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Abstract 

Blasting is an essential operation in surface mining, but it can generate high particulate 
matter concentrations within a short period. Accurate prediction of blast-induced dust 
concentration is useful for air quality management, worker protection, and dust control 
planning. In this study, an interpretable machine learning framework was developed to 
predict particulate matter with an aerodynamic diameter less than 10 µm (PM10) and total 
suspended particulate matter (TSP) concentrations induced by blasting in a large surface 
coal mine. The dataset was derived from published field monitoring records and included 
blasting design parameters, monitoring distance, material-related variables, and meas-
ured dust concentrations. A total of 148 valid samples were used for model development 
and evaluation. Six tree-based ensemble models, including Extra Trees Regression, Ran-
dom Forest, Gradient Boosting Regression Trees, extreme gradient boosting (XGBoost), 
light gradient boosting machine (LightGBM), and categorical boosting (CatBoost), were 
established and compared. Bayesian optimization was used for hyperparameter tuning, 
and model performance was evaluated using the coefficient of determination (R²), root 
mean square error (RMSE), mean absolute error (MAE), and mean absolute percentage 
error (MAPE). Under the adopted 80:20 hold-out validation scheme, CatBoost achieved 
the best test performance for PM10 prediction, with a test R2 of 0.9555, RMSE of 444.87 
µg/m3, and MAE of 343.48 µg/m3. Extra Trees Regression performed best for TSP predic-
tion, with a test R2 of 0.8803, RMSE of 3899.04 µg/m3, and MAE of 3036.27 µg/m3. Residual 
analysis further indicated that the optimal models had no obvious systematic bias. Shap-
ley additive explanations (SHAP) analysis, supported by within-model feature im-
portance rankings, showed that explosive quantity, number of blastholes, and monitoring 
distance were the dominant variables affecting PM10 and TSP predictions. The explosive 
quantity and number of blastholes mainly increased the predicted dust concentration, 
whereas the monitoring distance generally reduced it. The proposed framework may pro-
vide useful support for blast parameter optimization, monitoring point arrangement, and 
dust control decision-making in surface mines, but further validation using larger multi-
site datasets is still needed. 
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1. Introduction 
Several production processes, including stripping, drilling, blasting, loading, and 

transportation, are involved in surface coal mining [1,2]. Blasting is one of the most im-
portant operations because it fragments the rock mass and facilitates efficient excavation. 
However, it can also generate a large amount of dust within a short time. Blast-generated 
dust clouds contain fine particulate matter and total suspended particulate matter, which 
may have an impact on the surrounding environment, worker health, equipment opera-
tion, and air quality. For the purpose of managing mine air quality and planning dust 
control, precise forecasting of blast-induced dust concentration is crucial. Control 
measures such as water spraying, pre-wetting, local suppression, and blast parameter 
change can be set up more successfully if dust concentration can be calculated prior to or 
soon after blasting. 

Numerous factors affect the particulate matter produced by blasting. Blast design pa-
rameters, explosive charge, rock and material properties, monitoring distance, and envi-
ronmental conditions are some of these variables [3]. Because tiny particles can stay 
trapped in the air and be ingested by workers, PM10 is a crucial indicator. TSP reflects the 
total amount of dust following blasting and represents a wider variety of airborne parti-
cles. Both PM10 and TSP are helpful in assessing air pollution caused by blasts in surface 
mines. However, because associated physical processes—such as rock fracture, gas re-
lease, particle suspension, dispersion, and deposition—control dust formation and 
transport, their concentrations frequently differ significantly [1]. 

Prior research [4–8] has estimated the amount of dust in mining and industrial set-
tings using neural network models, statistical regression models, and empirical formulae. 
Although empirical and regression-based approaches are straightforward and simple to 
use, they frequently make the assumption that input factors and dust concentration have 
linear or predetermined connections. When there are nonlinear relationships and interac-
tions between variables in the data, these assumptions could be restricted. More compli-
cated interactions can be described by neural networks, although sample size, model 
structure, and parameter choice may have an impact on how well they perform. Multiple 
regression and neural network models were created in the initial investigation by Roy et 
al. to evaluate blasting dust at a sizable surface coal mine. That study showed that data-
driven approaches may be applied for PM10 and TSP prediction and offered useful field 
monitoring data. 

Machine learning and optimization methods have been increasingly applied to blast-
ing-related environmental effects [9]. Meanwhile, ensemble learning models have been 
widely used for complex engineering and environmental regression problems [10–12]. 
Without making stringent assumptions about the distribution of the data, tree-based mod-
els like Random Forest, Extra Trees Regression, Gradient Boosting, XGBoost, LightGBM, 
and CatBoost can capture nonlinear connections and variable interactions. These models 
work particularly well with tabular data gathered from field surveillance. For engineering 
applications, model interpretability is just as crucial as prediction accuracy. Interpretable 
techniques can be used to determine which material characteristics and blasting settings 
are primarily responsible for dust emissions, as well as how these factors impact the an-
ticipated amounts of TSP and PM10. 

Even while earlier research has offered a helpful foundation for forecasting blasting 
dust, a number of difficulties still require investigation. First, the nonlinear relationship 
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between blasting conditions and dust concentration might not be adequately captured by 
conventional regression models. Second, there is still a lack of discussion regarding the 
relative effectiveness of various contemporary ensemble learning models for blast-in-
duced PM10 and TSP prediction. Third, prior research has focused more on predicting out-
comes than on model interpretation. Therefore, from a machine learning standpoint, the 
main factors influencing PM10 and TSP emissions are still not fully understood. Lastly, 
more clarification is required about the practical implications for dust control planning 
and blast parameter optimisation. 

The present study uses the field monitoring dataset reported by Roy et al. [1], which 
was collected from the Dudhichua Project of Northern Coalfields Limited in Singrauli, 
India. This dataset records blast-induced PM10 and TSP concentrations under different 
blasting and monitoring conditions and provides a useful basis for evaluating data-driven 
prediction models for surface mine blasting dust. 

This study develops an interpretable machine learning framework for forecasting 
blast-induced PM10 and TSP concentrations in surface mines in order to solve these prob-
lems. The dataset was rearranged for machine learning analysis after being taken from the 
blasting dust monitoring records for a sizable surface coal mine that Roy et al. reported. 
Six ensemble models were developed and compared: Extra Trees Regression, Random 
Forest, Gradient Boosting Regression Trees, XGBoost, LightGBM, and CatBoost. R2, 
RMSE, MAE, and MAPE were used to assess the model’s performance. Additionally, the 
contribution and influence direction of important factors were explained using feature 
importance and SHAP analysis. Compared with the original regression and neural-net-
work study based on the same field monitoring records, the present study advances the 
analysis in three aspects. It should be noted that this comparison is approximate because 
the source study and the present study used different data partitions, sample numbers 
after preprocessing, and performance metrics. Nevertheless, the source study provides a 
useful quantitative benchmark for evaluating the present framework. First, several mod-
ern tree-based ensemble models were systematically compared under the same prepro-
cessing, data-splitting, and Bayesian optimization procedure. Second, PM10 and TSP were 
modeled independently using the same set of blasting, monitoring-distance, and material-
related inputs, and neither dust indicator was used as an input variable for predicting the 
other. Third, SHAP analysis was used to explain not only which variables were important, 
but also how they influenced model predictions. This provides more practical information 
for blast parameter optimization and dust control planning than prediction accuracy 
alone. The main objective of this study is to provide a reliable prediction framework and 
practical decision support for monitoring point arrangement, blast-parameter optimiza-
tion, and blast-induced dust control in surface mining. 

2. Materials and Methods 
2.1. Data Source 

The dataset used in this study was obtained from the blasting dust monitoring rec-
ords reported by Roy et al. [1]. The original records include measured particulate matter 
concentrations and corresponding blasting, monitoring, and material-related parameters 
from a large surface coal mine. After data verification and preprocessing, 148 valid sam-
ples were retained for model development and evaluation. 

According to the original field monitoring study [1], particulate matter concentra-
tions were measured using respirable dust samplers (Instrument IPM 115BL). PM10 was 
collected after coarse particles greater than 10 µm were separated by a cyclone, whereas 
TSP was collected using a glass microfiber filter. The sampling flow rate was maintained 
at 2.5 L min−1, and the particulate matter mass was determined from the difference be-
tween the initial and final filter weights using a Sartorius balance with a sensitivity of 
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0.0001 g. Moisture content was determined in the Coal Analysis Laboratory of the mine 
using samples collected from coal and overburden benches, and it was calculated as the 
ratio of water weight to dry material weight. Rock density was measured using collected 
bench samples based on the weight-and-volume method in the laboratory. The present 
study did not conduct new field measurements; instead, it reorganized these published 
measurements for machine learning analysis. 

Two dust indicators were considered as prediction targets: particulate matter with 
an aerodynamic diameter less than 10 µm (PM10) and total suspended particulate matter 
(TSP). These two targets were modelled separately, and neither PM10 nor TSP was used as 
an input feature for predicting the other target. The input variables included blasting de-
sign parameters, monitoring distance, and material-related variables. Specifically, the in-
put variables consisted of the number of blastholes, blasthole depth, blasthole diameter, 
burden, spacing, stemming column, explosive quantity, monitoring distance, moisture 
content, rock density, and rock type. 

The original records were reorganized into a unified tabular dataset for machine 
learning analysis. The variable names, units, data types, and physical meanings are sum-
marized in Table 1. PM10 and TSP were not used as input variables in the same prediction 
task. Instead, two independent regression tasks were established, one for PM10 prediction 
and the other for TSP prediction. 

Table 1. Description of input and output variables. 

Variable Type Variable Abbreviation Unit Data Type Description 

Input 
Number of 
blastholes 

NO — Numerical 
Number of blastholes detonated in a blasting 
round. It reflects the blasting scale and poten-
tial dust generation source intensity. 

Input Blasthole depth HD m Numerical 
Depth of the blastholes used in the blast design. 
It is related to the blasting volume and rock-
breaking range. 

Input Blasthole diameter BD mm Numerical Diameter of the blastholes. It affects the charge 
structure and energy release during blasting. 

Input Burden B m Numerical 
Distance from a blasthole to the nearest free 
face. It influences rock fragmentation, gas es-
cape, and dust generation. 

Input Spacing S m Numerical 
Distance between adjacent blastholes in the 
same row. It affects the distribution of explo-
sive energy and fragmentation characteristics. 

Input Stemming column SC m Numerical 

Length of stemming material placed in the up-
per part of the blasthole. It controls explosive 
gas confinement and may influence dust emis-
sion from the collar area. 

Input Explosive quantity EQ kg Numerical 

Total explosive charge used in a blasting 
round. It represents the energy input and is 
closely associated with dust generation inten-
sity. 

Input Distance D m Numerical 
Distance between the blasting site and the dust 
monitoring sampler. It reflects the spatial atten-
uation and dispersion of particulate matter. 

Input Moisture content MC % Numerical 

Water content of the blasted material, deter-
mined in the original study using collected coal 
and overburden samples in the mine labora-
tory. 
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Input Rock density RD g/cm3 Numerical 

Density of the blasted rock or material, meas-
ured in the original study using collected bench 
samples based on the weight-and-volume 
method. 

Input Rock type RT — 
Categori-

cal 

Lithological type of the blasted material, such 
as coal or overburden. It represents differences 
in material composition and breakage behav-
ior. 

Output 

Particulate matter 
with aerodynamic 
diameter less than 

10 µm 

PM10 µg/m3 Numerical 
Concentration of fine inhalable particulate mat-
ter generated by blasting. It is one of the pre-
diction targets in this study. 

Output Total suspended 
particulate matter 

TSP µg/m3 Numerical 
Concentration of total suspended particulate 
matter generated by blasting. It is another pre-
diction target in this study. 

2.2. Input and Output Variables 

The input variables were selected according to the original monitoring records and 
their relevance to blast-induced dust generation and transport. They were grouped into 
three categories: blasting design parameters, monitoring-distance information, and mate-
rial-related variables. The blasting design parameters included the number of blastholes, 
blasthole depth, blasthole diameter, burden, spacing, stemming column, and explosive 
quantity. Monitoring distance represented the distance between the blasting source and 
the dust sampling point. The material-related variables included moisture content, rock 
density, and rock type. 

The output variables were PM10 and TSP concentrations. PM10 represents fine inhalable 
particulate matter, whereas TSP represents the overall suspended particulate matter concen-
tration after blasting. The two targets were predicted independently. The detailed definitions, 
abbreviations, units, data types, and descriptions of all variables are provided in Table 1. 

2.3. Data Preprocessing 

Before model development, the original blasting dust dataset was checked and reor-
ganized to make it suitable for machine learning analysis. Blasting design parameters, 
monitoring distance, material-related variables, rock type, and two dust concentration in-
dicators (PM10 and TSP) are all included in the dataset. In order to make the variable 
names and units consistent with the definitions provided in Table 1, these variables were 
first organised in a single tabular format. In addition to preparing the dataset for later 
model training, this step was required to minimise potential errors brought on by incon-
sistent data labels. The detailed data preprocessing workflow is shown in Figure 1. 

After data organization, anomalous records and missing values were examined. Rec-
ords with missing key information were removed from the modeling dataset. Machine 
learning modelling and statistical analysis were then performed on the remaining sam-
ples. There were significant differences in a number of variables, particularly explosive 
quantity, monitoring distance, PM10 concentration, and TSP concentration, because the 
dataset was gathered from field monitoring under various blasting and environmental 
conditions. These variations were retained because they correspond to actual field moni-
toring conditions rather than data-entry errors. As a result, the target variables were not 
artificially smoothed. 

In the original dataset, rock type was a categorical variable, including coal and over-
burden. To ensure a consistent input format across all compared models, rock type was 
encoded using integer labels. The encoded values were used only as category identifiers 
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and were not interpreted as measured physical quantities. In the present implementation, 
the same encoded input matrix was used for all models, including CatBoost, so that the 
performance comparison was based on the same preprocessing procedure. Therefore, the 
CatBoost result in this study reflects the performance of the CatBoost algorithm under the 
unified encoded-feature setting, rather than an additional advantage from a different cat-
egorical preprocessing strategy. 

 

Figure 1. Flowchart of the data preprocessing procedure for PM10 and TSP prediction. 

To reduce the effect of different variable scales, the input variables were standardised 
before model training, where required by the algorithm. Standardisation was especially 
important for models that are sensitive to magnitude fluctuations. The same prepro-
cessing approach was used to ensure consistency across models, despite the fact that tree-
based models are less vulnerable to feature scaling. The output variables, PM10 and TSP, 
were not included in the input feature set. Two separate regression tasks were developed, 
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one for PM10 prediction and the other for TSP prediction. This design allowed the predic-
tive behaviour of fine particulate matter and total suspended particulate matter to be eval-
uated independently under the same input-variable structure. 

The dataset was divided into training and test sets at an 80:20 ratio. The training set 
was used for model fitting and hyperparameter optimisation, while the test set was kept 
apart and used just for the final performance evaluation. Each target variable had the same 
input variable structure, but the output variable changed according to the prediction task. 
The PM10 and TSP models were thus developed using comparable data settings. 

To find suitable hyperparameters within predefined parameter ranges for model op-
timisation, Bayesian optimisation was used. The optimisation process was restricted to 
the training set, and the goal function was the mean squared error. Once the optimal hy-
perparameters were discovered, each model was retrained using the training data and 
evaluated on a different test set. The final model performance was assessed using R2, 
RMSE, MAE, and MAPE, as described in Section 2.5. 

Preprocessing included train-test separation, feature standardisation, data verifica-
tion, categorical variable encoding, and independent target modelling. Using the dataset 
from the first blasting dust monitoring research, these methods enabled reliable and con-
sistent machine learning forecasts of PM10 and TSP concentrations. 

Considering that some input variables were correlated with each other, a correlation-
aware check was conducted before model training. The correlation matrix was used only 
to understand the dependence structure among input variables and was not used to select 
the target-related variables. All retained predictors were measurable blasting design, 
monitoring-distance, or material-related variables available before dust concentration 
prediction. PM10 and TSP were modeled as two independent regression targets, and the 
target variable of one task was not included in the input feature set of the other task. 

Although several input variables showed relatively high pairwise correlations, they 
were not removed automatically because they represent different engineering meanings. 
For example, burden and spacing jointly describe the blasthole layout, while blasthole 
diameter, rock density, and rock type characterize different aspects of charge structure 
and material properties. In addition, tree-based ensemble models are less sensitive to mul-
ticollinearity than ordinary linear regression models because they perform nonlinear split-
ting and variable selection during tree construction. 

2.4. Machine Learning Models 

This study built and compared six machine learning algorithms to predict particulate 
matter emissions caused by blasts. Extra Trees Regression (ETR), Random Forest (RF), 
Gradient Boosting Regression Trees (GBRT), XGBoost, LightGBM, and CatBoost are some 
of these models [13–17]. They were chosen because tree-based ensemble models can char-
acterise nonlinear relationships between input variables and target responses and are use-
ful for tabular engineering datasets. PM10 and TSP were predicted using the same input 
variables in this investigation, but the two target variables were modelled independently. 

RF and ETR are ensemble models based on bagging. To increase prediction stability, 
they produce a lot of decision trees and integrate their outcomes. While ETR adds more 
randomisation to the tree-splitting process, RF constructs each tree using bootstrap samples 
and random feature selection. In particular, when the dataset includes nonlinear correla-
tions and variable interactions, this can lower model variance and enhance generalisation. 

Boosting-based ensemble models include GBRT, XGBoost, LightGBM, and CatBoost. 
Boosting models construct trees in a sequential manner as opposed to bagging models. 
Every new tree is trained to minimise the mistakes made by its predecessors. While 
XGBoost and LightGBM increase computing efficiency and regularisation capacity, GBRT 
is a traditional boosting technique. CatBoost is another GBRT technique that works well 
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with categorical features. For a fair comparison, all models in this investigation were 
trained using the same data split, and rock type was encoded as a categorical-related input 
variable during preprocessing. 

Three important hyperparameters were chosen for optimisation for every model. 
This configuration was chosen to strike a compromise between model complexity and 
performance. Particularly for a very small field-monitoring dataset, an excessive number 
of hyperparameters may raise computing costs and overfitting risk. On the training set, 
appropriate hyperparameter combinations were found via Bayesian optimisation. Bayes-
ian optimization was implemented using the BayesianOptimization function from the 
bayesian-optimization Python package 3.3.0. For each model and each prediction target, 
the optimization was conducted separately on the training set. The objective function was 
the mean squared error obtained from the training procedure, and lower MSE was con-
sidered better. The search bounds for all optimized hyperparameters are listed in Table 2. 
For each optimization task, 5 random initial evaluations were first performed, followed 
by 500 Bayesian optimization iterations. To improve reproducibility, a fixed random seed 
of 42 was used where applicable. Hyperparameters not listed in Table 2 were kept at their 
default values in the corresponding Python libraries. The test set was only retained for the 
final model evaluation and was not utilised during hyperparameter tuning. 

Table 2. Hyperparameter search bounds and optimized values used in Bayesian optimization. 

Model Hyperparameter Search Space Best Value for PM10 Best Value for TSP 
ETR n_estimators 50–500 84 342 
ETR max_depth 2–30 28 8 
ETR min_samples_leaf 1–10 3 2 
RF n_estimators 50–500 187 116 
RF max_depth 2–30 13 28 
RF min_samples_leaf 1–10 2 3 

GBRT n_estimators 50–500 210 498 
GBRT learning_rate 0.005–0.300 0.0379 0.0154 
GBRT max_depth 2–8 2 2 

XGBoost n_estimators 50–800 212 763 
XGBoost learning_rate 0.005–0.300 0.0216 0.0068 
XGBoost max_depth 2–8 6 3 

LightGBM n_estimators 50–500 290 431 
LightGBM learning_rate 0.005–0.300 0.1708 0.2063 
LightGBM num_leaves 10–80 11 69 
CatBoost iterations 50–1000 821 245 
CatBoost learning_rate 0.005–0.300 0.0223 0.0706 
CatBoost depth 2–10 3 2 

Note: The search bounds were used for Bayesian optimization separately for PM10 and TSP predic-
tion. 

Following optimisation, the training set with the optimal hyperparameter combina-
tion was used to retrain each model. The prediction performance of the trained models 
was then assessed by applying them to the independent test set. The prediction accuracy 
of various models was compared using four metrics: R2, RMSE, MAE, and MAPE. In order 
to properly evaluate the model’s applicability for various dust concentration targets, the 
final comparison was carried out independently for PM10 and TSP. 

All computations were performed using Python 3.9.21. Data processing and numer-
ical calculation were performed using pandas 2.2.3, NumPy 2.0.2, and SciPy 1.13.1. Extra 
Trees Regression, Random Forest, and Gradient Boosting Regression Trees were imple-
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mented using scikit-learn 1.6.1. XGBoost, LightGBM, and CatBoost were implemented us-
ing xgboost 2.1.4, lightgbm 4.6.0, and catboost 1.2.8, respectively. Bayesian hyperparame-
ter optimization was implemented using the bayesian-optimization package 3.3.0. SHAP 
analysis was performed using SHAP 0.47.1, and figure generation was completed using 
Matplotlib 3.9.4. The programs used in this study were written by the authors, and no 
external unpublished program or third-party code from the literature was directly used. 
A fixed random seed of 42 was used where applicable to improve reproducibility. 

2.5. Model Evaluation Metrics 

Four widely used regression metrics—coefficient of determination (R2), root mean 
square error (RMSE), mean absolute error (MAE), and mean absolute percentage error 
(MAPE)—were employed in this study to assess the prediction performance of various 
machine learning models [18–20]. Because they can characterise model accuracy from 
many angles, these measures were chosen. While RMSE, MAE, and MAPE assess predic-
tion errors in various ways, R2 indicates the goodness of fit. To guarantee a fair compari-
son across models, the same metrics were applied to both PM10 and TSP prediction tasks. 

The degree to which the predicted values explained the variation in the measured 
values was assessed using the coefficient of determination, or R2. Better model perfor-
mance is indicated by a higher R2 value. The model can account for the majority of the 
variation in the target variable when R2 is near 1. The primary metric utilised in this study 
to compare the overall fitting capabilities of various models was R2. 
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where 𝑦௜ is the measured value, 𝑦ො௜ is the predicted value, 𝑦̄ is the mean value of the 
measured data, and 𝑛is the number of samples. 

The average magnitude of prediction errors was assessed using RMSE. Large errors 
are given more weight by RMSE since it squares the error before averaging. This measure 
can be used to determine whether a model generates significant deviations for certain 
samples. Better forecast accuracy is shown by a lower RMSE score. 
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The average absolute difference between measured and anticipated values was also 
calculated using MAE. MAE is less susceptible to very big errors than RMSE. As a result, 
it gives a clearer explanation of the typical prediction mistake. The projected values are 
closer to the measured values when the MAE value is lower. 
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The prediction error was expressed as a percentage of the measured value using 
MAPE. When evaluating relative errors between several models and target variables, this 
statistic is useful. However, rather than being the sole assessment metric, MAPE was uti-
lised in conjunction with RMSE and MAE because it is impacted by very small measured 
values. It should also be noted that the dust concentration data in this study are strongly 
right-skewed, with many low-concentration samples and a small number of high-concen-
tration samples. Under this condition, R2 and absolute-error metrics such as RMSE and 
MAE are more influenced by the ability of the model to fit medium- and high-concentra-
tion samples, whereas MAPE is more sensitive to relative errors in low-concentration sam-
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ples. Therefore, a model may achieve a high R2 while still showing a relatively high MAPE. 
In this study, MAPE was retained only as a supplementary relative-error metric, and the 
final model comparison was based on the combined interpretation of R2, RMSE, MAE, 
MAPE, residual analysis, and concentration-band error analysis. 

1

ˆ100% n
i i

i i

y yMAPE
n y=

−= 
 

(4)

In general, a model with a higher R2 and lower RMSE, MAE, and MAPE was consid-
ered to have better predictive performance. For each target variable, the models were eval-
uated on both the training set and the independent test set. The training results were used 
to examine model fitting ability, while the test results were used to assess generalization 
performance. This evaluation strategy helped identify the most suitable model for PM10 
and TSP prediction under the present blasting dust dataset. 

2.6. Model Interpretation Method 

While machine learning algorithms can increase the prediction accuracy of particulate 
matter emissions caused by blasts, it is frequently challenging to directly comprehend their 
internal decision-making process [14]. Prediction accuracy alone is insufficient for engineer-
ing applications. Determining whether blasting and material factors have a greater impact 
on PM10 and TSP concentrations is also crucial. In order to increase the transparency of the 
prediction findings, model interpretation was carried out following model training. 

Two approaches of interpretation were employed in this study: SHAP analysis and 
feature importance analysis. The relative contribution of each input variable in the best pre-
diction models was first assessed using feature importance. This approach helps determine 
the primary factors influencing dust emissions and offers a straightforward ranking of the 
variables. Higher significance variables make a greater contribution to the model’s forecast. 
This allowed for the comparison of the effects of several blasting-related variables, such as 
stemming column, moisture content, monitoring distance, and explosive quantity. 

Feature importance, however, simply provides a global rating of the variables. It 
should be noted that the feature importance values used in tree-based models are model-
specific. Because the optimal PM10 and TSP models were different model families, namely 
CatBoost for PM10 and Extra Trees Regression for TSP, the feature importance percentages 
should be interpreted mainly as within-model rankings rather than as directly comparable 
quantities across the two prediction targets. Therefore, cross-target interpretation in this 
study was based primarily on SHAP results, while feature importance was used as sup-
porting evidence within each optimal model. It is difficult to determine if a variable raises 
or lowers the anticipated dust concentration. SHAP analysis was established to provide 
additional insight into the distribution and direction of variable effects. Based on the Shap-
ley value principle, SHAP gives each feature a contribution value for every prediction. 
The anticipated PM10 or TSP concentration is increased by a feature with a positive SHAP 
value, whereas the expected value is decreased by a feature with a negative SHAP value. 

The correlation analysis and model performance results were utilised in conjunction 
with the interpretation outcomes. Because several input variables were correlated, the fea-
ture importance and SHAP results were interpreted as model-based predictive contribu-
tions rather than independent causal effects. In correlated feature groups, such as burden–
spacing and blasthole diameter–rock density, the model may distribute importance 
among related variables. Therefore, the interpretation results should be used to identify 
dominant predictive patterns, but not to quantify the isolated causal effect of each indi-
vidual variable. While the machine learning models identified nonlinear linkages and fea-
ture interactions, the correlation analysis offered initial statistical associations among var-
iables. Each variable’s function in the prediction process was further clarified by feature 
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importance and SHAP analysis. As a result, the interpretation techniques offered helpful 
information for engineering decision-making and helped link the data-driven models 
with realistic blasting dust control. 

3. Results 
3.1. Descriptive Statistics of the Dataset 

Table 3 provides a summary of the blasting dust dataset’s descriptive statistics. A 
total of 148 valid samples were selected for analysis and model construction following 
data verification and preprocessing. Blast design parameters, monitoring distance, mate-
rial-related variables, and two dust concentration indicators—PM10 and TSP—are all in-
cluded in the dataset. In this study, these factors were rearranged for machine learning 
prediction based on the blasting dust monitoring records of a major surface coal mine. 

Table 3. Descriptive statistics of variables. 

Variable Abbreviation Unit Minimum Maximum Mean Standard Deviation 
Number of blastholes NO — 4.00 94.00 19.47 15.46 

Blasthole depth HD m 6.00 20.00 11.75 3.96 
Blasthole diameter BD mm 100.00 269.00 185.86 53.98 

Burden B m 3.00 10.00 7.60 1.10 
Spacing S m 3.00 10.00 7.99 1.16 

Stemming column SC m 4.00 9.50 6.29 1.30 
Explosive quantity EQ kg 481.00 56,915.00 5898.34 10,639.37 

Distance D m 15.00 160.00 72.51 41.29 
Moisture content MC % 3.53 17.11 11.72 4.49 

Rock density RD g/cm3 1.54 2.96 1.79 0.26 
Rock type RT — 1.00 2.00 1.31 0.46 

PM10 concentration PM10 µg/m3 57.00 12,890.00 1720.78 1889.61 
Total suspended particulate matter TSP µg/m3 602.00 43,213.00 9636.59 9120.84 

Note: RT is a categorical variable encoded numerically for model development, where 1 and 2 rep-
resent different rock types, namely coal and overburden. PM10 and TSP are output variables and 
were modeled separately. 

The input variables exhibit distinct variations in their numerical ranges, as Table 3 
illustrates. The average number of blastholes is 19.47, with a range of 4 to 94. The explosive 
quantity varies more significantly, with a standard deviation of 10,639.37 kg and a range 
of 481.00 kg to 56,915.00 kg. This wide range also indicates that a small number of very 
large blasting rounds are included in the dataset. These cases may have an important in-
fluence on both the correlation between explosive quantity and dust concentration and 
the variance-based performance metric R2. In the present study, these samples were re-
tained because they are valid field observations and represent real high-energy blasting 
conditions that are important for dust control assessment. Therefore, they were not treated 
as data-entry errors or statistical outliers. 

There is significant diversity in the output variables as well. With a mean of 1720.78 
µg/m3 and a standard deviation of 1889.61 µg/m3, the PM10 concentration falls between 
57.00 µg/m3 and 12,890.00 µg/m3. With a mean of 9636.59 µg/m3 and a standard deviation 
of 9120.84 µg/m3, the TSP concentration ranges from 602.00 µg/m3 to 43,213.00 µg/m3. TSP 
has a larger distribution range and a significantly higher mean value than PM10. This 
makes sense as TSP, which stands for total suspended particulate matter, has a larger par-
ticle-size proportion than PM10. 

The dispersion features of PM10 and TSP concentrations are also displayed in Figure 2. 
Both PM10 and TSP have right-skewed distributions, according to the histograms in Figure 



Appl. Sci. 2026, 16, 7304 12 of 37 
 

https://doi.org/10.3390/app16147304 

2a,b. Only a few samples exhibit extremely high dust concentrations; the majority of sam-
ples are concentrated in the low-concentration range. PM10 has a mean of 1720.78 µg/m3 and 
a median of 1260.50 µg/m3. The median value for TSP is 7338.50 µg/m3, and the mean value 
is 9636.59 µg/m3. The right-skewed nature of the dust concentration data is confirmed by 
the fact that the mean values for both objectives are higher than the median values. 

 

Figure 2. Distribution characteristics of PM10 and TSP concentrations: (a) histogram of PM10 concen-
tration, (b) histogram of TSP concentration, (c) boxplot of PM10 concentration, and (d) boxplot of 
TSP concentration. 

Additional proof of this unequal distribution may be found in the boxplots in Figure 
2c,d. For both PM10 and TSP, there are a number of high-value samples, particularly in the 
upper concentration range. Large explosive volumes, short monitoring distances, low 
moisture content, or particular blasting conditions could all be associated with these high-
concentration sites. Since these samples reflect actual field monitoring settings and are 
crucial for training algorithms to identify high-dust emission cases, they were kept in the 
dataset rather than eliminated. 

3.2. Correlation and Preliminary Mechanism Analysis 

To preliminarily examine the relationships among blasting parameters, material-related 
variables, and dust concentrations, Spearman rank correlation analysis was conducted, and 
the results are presented in Figure 3. This nonparametric method was adopted because the 
distribution plots in Figure 2 show that PM10 and TSP exhibit noticeable right-skewed charac-
teristics, indicating that the normality assumption required by Pearson correlation may not be 
fully satisfied. Compared with Pearson correlation, Spearman correlation is more suitable for 
evaluating monotonic associations in skewed field-monitoring data and is less sensitive to ex-
treme values. The statistical significance of each correlation coefficient was further evaluated 
using a two-tailed p-value, and the significance levels are marked in Figure 3. It should be 



Appl. Sci. 2026, 16, 7304 13 of 37 
 

https://doi.org/10.3390/app16147304 

noted that the correlation analysis was used only as an exploratory statistical tool before ma-
chine learning modelling and does not imply causality. 

 

Figure 3. Spearman rank correlation heatmap of input and output variables. The values in the cells 
represent Spearman correlation coefficients (ρ). Asterisks indicate the statistical significance levels 
of the correlations: * p < 0.05, ** p < 0.01, and *** p < 0.001. 

As shown in Figure 3, PM10 and TSP exhibit a strong and statistically significant pos-
itive association, with a Spearman correlation coefficient of 0.89 (p < 0.001). This result 
indicates that high PM10 concentrations are generally accompanied by high TSP concen-
trations under the monitored blasting conditions. This trend is reasonable because PM10 
represents the fine fraction of airborne particulate matter, whereas TSP reflects the overall 
suspended dust level. Therefore, the two dust indicators are closely associated with the 
same blasting-induced dust generation and dispersion process. 

Among the blasting design variables, the number of blastholes and explosive quantity 
show significant positive associations with both PM10 and TSP. The number of blastholes is 
positively correlated with PM10 and TSP, with correlation coefficients of 0.35 (p < 0.001) and 
0.41 (p < 0.001), respectively. Explosive quantity also shows significant positive correlations 
with PM10 and TSP, with correlation coefficients of 0.35 (p < 0.001) and 0.34 (p < 0.001), re-
spectively. These results suggest that blasting rounds with a larger scale and greater explo-
sive charge tend to be associated with higher dust concentrations. From an engineering per-
spective, more blastholes and larger explosive quantities generally correspond to stronger 
rock breakage, higher energy release, and a larger potential dust source. 

Monitoring distance shows a statistically significant negative association with both 
dust indicators. The correlation coefficients between distance and PM10/TSP are −0.24 (p < 
0.01) and −0.21 (p < 0.01), respectively. This trend indicates that dust concentration tends 
to decrease as the monitoring point moves farther away from the blasting source. Such a 
pattern is consistent with the physical processes of dust dispersion, dilution, and gravita-
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tional settling during transport. Therefore, monitoring distance remains an important spa-
tial factor for characterizing blast-induced particulate matter concentration. 

Moisture content also exhibits significant negative associations with PM10 and TSP, 
with correlation coefficients of −0.31 (p < 0.001) and −0.30 (p < 0.001), respectively. This 
result suggests that higher moisture content may contribute to dust suppression. A possi-
ble explanation is that water promotes particle agglomeration and increases the difficulty 
of fine particles becoming airborne after blasting. This negative association is consistent 
with practical dust control experience, although it should still be interpreted as a statistical 
association rather than a direct causal conclusion. 

In contrast, the stemming column shows weak and statistically insignificant associa-
tions with PM10 and TSP, with correlation coefficients of 0.09 and 0.04, respectively. This 
indicates that no clear monotonic relationship between stemming column and dust con-
centration can be identified from the present dataset alone. However, this does not neces-
sarily mean that stemming has no influence on dust emissions. Its effect may be nonlinear 
or may depend on interactions with other blast design parameters, such as burden, spac-
ing, blasthole diameter, and explosive quantity. Therefore, stemming column was still re-
tained as an input variable in the subsequent machine learning models. 

The heatmap also reveals clear correlations among several input variables. For exam-
ple, burden and spacing show a strong positive association, with a correlation coefficient 
of 0.87 (p < 0.001). Blasthole diameter is strongly associated with rock type and rock den-
sity, with correlation coefficients of 0.82 (p < 0.001) and 0.67 (p < 0.001), respectively. Mois-
ture content is negatively correlated with several blasting and material-related variables, 
including explosive quantity, blasthole diameter, and rock type. These relationships indi-
cate that the input variables in the field dataset are not fully independent. This is common 
in practical blasting operations because blast design parameters are often adjusted jointly 
according to bench geometry, production requirements, and material conditions. 

The presence of these correlations indicates that some predictors contain partly over-
lapping information, but it does not indicate target leakage. All correlated variables were 
input-side variables measured before or during blast design and field monitoring, 
whereas PM10 and TSP were used only as prediction targets. Therefore, the high correla-
tions among predictors mainly reflect the coupled nature of field blasting design rather 
than the inclusion of output information in the model. These correlations were considered 
when interpreting feature importance and SHAP results. 

The scatter plots in Figure 4 provide a visual comparison between selected variables 
and PM10/TSP concentrations. Explosive quantity shows an overall increasing trend with 
both PM10 and TSP, indicating that larger explosive charges are generally associated with 
higher dust concentrations. Distance and moisture content show generally decreasing 
trends, which is consistent with the attenuation of dust concentration during transport and 
the dust-suppression effect of material moisture. In contrast, stemming column does not 
show a clear monotonic trend with either PM10 or TSP. These visual patterns are generally 
consistent with the Spearman correlation analysis shown in Figure 3. However, the scatter 
plots should be interpreted as exploratory evidence only, because the field data are right-
skewed and several blasting parameters are correlated with each other. Therefore, the sub-
sequent machine learning and SHAP analyses were used to further examine the nonlinear 
and multivariable relationships between blasting conditions and dust concentration. 
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Figure 4. Scatter plots between key variables and PM10/TSP concentrations: (a) PM10 versus explo-
sive quantity; (b) TSP versus explosive quantity; (c) PM10 versus distance; (d) TSP versus distance; 
(e) PM10 versus moisture content; (f) TSP versus moisture content; (g) PM10 versus stemming column; 
and (h) TSP versus stemming column. The solid lines represent fitted linear trends, and the shaded 
regions indicate 95% confidence intervals. 

3.3. Model Performance Comparison for PM10 Prediction 

Table 4 and Figure 5 show the six machine learning models’ PM10 concentration pre-
diction ability. Each model’s fitting ability and generalisation performance were com-
pared using four evaluation metrics: R2, RMSE, MAE, and MAPE. Model fitting was ex-
amined using the training set, and prediction accuracy on unseen samples was assessed 
using the test set. This contrast is crucial since the dataset’s PM10 concentrations exhibit a 
right-skewed distribution and include a number of high-value samples, which could 
make accurate prediction more challenging. 
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Table 4. Prediction performance of different models for PM10. 

Model Dataset R2 RMSE (μg/m3) MAE (μg/m3) MAPE (%) 
Extra Trees Regression Training set 0.9564 379.83 185.88 12.68 
Extra Trees Regression Test set 0.9419 507.87 374.57 46.29 

Random Forest Training set 0.9062 556.99 377.11 35.03 
Random Forest Test set 0.9227 585.84 398.24 45.37 

Gradient Boosting Training set 0.9340 467.31 322.58 30.79 
Gradient Boosting Test set 0.9404 514.73 382.29 53.43 

XGBoost Training set 0.9564 379.83 186.03 12.70 
XGBoost Test set 0.9107 629.93 452.48 44.04 

LightGBM Training set 0.7266 950.96 616.27 57.22 
LightGBM Test set 0.6852 1182.49 616.58 70.61 
CatBoost Training set 0.9528 395.04 242.49 19.46 
CatBoost Test set 0.9555 444.87 343.48 44.94 

 

Figure 5. Comparison of model performance for PM10 prediction: (a) R²; (b) RMSE; (c) MAE; and (d) 
MAPE. The blue bars represent the training set, the pink bars represent the test set, and the star 
indicates the best test-set model. 

The majority of models had acceptable PM10 prediction performance, as Table 4 illus-
trates. CatBoost achieved the best test-set performance out of the six models. With RMSE, 
MAE, and MAPE values of 444.87 µg/m3, 343.48 µg/m3, and 44.94%, respectively, its test R2 
was 0.9555. This suggests that, given the current dataset, CatBoost has the best generalisa-
tion ability for PM10 prediction. With an RMSE of 507.87 µg/m3 and a test R2 of 0.9419, ETR 
also did well. Although GBRT ‘s test R2 of 0.9404 was comparable to CatBoost’s, its MAE 
and MAPE were marginally higher. Because the dataset contains only 148 samples and the 
test set contains 30 samples, these rankings should be interpreted as performance under the 
adopted hold-out split rather than as a definitive universal ranking. This is especially rele-
vant for PM10, where CatBoost, ETR, and GBRT showed relatively close test R2 values. 

The benefits of CatBoost are further supported by the results shown in Figure 5. Cat-
Boost maintained a slight discrepancy between training and test performance and dis-
played the greatest R2 value on the test set. This implies that there was no clear overfitting 
and that the model accurately represented the primary nonlinear connection between the 
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input variables and PM10 concentration. Although XGBoost and ETR had good training R2 
values, their test-set outcomes differed. While XGBoost showed a noticeable decline in test 
R2, ETR continued to perform well. This suggests that although XGBoost had poorer gen-
eralisation in this instance, it fit the training data quite well. 

The error-based metrics show a similar trend. CatBoost produced the lowest test 
RMSE and MAE, indicating that its predicted PM10 values were closest to the measured 
values on average. Although XGBoost achieved a relatively low training error, its test 
RMSE increased to 629.93 µg/m3, and its MAE increased to 452.48 µg/m3. RF showed mod-
erate performance, with a test R2 of 0.9227 and RMSE of 585.84 µg/m3. In contrast, 
LightGBM showed the weakest PM10 prediction ability, with the lowest test R2 of 0.6852 
and the highest test RMSE of 1182.49 µg/m3. This suggests that LightGBM was less suita-
ble for this small field-monitoring dataset under the current parameter setting. 

The model’s performance before and after Bayesian optimisation is contrasted in Fig-
ure 6. The findings demonstrate that most models’ prediction performance was enhanced 
by hyperparameter optimisation, however the degree of increase varied depending on the 
algorithm. Several models’ test performance was improved using R2 Bayesian Optimisa-
tion, particularly for tree-based ensemble approaches that are sensitive to model complex-
ity. The optimised models typically displayed lower RMSE, MAE, or MAPE values for 
error metrics, suggesting that Bayesian optimisation contributed to a decrease in predic-
tion error. The degree of improvement was not consistent, though, indicating that the im-
pact of optimisation is dependent on both data quality and model structure. 

 

Figure 6. Before-and-after comparison of PM10 prediction performance using Bayesian Optimization: 
(a) R²; (b) RMSE; (c) MAE; and (d) MAPE. The purple circles indicate the model performance with 
default hyperparameters, the green circles indicate the BO-optimized results, the grey horizontal 
lines show the change after BO, and the star marks the best BO model. For R², higher values indicate 
better performance, whereas for RMSE, MAE, and MAPE, lower values indicate better performance. 

3.4. Model Performance Comparison for TSP Prediction 

Table 5 and Figure 7 show the prediction performance of the six machine learning 
models for TSP concentration. Model performance was assessed using R2, RMSE, MAE, 
and MAPE on both training and test sets, as in the PM10 prediction task. TSP has a greater 
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standard deviation and a wider concentration range than PM10, making precise prediction 
more challenging. In order to find a reliable prediction technique for total suspended par-
ticulate matter emissions, it is crucial to compare various models. 

Table 5. Prediction performance of different models for TSP. 

Model Dataset R2 RMSE (μg/m3) MAE (μg/m3) MAPE (%) 
Extra Trees Regression Training set 0.9257 2301.65 1213.01 20.83 
Extra Trees Regression Test set 0.8803 3899.04 3036.27 51.87 

Random Forest Training set 0.8646 3107.45 2202.02 44.12 
Random Forest Test set 0.8113 4894.55 3861.15 83.73 

Gradient Boosting Training set 0.8989 2685.16 1908.76 36.43 
Gradient Boosting Test set 0.8311 4630.55 3692.53 82.95 

XGBoost Training set 0.9257 2301.65 1213.24 20.84 
XGBoost Test set 0.8596 4222.80 3027.54 47.73 

LightGBM Training set 0.7387 4316.87 3190.96 64.47 
LightGBM Test set 0.8028 5004.56 3865.41 91.58 
CatBoost Training set 0.9196 2394.47 1562.20 28.48 
CatBoost Test set 0.8306 4638.52 3678.35 68.47 

 

Figure 7. BO-optimized model performance for TSP prediction. 

ETR produced the strongest overall test performance for TSP prediction, as Table 5 
illustrates. The matching RMSE and MAE values were 3899.04 µg/m3 and 3036.27 µg/m3, 
respectively, while the test R2 of ETR was 0.8803. According to these findings, ETR out-
performed the other six models in terms of generalisation for the TSP prediction test. With 
a test R2 of 0.8596, RMSE of 4222.80 µg/m3, and the lowest test MAE of 3027.54 µg/m3, 
XGBoost also demonstrated strong prediction accuracy. This implies that XGBoost was 
successful in lowering the average absolute prediction error as well. 
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The results in Figure 7 further show the performance differences among the BO-op-
timized models. ETR and XGBoost achieved relatively high R2 values on both the training 
and test sets, indicating that these two models captured the main nonlinear relationship 
between blasting variables and TSP concentration. CatBoost showed a high training R2 of 
0.9196, but its test R2 decreased to 0.8306. This indicates that CatBoost fitted the training 
data well but had weaker generalization for TSP than for PM10. RF and GBRT showed 
moderate test performance, with test R2 values of 0.8113 and 0.8311, respectively. 

The error-based metrics show a similar pattern. ETR produced the lowest test RMSE, 
which means that it reduced large prediction errors more effectively than the other models. 
XGBoost achieved the lowest MAE and MAPE on the test set, with values of 3027.54 µg/m3 
and 47.73%, respectively. This indicates that XGBoost had an advantage in controlling the 
average relative error. In contrast, LightGBM showed the weakest overall performance for 
TSP prediction. Although its test R2 was 0.8028, its RMSE, MAE, and MAPE were higher 
than those of most other models, suggesting that it was less stable for this dataset. 

The TSP prediction performance before and after Bayesian optimisation is contrasted 
in Figure 8. The findings demonstrate that while hyperparameter optimisation enhanced 
a number of models, the benefit was not consistent. Bayesian optimisation improved 
model fitting and generalisation for some models by raising R2 and lowering prediction 
errors. The improvement was minimal for other models, particularly when a portion of 
the data structure had already been covered by the default model. This finding implies 
that Bayesian optimisation can enhance model performance, however the ultimate out-
come is still contingent upon the model type and TSP dataset complexity. The Bayesian 
optimization convergence curves are shown in Figure 9. For both PM10 and TSP predic-
tion, the best MSE decreased rapidly during the early iterations and then gradually ap-
proached a stable value, indicating that the optimization process effectively searched the 
hyperparameter space. The convergence trends also show that the improvement differed 
among models, which is consistent with the before-and-after performance comparison in 
Figures 6 and 8. These results indicate that Bayesian optimization contributed to model 
tuning, but the final prediction performance was still affected by the model structure and 
the complexity of the PM10 and TSP datasets. 

 

Figure 8. Comparison of TSP prediction performance before and after Bayesian optimization. 
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Figure 9. Bayesian optimization convergence curves for PM10 and TSP prediction: (a) PM10 predic-
tion and (b) TSP prediction. 

3.5. Prediction Performance of the Optimal Model 

The best model for PM10 prediction was CatBoost, and the best model for TSP predic-
tion was ETR, according to the model comparison results. The measured and anticipated 
PM10 and TSP values for the training and test sets are shown in Figure 10. The ideal pre-
diction condition was represented by the 1:1 reference line, and the deviation range be-
tween measured and anticipated values was assessed by adding the ±20% band. The pre-
diction accuracy and generalisation capacity of the best models are directly evaluated vis-
ually in this graphic. 
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Figure 10. Measured versus predicted PM10 and TSP using the optimal models. 

The CatBoost model demonstrated good agreement between measured and pro-
jected values for PM10. The model was able to capture the primary variable pattern of PM10 
concentration since the majority of the training and test data were distributed along the 
1:1 line. With RMSE, MAE, and MAPE values of 395.04 µg/m3, 242.49 µg/m3, and 19.46%, 
respectively, the training set attained an R2 of 0.953. With RMSE, MAE, and MAPE values 
of 444.87 µg/m3, 343.48 µg/m3, and 44.94%, respectively, the model achieved an R2 of 0.955 
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on the test set. The close training and test R2 values suggest that the CatBoost model did 
not show obvious overfitting under the adopted hold-out validation scheme. 

The majority of PM10 samples are clustered in the low-concentration region, as fur-
ther demonstrated by the marginal histograms in Figure 10. The descriptive statistics dis-
played in Section 3.1 are in line with this. The CatBoost model still makes accurate predic-
tions for the majority of samples, despite the existence of a few high-concentration sam-
ples. Due to the small number of extreme dust episodes in the dataset, some variations 
can be seen in the high-value range. Such high-concentration cases in field monitoring 
data are frequently influenced by a number of interrelated parameters, such as local blast-
ing circumstances, moisture content, explosive quantity, and distance. 

The ETR model also shows strong predictive ability for TSP prediction. With RMSE, 
MAE, and MAPE values of 2301.65 µg/m3, 1213.01 µg/m3, and 20.83%, respectively, the 
training set obtained an R2 of 0.926. The test set’s R2 score was 0.880, and its RMSE, MAE, 
and MAPE values were 3899.04 µg/m3, 3036.27 µg/m3, and 51.87%, respectively. TSP had 
a higher test-set error than PM10. This makes sense because TSP has a larger concentration 
range and more variability, making prediction more challenging. The relationship be-
tween RMSE and the standard deviation of the target variable was also considered to as-
sess whether the low RMSE values might indicate overfitting. A RMSE value lower than 
the standard deviation of the measured target does not by itself indicate overfitting. In-
stead, it means that the model performs better than a simple mean-value predictor. For 
PM10, the standard deviation of the measured concentration was 1889.61 µg/m3, while the 
CatBoost model achieved RMSE values of 395.04 µg/m3 on the training set and 444.87 
µg/m3 on the test set. The test RMSE was therefore about 23.5% of the overall PM10 stand-
ard deviation. For TSP, the standard deviation was 9120.84 µg/m3, while the ETR model 
achieved RMSE values of 2301.65 µg/m3 on the training set and 3899.04 µg/m3 on the test 
set. The test RMSE was about 42.8% of the overall TSP standard deviation. These results 
indicate that the models captured meaningful variance in the dust concentration data ra-
ther than simply reproducing the mean response. 

The TSP panel in Figure 10 illustrates that many samples fall inside or close to the 
±20% region, and the majority of projected values match the overall trend of the measured 
values. Some test samples, particularly those in the medium and high concentration 
ranges, do, however, depart from the 1:1 line. This suggests that while the model can ex-
plain the general relationship between TSP concentration and blasting circumstances, its 
accuracy declines in certain intricate high-dust scenarios. Air humidity, wind direction, 
wind speed, and short-term atmospheric disturbance following blasting are examples of 
variables not included in the dataset that could be the cause of these differences. 

3.6. Residual Analysis 

To further assess the prediction accuracy of the best models, residual analysis was 
carried out. The ETR model was examined for TSP, and the CatBoost model was examined 
for PM10. The residual distributions and the correlation between residuals and predicted 
values are shown in Figure 11. The ideal condition is represented by the zero-residual line, 
and the dispersion of prediction errors was examined using the ±1 SD and ±2 SD bands. 
After fitting the measured dust concentration data, this technique aids in determining if 
the models exhibit a clear systematic bias. 

The CatBoost model’s residuals for PM10 prediction were mostly dispersed around 
the zero-residual line. The residual distribution was nearly symmetric, with a mean resid-
ual of 11.61 µg/m3 and a skewness of 0.12. Only a few samples exceeded the broader error 
range, with the majority falling within the ±1 SD band. This implies that there was no 
discernible tendency for the CatBoost model to overestimate or underestimate PM10 levels. 
In line with the fact that the majority of PM10 samples were in the low-concentration in-
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terval, the residual scatter plot also demonstrates that the majority of mistakes were clus-
tered in the low-prediction range. 

Compared to PM10, the residual distribution for TSP prediction was more spread. The 
skewness was 0.55, the standard deviation was 2711.78 µg/m3, and the mean residual was 
−35.68 µg/m3. In relation to the TSP concentration scale, the mean value was nearly zero, 
suggesting that there was no significant general bias in the ETR model. The higher stand-
ard deviation, however, indicates that TSP’s prediction error was more erratic. This out-
come is in line with the model performance comparison, in which PM10 had lower RMSE 
and MAE values than TSP. Additionally, the residual scatter plot shows that certain sam-
ples, particularly in the higher expected concentration range, had considerable positive or 
negative residuals. 

 

Figure 11. Residual analysis of the optimal model. 

The distinct features of the two target variables can account for the discrepancy be-
tween PM10 and TSP residuals. In the dataset, PM10 exhibited a comparatively lower con-
centration range and represented a smaller particle proportion. TSP, on the other hand, 
has greater variability and covers a wider variety of suspended particles. As a result, com-
plicated field elements such as dust cloud movement, particle settling, wind disturbance, 
and local monitoring circumstances have a greater impact on TSP prediction. The greater 
residual dispersion of the TSP model could be explained by the incomplete inclusion of 
these elements in the available input variables. 

The high-concentration interval error analysis is shown in Figure 12 to further inves-
tigate model performance in high-dust situations. The 75th percentile of the measured 
concentration was used to define the high-concentration interval in this figure. Eight test 
samples fell within the high-concentration range for PM10, which had a threshold of 
1524.25 µg/m3. The CatBoost model maintained adequate prediction accuracy for high 
PM10 values, as evidenced by its high-concentration MAPE of 21.54%. This finding implies 
that CatBoost can reliably identify situations with significant PM10 emissions. 
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Figure 12. High-concentration interval error analysis of the optimal models. 

Eight test samples fell within the high-concentration threshold of 11,944.00 µg/m3 for 
TSP. The ETR model’s high-concentration MAPE was 27.69%. This score was greater than 
PM10, indicating that it was more challenging to predict high TSP. Larger discrepancies were 
seen in a number of high-concentration TSP samples, particularly when the measured con-
centration was quite high. This could be connected to the intricate process of total suspended 
particle production and movement following blasting. Short-term airflow, falling trajectory, 
and sample position have a greater impact on large suspended particles, potentially increas-
ing forecast uncertainty. The concentration-band error analysis also helps explain why the 
optimal models achieved high R2 values but still showed relatively high test MAPE values. 
The test R2 values of the optimal models were 0.9555 for PM10 and 0.8803 for TSP, indicating 
that the models captured the main variance of the measured concentrations. However, the 
corresponding test MAPE values were 44.94% and 51.87%, respectively. This apparent dis-
crepancy is mainly related to the right-skewed distribution of PM10 and TSP. A small num-
ber of high-concentration samples contribute strongly to the total variance and therefore 
have a large influence on R2. In contrast, MAPE gives greater relative weight to low-concen-
tration samples, where even a moderate absolute error can produce a large percentage error. 
The high-concentration interval analysis showed that the MAPE values of the optimal mod-
els were 21.54% for PM10 and 27.69% for TSP, which were lower than the overall test MAPE 
values. This indicates that the high overall MAPE was largely affected by relative errors in 
low- and medium-concentration samples rather than by poor prediction of high-concentra-
tion dust events. Therefore, R2, RMSE, MAE, and MAPE should be interpreted together in-
stead of relying on a single metric. It should be further noted that the high test R2 values 
may be partly affected by the presence of several high-concentration or high-explosive-
quantity cases, because R2 is sensitive to the total variance of the measured target values. 
Therefore, the reported R2 values should not be interpreted as evidence that the models are 
equally accurate for all blasting scales. Instead, they indicate that the models captured the 
main variance pattern of the present dataset. The relatively high MAPE values and the re-
sidual dispersion, especially for TSP, show that prediction uncertainty remains for low- and 
medium-concentration cases. Thus, the model performance should be interpreted together 
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with the residual analysis, concentration-band error analysis, and the limitations of the 
available field dataset. 

3.7. Feature Importance Analysis 

Feature importance analysis was used to identify the main predictors within each 
optimal model. The PM10 model was based on CatBoost, whereas the TSP model was 
based on Extra Trees Regression. Therefore, the importance percentages in Figure 13 
should be interpreted as model-specific rankings within each target rather than as directly 
comparable values between PM10 and TSP. In this section, the feature importance results 
are used to describe the dominant variables for each model separately. Cross-target com-
parison is made mainly in the subsequent SHAP analysis, where the direction and sample-
level contribution of each variable can be examined in a more consistent way. In addition, 
the input variables were not fully independent, as shown by the correlation heatmap. 
Therefore, the importance assigned to variables within correlated groups may be shared 
or redistributed by the model. For example, burden and spacing jointly describe the 
blasthole layout, whereas blasthole diameter, rock density, and rock type partly reflect 
material and charge-structure conditions. Thus, Figure 13 should be interpreted as a 
model-based ranking of predictive contribution rather than as a strict measure of the in-
dependent physical effect of each variable. 

With an importance value of 33.1%, explosive quantity ranked first in the PM10 
model. This finding suggests that the model forecast was most strongly influenced by the 
quantity of explosive utilised during a blasting round. Higher energy release, stronger 
rock fracture, and more severe dust formation are typically associated with larger explo-
sive quantities. This result is also in line with the correlation analysis, which revealed a 
strong positive association between explosive quantity and PM10 concentration. 

With an importance value of 19.7%, the quantity of blastholes was the second most 
significant factor for PM10. The size of a blasting operation is reflected in this variable. A 
larger blasting area and more disruption to the rock mass are often indicated by more 
blastholes. As a result, the quantity of blastholes may be an indirect indicator of the 
strength of a possible dust source. Distance came in third place with a 13.1% significance 
value. This demonstrates that PM10 prediction was clearly impacted by the monitoring 
position. Air dilution, particle dispersion, and deposition all have an impact on PM10 con-
centration as one gets farther away from the blasting source. 

With a importance value of 25.7%, explosive quantity was also the most significant fac-
tor for TSP prediction. This demonstrates that both fine particulate matter and total sus-
pended particulate matter are significantly influenced by explosive energy input. Within the 
TSP model, explosive quantity was also ranked as the most important variable. This indi-
cates that explosive energy input was a dominant predictor for TSP under the ETR model. 
However, because the PM10 and TSP importance values were obtained from different model 
families, the percentage values should not be directly compared between the two targets. 

With a importance value of 18.5%, distance came in second for TSP prediction. 
Within the TSP model, distance ranked second in feature importance, indicating that spa-
tial attenuation was an important predictor for TSP concentration. This interpretation is 
also consistent with the SHAP results and the physical process of particle dilution and 
settling during transport. Particle settling during transport may have a greater impact on 
observed concentration since TSP contains bigger suspended particles. With a significance 
score of 16.1%, the quantity of blastholes came in third. Like PM10, this variable contributes 
to the quantity of dust created during blasting and represents the blasting scale. 

Although their significance values were lower, other variables also played a role in 
model prediction. Stemming column, blasthole diameter, burden, moisture content, rock 
density, and rock type all contributed moderately or weakly to PM10. These factors also 
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have secondary effects on TSP. They may nevertheless have an impact on dust emissions 
through nonlinear interactions, even though their individual relevance values were not as 
high as those of explosive quantity, distance, and number of blastholes. For instance, while 
moisture content can encourage particle agglomeration and decrease dust suspension, a 
stemming column can affect collar dust release and explosive gas confinement. 

 

Figure 13. Feature importance ranking for PM10 and TSP. 

3.8. SHAP Interpretation 

The prediction behaviour of the optimal models was further explained using SHAP 
analysis [14]. Recent mining and rock-engineering studies have also demonstrated the 
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usefulness of SHAP for interpreting nonlinear ensemble models [21]. In contrast to feature 
importance analysis, SHAP can display the direction of each variable’s influence on the 
anticipated dust concentration in addition to its relative importance. SHAP values for the 
best PM10 model based on CatBoost and the best TSP model based on ETR were computed 
in this study. Figures 14 and 15 display the outcomes. Because the optimal PM10 and TSP 
models were different model families, the cross-target comparison of variable effects was 
based primarily on the SHAP results rather than on the raw feature importance percent-
ages. In the present study, SHAP was used to compare the relative ranking, influence di-
rection, and sample-level contribution patterns of key variables for PM10 and TSP. The 
absolute SHAP magnitudes were not directly compared between the two targets because 
PM10 and TSP have different concentration ranges. Moreover, because some predictors 
were strongly correlated, SHAP values may allocate contribution among correlated vari-
ables. Therefore, the SHAP plots were interpreted together with the correlation heatmap 
and engineering knowledge, rather than as fully independent causal attributions for each 
feature. 

 

Figure 14. SHAP summary plot for PM10 using the optimal model (CatBoost). 

The SHAP summary graphic in Figure 14 demonstrates that the most important fac-
tors for PM10 prediction were explosive quantity, number of blastholes, and distance. In 
general, this outcome agrees with the ranking of feature importance. Positive SHAP val-
ues were mostly generated by high explosive quantity values, suggesting that higher ex-
plosive charges raised the anticipated PM10 concentration. Higher explosive energy can 
increase rock fragmentation and produce more fine particles during blasting, which 
makes this trend understandable. Additionally, the dependence plot exhibits a distinct 
upward trend, indicating that explosive quantity significantly improves PM10 prediction. 

Additionally, the quantity of blastholes demonstrated a significant impact on PM10 
prediction. The anticipated PM10 concentration often increased with the number of 
blastholes. This variable is directly correlated with the total volume of disturbed rock and 
represents the size of the blasting round. As a result, it can depict the possible source in-
tensity of dust production. The impact of blasthole number, however, may interact with 
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other factors, including explosive quantity, hole diameter, burden, and spacing, because 
the SHAP distribution also exhibits certain sample-level variations. 

 

Figure 15. SHAP summary plot for TSP using the optimal model (ETR). 

The PM10 prediction was mostly negatively impacted by distance. Longer monitoring 
distances decreased the anticipated PM10 concentration, as evidenced by the correlation 
between higher distance values and negative SHAP values. This is consistent with the 
physical process of dust deposition and dispersion following blasting. Particulate matter 
is diluted, and some particles settle gradually as the dust cloud moves away from the 
blasting source. As a result, distance plays a significant role in characterising the spatial 
attenuation of PM10 concentration. 

The SHAP summary figure in Figure 15 displays a comparable but distinct pattern 
for TSP prediction. The number of blastholes, explosive quantity, and distance were also 
important factors. The anticipated TSP concentration was often higher for high explosive 
quantity values, indicating that energy input plays a significant role in the creation of total 
suspended particulate matter. Larger blasting scales may result in stronger dust emissions 
and higher concentrations of suspended particles, according to the positive SHAP trend. 

TSP prediction was significantly impacted negatively by distance. Greater monitor-
ing distances tended to lower the expected TSP concentration, according to the SHAP de-
pendence plot. According to the feature importance results, this effect was more noticea-
ble for TSP than for PM10. TSP is more impacted by transport distance and gravity settling 
because it contains particles with a larger size range, including larger suspended particles. 
As a result, as one gets farther away from the blasting source, the observed TSP concen-
tration may drop more noticeably. 

Additionally, the SHAP results show that the model’s output was influenced by a few 
secondary factors. Although they had lower average SHAP values, variables like moisture 
content, stemming column, blasthole diameter, burden, spacing, rock density, and rock type 
still had an impact on individual forecasts. For instance, the correlation analysis showed that 
moisture content generally had a dust-suppression tendency, but the SHAP results indicate 
that its influence might change depending on the blasting settings. This implies that rather 
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than functioning as a straightforward linear element, moisture content may interact with 
explosive quantity, rock type, and particle transport pathways. 

As a whole, the SHAP interpretation shows that the main factors influencing blast-
induced PM10 and TSP predictions are explosive quantity, number of blastholes, and dis-
tance. The anticipated dust concentration is mostly increased by explosive quantity and 
number of blastholes, but it is typically decreased by distance. These results align with the 
results of the feature importance analysis and the preliminary correlation analysis. More 
significantly, SHAP enhances the machine learning models’ interpretability and promotes 
their application in engineering dust control decision-making by offering sample-level ev-
idence for the direction and amount of variable impacts. 

4. Discussion 
4.1. Comparison of Model Performance 

The findings of the model comparison demonstrate that tree-based ensemble models 
were appropriate for forecasting PM10 and TSP concentrations caused by blasts. With the 
highest R2 and the lowest RMSE and MAE, CatBoost had the best test performance for PM10 
prediction. ETR performed the best overall for TSP prediction, particularly when it came to 
test R2 and RMSE. These findings show that blasting parameters and dust concentration 
have a nonlinear connection that cannot be adequately explained by straightforward linear 
hypotheses [22]. A quantitative comparison with the source study by Roy et al. [1] was con-
ducted to better clarify the relative performance of the proposed framework. In the source 
study, the best multiple regression models reported R2 values of 0.774 for PM10 and 0.758 for 
TSP. In comparison, the present optimal ensemble models achieved test R2 values of 0.9555 
for PM10 and 0.8803 for TSP, corresponding to absolute increases of 0.1815 and 0.1223, re-
spectively. In relative terms, the R2 values increased by approximately 23.4% for PM10 and 
16.1% for TSP compared with the reported multiple regression benchmarks. Roy et al. [1] 
also reported ANN correlation coefficients of 0.97 for PM10 and 0.96 for TSP, which corre-
spond approximately to R2 values of 0.941 and 0.922 if squared correlation is used as a rough 
reference. Compared with these ANN results, the present CatBoost model showed compa-
rable or slightly higher performance for PM10, whereas the present ETR model showed a 
lower R2 for TSP. Therefore, the improvement of the present framework should not be in-
terpreted as a uniform accuracy increase over all models in the source study. Rather, the 
main advantage lies in the systematic comparison of modern ensemble models, multi-metric 
test-set evaluation, residual and concentration-band error analysis, and SHAP-based inter-
pretation of variable effects. The model ranking should be interpreted with caution because 
the dataset is small and the final test set contained only 30 samples. A k-fold or repeated k-
fold validation strategy would provide a more comprehensive estimate of metric variability. 
However, adding a post hoc non-nested k-fold validation only for the two selected optimal 
models may not fully resolve the uncertainty in model ranking, because model selection and 
hyperparameter tuning were originally performed under the fixed hold-out protocol. A rig-
orous cross-validation-based comparison would require repeating the full optimization and 
model-selection process for all candidate models within each fold, preferably using nested 
or repeated cross-validation. Given the limited sample size and the strongly right-skewed 
concentration distribution, such an expanded validation design was not included in the pre-
sent revision. Therefore, the present results are interpreted as hold-out test performance un-
der the current dataset, and close model rankings, especially among CatBoost, ETR, and 
GBRT for PM10, should be regarded as indicative rather than definitive. It should be empha-
sized that a RMSE value lower than the standard deviation of the target variable is not direct 
evidence of overfitting. The standard deviation represents the dispersion of the measured 
concentrations around their mean, whereas RMSE represents the average prediction error. 
If a model captures useful relationships between the input variables and the target concen-
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tration, its RMSE is expected to be lower than the standard deviation. Overfitting is more 
appropriately assessed by the gap between training and test performance, residual behav-
ior, and validation design. In this study, the PM10 model showed very close training and test 
performance, indicating no obvious overfitting. For TSP, the test error was higher than the 
training error, suggesting weaker generalization than PM10; therefore, the TSP results were 
interpreted more cautiously and the need for further validation was acknowledged. 

Attention should also be paid to the distinction between PM10 and TSP prediction. 
TSP was not as well predicted as PM10. This could be due to the fact that TSP encompasses 
a larger range of particle sizes and is more significantly impacted by local sampling con-
ditions, air disturbance, and particle settling. PM10, on the other hand, may have a more 
consistent relationship with blasting size and monitoring distance and indicates finer par-
ticles. Consequently, given the current dataset, the higher prediction error for TSP makes 
sense. A log-transform of the target variables and a relative-error-based loss were also 
considered during the methodological design. However, they were not adopted in the 
main analysis for three reasons. First, PM10 and TSP concentrations need to be interpreted 
in their original physical units (µg/m3) for dust control decision-making. Second, the orig-
inal-scale MSE objective, together with RMSE and MAE, gives sufficient attention to high-
concentration dust events, which are usually more important for risk identification and 
engineering control. Third, with the limited sample size of the present dataset, back-trans-
formation from a logarithmic model may introduce additional bias and uncertainty. Nev-
ertheless, log-transformed targets and relative-error-based optimization may help reduce 
relative errors in low-concentration samples, and they should be further examined in fu-
ture studies using larger datasets. 

Several models’ efficiency was enhanced using Bayesian optimisation, albeit not all 
algorithms saw the same increase. This implies that while hyperparameter adjustment is 
helpful, the final prediction ability is still determined by the model structure and data 
properties. All things considered, CatBoost and ETR provide a decent trade-off between 
prediction accuracy and generalizability. As a result, they were chosen as the best models 
for additional analysis. Compared with previous studies that used empirical regression, 
multiple linear regression, or neural-network models for mine dust prediction, the present 
results show that tree-based ensemble models can provide competitive prediction perfor-
mance for blast-induced PM10 and TSP under nonlinear field conditions. Roy et al. [1] 
demonstrated the feasibility of regression and neural-network models for blasting dust 
assessment, but their discussion mainly focused on predictive accuracy. In contrast, the 
present study combines ensemble learning with feature importance and SHAP interpre-
tation, which allows both prediction performance and variable effects to be analysed. Sim-
ilar to recent open-pit dust prediction studies [22,23], the results confirm the usefulness of 
machine learning for dust concentration estimation. However, this study focuses specifi-
cally on short-duration blast-induced particulate matter and further distinguishes the pre-
dictive behaviour of PM10 and TSP. The present study focused on tree-based ensemble 
models because they are well suited for small tabular engineering datasets and can cap-
ture nonlinear relationships without strict assumptions about data distribution. In addi-
tion, these models provide direct access to feature importance analysis and are compatible 
with SHAP interpretation. However, this model selection also has limitations. Non-tree-
based algorithms, such as support vector regression, Gaussian process regression, or neu-
ral networks, and hybrid physics-informed models that incorporate dust-dispersion 
mechanisms may provide different advantages. These approaches were not fully com-
pared in the present work because the main objective was to evaluate interpretable en-
semble learning models using the available field monitoring dataset. Future studies with 
larger datasets should compare tree-based models with non-tree-based and physics-in-
formed hybrid approaches to better identify their relative strengths and weaknesses. 



Appl. Sci. 2026, 16, 7304 31 of 37 
 

https://doi.org/10.3390/app16147304 

4.2. Influence Mechanism of Key Variables 

Based mainly on SHAP interpretation, and supported by correlation analysis and 
within-model feature importance rankings, explosive quantity, number of blastholes, and 
monitoring distance were identified as the primary factors influencing PM10 and TSP pre-
dictions. It should also be noted that some blasting design and material-related variables 
were correlated with each other. This reflects the actual coupling of field blast design ra-
ther than data leakage. For example, burden and spacing are usually adjusted together 
according to bench geometry, while blasthole diameter, rock type, and rock density are 
related to material and charge-structure conditions. However, the correlations among pre-
dictors may affect the allocation of feature importance and SHAP values. For example, 
burden and spacing describe related aspects of the blasthole layout, while blasthole diam-
eter, rock density, and rock type are also partly coupled in the present field dataset. Under 
such multicollinearity, tree ensembles can still provide useful predictions, but the attribu-
tion assigned to one variable may partly reflect the information shared with its correlated 
variables. Therefore, the interpretation results in Figures 13–15 should be understood as 
model-based predictive contributions rather than independent causal effects. In both 
SHAP analyses, explosive quantity showed a dominant positive contribution pattern, 
while the within-model feature importance rankings also placed explosive quantity 
among the leading predictors. More energy is typically released, rock breakage intensity 
is increased, and more fine particles are produced with a bigger explosive quantity [22]. 
Consequently, it makes sense that this variable raised the anticipated dust concentration. 
These findings are generally consistent with earlier blasting dust studies, which reported 
that blast scale, explosive quantity, moisture condition, and monitoring distance are im-
portant factors affecting particulate matter concentration. The similarity indicates that the 
dominant predictors identified by the machine learning models are physically reasonable. 
However, the present results also show some differences from conventional correlation-
based analyses. For example, stemming column showed weak pairwise correlation with 
PM10 and TSP, but it still contributed to individual predictions through nonlinear interac-
tions in the ensemble models. This suggests that a variable with weak marginal correlation 
may still contain useful predictive information when combined with other blasting pa-
rameters. Therefore, the machine learning interpretation provides a more comprehensive 
view than single-factor correlation analysis. 

Another significant component, particularly for PM10 prediction, was the quantity of 
blastholes. This variable represents the volume of disturbed rock and the size of the blasting 
round. A larger dust source region and a higher potential for particle release are typically 
associated with more blastholes. However, other design factors like hole diameter, weight, 
spacing, and stemming length may also have an impact. This explains why a straightfor-
ward single-factor analysis is not as appropriate as the machine learning approach. 

Dust concentration was clearly negatively impacted by monitoring distance, partic-
ularly for TSP. Dust particles are spread, diluted, and deposited as one gets farther away 
from the blasting source. In TSP, larger suspended particles are more susceptible to grav-
itational settling and transit distance. The link between moisture content and dust concen-
tration was weaker but generally negative. This implies that increased moisture content 
could promote particle agglomeration and lessen dust suspension. Although these find-
ings are in line with real-world blasting dust behaviour, they should be viewed as data-
driven correlations rather than rigid causal conclusions. 
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4.3. Engineering Implications 

The engineering implications of this study should be understood based on the com-
bined evidence from model performance, residual analysis, feature importance, SHAP in-
terpretation, and the comparison with previous studies. The high test performance of the 
optimal models indicates that blast-induced PM10 and TSP concentrations can be reason-
ably estimated from blasting design parameters, monitoring distance, and material-re-
lated variables. However, the prediction results should not be regarded only as a numer-
ical forecasting exercise. More importantly, the interpretation results provide a basis for 
identifying which blasting conditions are more likely to cause high dust emissions and 
why these conditions require additional control measures. 

Explosive quantity was consistently identified as the most influential predictor for 
both PM10 and TSP. This result was supported by three types of evidence. First, the corre-
lation analysis showed a significant positive association between explosive quantity and 
the two dust indicators. Second, within each optimal model, feature importance analysis 
ranked explosive quantity among the leading predictors, although the percentages were 
not directly compared across PM10 and TSP because different model families were used. 
Third, SHAP analysis consistently showed that higher explosive quantity generally pro-
duced positive SHAP values, indicating an increase in predicted dust concentration. This 
finding is consistent with the physical mechanism of blasting, because larger explosive 
charges release more energy, disturb a larger rock volume, and increase the probability of 
fine-particle generation. It is also consistent with previous studies that emphasized the 
role of blast scale and explosive energy in dust generation. Therefore, for blasting opera-
tions with high charge quantities, dust control measures such as pre-wetting, water spray-
ing, and local suppression should be planned in advance. This implication is not only a 
general recommendation, but is directly derived from the model evidence that explosive 
quantity strongly increases the predicted dust concentration. 

The number of blastholes was another important predictor, especially for PM10. This 
variable represents the scale of the blasting round and is closely related to the disturbed 
rock volume. The SHAP results showed that a larger number of blastholes generally in-
creased the predicted PM10 concentration, while feature importance analysis also ranked 
this variable among the top predictors. This indicates that dust control planning should 
not focus only on the total explosive charge, but should also consider the spatial scale of 
the blast. Compared with simple regression-based conclusions, this result suggests that 
blast layout and blast scale may jointly influence dust emissions through nonlinear inter-
actions with burden, spacing, blasthole diameter, and stemming length. Therefore, prac-
tical dust reduction should be linked with the optimization of the overall blast design 
rather than the adjustment of a single parameter. 

Monitoring distance showed a clear negative effect on dust concentration, particularly 
for TSP. This result was supported by the negative correlation coefficients and the SHAP 
distributions, where larger distances generally reduced the predicted dust concentration. 
The stronger role of distance in TSP prediction is reasonable because TSP includes a broader 
particle-size range and is more affected by dilution, gravitational settling, and transport dis-
tance. This result is consistent with the general understanding of dust dispersion in surface 
mines, but the present model further quantifies its predictive contribution. From an engi-
neering perspective, this finding indicates that monitoring point arrangement should cover 
both near-field and far-field locations. Near-field monitoring is useful for capturing high-
concentration dust episodes, whereas far-field monitoring is necessary for evaluating the 
attenuation range and potential environmental influence of the dust cloud. 

Moisture content showed a generally negative association with PM10 and TSP, although 
its importance was lower than that of explosive quantity, number of blastholes, and moni-
toring distance. This indicates that moisture condition is a secondary but still meaningful 
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factor in blast-induced dust control. The negative effect is physically reasonable because 
water can promote particle agglomeration and reduce the suspension of fine particles. This 
result supports the practical use of pre-wetting or water-based suppression in dry blasting 
conditions. However, the SHAP results also indicate that the effect of moisture content may 
vary among samples, suggesting that its dust-suppression effect can interact with explosive 
quantity, rock type, and transport conditions. Therefore, moisture control should be re-
garded as a supporting measure rather than an independent solution. 

Compared with previous studies, the main contribution of the present engineering 
discussion is that the suggested control strategies are supported by interpretable machine 
learning evidence rather than only by empirical judgement. Earlier studies have shown 
that blasting dust is affected by explosive quantity, moisture content, monitoring distance, 
and mine operating conditions. The present study reaches a similar general understand-
ing, but further shows how these variables contribute to PM10 and TSP prediction in dif-
ferent ways. PM10 prediction was more stable and was more strongly associated with blast 
scale variables, whereas TSP prediction showed larger uncertainty and stronger sensitiv-
ity to transport-related effects. This difference suggests that dust control planning should 
distinguish between fine particulate matter and total suspended particulate matter. In 
practical applications, the proposed framework can be used as a decision-support tool to 
identify high-risk blasting scenarios, optimize monitoring locations, and select appropri-
ate dust control measures. Nevertheless, these implications should be applied together 
with field monitoring and site-specific engineering judgement, because meteorological 
factors such as wind speed, wind direction, humidity, and atmospheric stability were not 
included in the current dataset. The practical value of interpretable machine learning has 
also been demonstrated in blasting-engineering applications, including tunnel overbreak 
prediction and open-pit flyrock forecasting [24,25]. These studies show that interpretation 
methods can connect model outputs with engineering parameters and support engineer-
ing decision-making. In the present study, the positive SHAP effects of explosive quantity 
and number of blastholes indicate that high-charge and large-scale blasting rounds are 
more likely to increase PM10 and TSP predictions. In contrast, the negative SHAP effect of 
monitoring distance reflects the general attenuation of dust concentration away from the 
blasting source. Therefore, SHAP helps translate the fitted models into actionable evi-
dence for identifying high-risk blasts, arranging near- and far-field monitoring points, and 
selecting appropriate pre-wetting or local suppression measures. In contrast, the negative 
SHAP effect of monitoring distance explains why dust concentration generally decreases 
as the sampling point moves away from the blasting source. Therefore, SHAP helps con-
nect model prediction with actionable dust control decisions, such as identifying high-risk 
blasts, arranging near-field and far-field monitoring points, and selecting appropriate pre-
wetting or local suppression measures. 

4.4. Limitations and Future Work 

Although the proposed machine learning framework achieved good prediction per-
formance for PM10 and TSP in the present dataset, several limitations should be acknowl-
edged. First, the dataset was obtained from published field monitoring records from one 
large surface coal mine. After data verification and preprocessing, only 148 valid samples 
were available for model development and evaluation. This sample size is relatively small 
for training machine learning models, especially when nonlinear ensemble models are 
used. Therefore, although the training and test results showed good performance, the pos-
sibility of overfitting cannot be completely excluded. This is especially relevant for TSP, 
where the training–test error gap was larger than that of PM10. The results should be in-
terpreted as site-specific prediction performance under the present data conditions rather 
than as a universally validated model for all surface mines. Another limitation is that the 
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present study did not perform an exclusion-based validation by removing very large 
blasting rounds from the test set. Because the dataset is small and the high-explosive-
quantity samples are valid field observations, removing them would further reduce the 
already limited number of test samples and would change the original field-data distri-
bution. Nevertheless, these samples may partly influence the EQ–dust association and the 
high R2 values. Future studies should collect larger datasets with more balanced distribu-
tions of blasting scale and should explicitly evaluate model robustness on non-extreme, 
medium-scale, and high-energy blasting subsets. 

Second, the current dataset mainly includes blasting design parameters, monitoring 
distance, and material-related variables. Crucial meteorological factors, including wind 
speed, wind direction, temperature, humidity, and atmospheric stability, were not in-
cluded. This limitation may affect the engineering application of the proposed framework, 
especially for TSP prediction and far-field dust dispersion assessment. Dust deposition, 
dilution, and diffusion following blasting can be significantly influenced by these factors. 
Therefore, the higher prediction errors for TSP, particularly in high-concentration sam-
ples, could be partially explained by the absence of meteorological information. 

Third, the model validation was based on an 80:20 train–test split, which allowed an 
independent test set to be retained for final performance evaluation. However, for a small 
dataset, the estimated performance may still be sensitive to the specific data partition. 
Although k-fold cross-validation can provide mean and standard-deviation estimates of 
model performance, a rigorous use of cross-validation for model ranking would require 
the full model-selection and hyperparameter-optimization process to be repeated within 
each fold. In the present study, such nested or repeated cross-validation was not per-
formed. Therefore, the reported model ranking should be interpreted as the result under 
the adopted hold-out validation scheme. Future studies should use repeated k-fold cross-
validation, nested cross-validation, or bootstrap resampling to obtain more reliable esti-
mates of model generalization performance and metric uncertainty. 

Fourth, the present study did not include external validation using data from other 
mines. Differences in mine geometry, lithology, blasting practice, explosive type, climate, 
and dust control measures may affect the relationship between input variables and dust 
concentration. Therefore, future work should collect larger datasets from multiple surface 
mines and different seasons, incorporate meteorological and operational variables, and 
evaluate the model using independent external datasets. Such efforts would improve the 
external validity and practical applicability of the proposed framework. 

Finally, the interpretation results obtained from feature importance and SHAP anal-
ysis should be understood as model-based predictive associations rather than strict causal 
relationships. Future research can combine machine learning with physical dust-disper-
sion models, field sensor networks, uncertainty analysis, and real-time monitoring data. 
This would support the development of more reliable early-warning and decision-sup-
port systems for blast-induced dust control in surface mines. In addition, future studies 
should compare the present tree-based ensemble framework with non-tree-based algo-
rithms and physics-informed hybrid models that incorporate dust-generation and dust-
dispersion mechanisms. 

5. Conclusions 
A machine learning-based framework was developed to predict blast-induced PM10 

and TSP concentrations using a published field monitoring dataset from a large surface 
coal mine. The information, which comprised blasting parameters, monitoring distance, 
material conditions, and dust concentration indicators, was gathered from publicly avail-
able blasting dust monitoring records. In order to enhance model performance, six tree-
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based ensemble models were compared using Bayesian optimisation. The following are 
the primary conclusions: 

(1) PM10 and TSP concentrations had considerable variability and right-skewed distribu-
tions, according to descriptive statistics and correlation analysis. There was a signif-
icant positive correlation between PM10 and TSP. While monitoring distance and 
moisture content generally exhibited negative relationships, explosive quantity 
clearly indicated a positive correlation with dust concentration. 

(2) The model comparison indicated that ensemble tree-based models achieved good 
prediction performance under the adopted hold-out validation scheme. CatBoost 
showed the highest test R2 for PM10 prediction, whereas ETR showed the highest test 
R2 for TSP prediction. However, because only 148 samples were available and the test 
set contained 30 samples, the model ranking should be interpreted with caution and 
further verified using repeated or nested cross-validation in future studies. These 
findings imply that the nonlinear relationship between blasting settings and dust 
emissions can be effectively described by ensemble learning models. Compared with 
the source study, the proposed models clearly improved upon the reported multiple 
regression benchmarks, with R2 increases of approximately 23.4% for PM10 and 16.1% 
for TSP. Compared with the reported ANN results, the present PM10 model showed 
comparable or slightly higher performance, whereas the TSP model showed a lower 
R2. Therefore, the main contribution of the proposed framework lies not only in pre-
diction accuracy, but also in systematic ensemble-model comparison, multi-metric 
evaluation, and interpretable variable-effect analysis. 

(3) The best models demonstrated strong prediction stability and no discernible system-
atic bias, according to residual analysis and measured-versus-predicted plots. TSP 
displayed greater residual variation, whereas PM10 was predicted more precisely. 
This discrepancy could be explained by TSP’s larger dispersion uncertainty and 
broader particle-size range. 

(4) Based mainly on SHAP interpretation and supported by within-model feature im-
portance rankings, explosive quantity, number of blastholes, and monitoring dis-
tance were consistently identified as the main factors influencing PM10 and TSP pre-
dictions. While monitoring distance generally decreased the projected dust concen-
tration, explosive quantity and number of blastholes primarily raised it. The optimi-
sation of blast parameters, dust monitoring arrangement, and dust control planning 
in surface mines can all benefit from these findings. 
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