 2 2 2 12 3
RF 0.245 0.191 0.831 0.368 0.254 0.939 4 3 4 3 3 4 21 1
DT 0.288 0.130 0.975 0.251 0.174 0.917 3 4 3 4 4 3 21 2
Table 4. Model performance evaluation results on test data.
On Test Dataset
Network results Ranking the predicted models Total

Models

RRSE RAE RMSE MAE MAPE R _Score RRSE RAE RMSE MAE MAPE R_Score

USMB 4.447 93.405 2.796

MLR 0.414 0.4832 1.512
RF 0.201 0.1738 0.735
DT 0.078 0.0459 0.286

ranking Rank

score
1.747 25909 0.4138 1 1 1 1 1 1 6 4
1.024 0.7093 0.8286 2 2 2 2 2 2 12 3
0.368 0.2531 0.9594 3 3 3 3 3 3 18 2
0.097 0.0671 0.9938 4 4 4 4 4 4 24 1

Models based on decision trees, notably those used in this study (DT and RF),
are renowned for their inherent interpretability, making them very useful in fields
where understanding the decision-making process is crucial [61] [62]. Unlike
other machine learning (ML) algorithms, which offer black-box models that are
difficult to interpret, decision trees offer transparency by representing the deci-
sion-making process as a sequence of relatively simple and intuitive rules, ena-
bling stakeholders such as the mining industry to easily understand and interpret

how the model arrives at its predictions. However, these models have difficulty
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handling high-dimensional data with many features [63]-[65]. Although decision
trees are recognized for their interpretability compared to other machine learning
algorithms, they can nevertheless be difficult to understand and explain, especially
when they become complex and large. Moreover, they are highly sensitive to out-

liers and can easily be influenced by noisy data, leading to false predictions [66].

Table 5. Classification of model ranks by performance.

Total network result

Training dataset Testing dataset Total
Models ranking Rank
RRSE RAE RMSE MAE MAPE R_Score RRSE RAE RMSE MAE MAPE R_Score score
USMB 1 1 1 1 1 1 1 1 1 1 1 1 12 4
MLR 2 2 2 2 2 2 2 2 2 2 2 2 24 3
RF 4 3 4 3 3 4 3 3 3 3 3 3 39 2
DT 3 4 3 4 4 3 4 4 4 4 4 4 45 1
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Figure 3. AOp measured and predicted by MLR and USBM models.
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Figure 4. AOp measured and predicted by RF and DT models.
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Figure 5. Coefficient of determination of AOp measured and predicted by different models.

4. Conclusions

Sustainable exploitation, transformation and use of natural resources are of vital
importance to many countries around the world, particularly in the energy sector
(transition to green energy). However, the sustainability of these activities boils
down to minimizing the level of pollution in the surrounding environment, in-
cluding, for example, blasting operations to break up rock in open-cast mines.
Although much research has justified the effectiveness of drilling and blasting op-
erations in fracturing rock, its secondary effects, such as AOp, remain significant;
hence the need to control and accurately predict it to minimize its undesirable
effects on neighbouring communities.

The primary objective of this study was to develop numerical predictive models
for AOp. The methodology was structured into six key components: understand-
ing the study area, particularly its geographical and geological characteristics; pro-
cessing and statistical analysis of the collected dataset (73 records); development
of both numerical and empirical prediction models, and evaluation of model per-
formance of the numerical model parameters.

The results obtained in this study indicate that artificial intelligence (AI)-based
models outperform the empirical method in predicting AOp. Among these AI
models, the results show that the DT model is well-suited for predicting AOp in
this study, with remarkable performance results (RRSE of 0.08, RAE of 0.05,
RMSE of 0.29, MAE of 0.37, MAPE of 0.07, and an R? of 0.994). This could there-
fore justify its application in practical engineering to predict blast-induced AOp
in open-cast mines to reduce undesirable environmental effects.

The dataset size of 73 records represents the maximum available data. We rec-
ommend that further research be carried out on a larger data set and that even
more rigorous methods are used to fit the optimal hyper-parameters for the ML

models.
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