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Abstract
Drilling and blasting is a process frequently used in rock-surface and deep excavation. For a proper drilling plan, accurate
prediction of the amount of explosive material is essential to reduce the environmental effects associated with blasting
operations. This study introduces a series of tree-based models, namely extreme gradient boosting machine (XGBoost),
gradient boosting machine (GBM), adaptive boosting machine (AdaBoost), and random forest (RF), for predicting powder
factor (PF) values obtained from blasting operations. The predictive models were constructed based on geomechanical
characteristics at the blasting site, blasting pattern parameters, and rock material properties. These tree-based models were
designed and tuned to minimize system error or maximize accuracy in predicting PF. Subsequently, the best model from
each category was evaluated using various statistical metrics. It was found that the XGBoost model outperformed the other
implemented techniques and exhibited outstanding potential in establishing the relationship between PF and input variables in
the training set. Among the input parameters, hole diameter received the highest significance rating for predicting the system
output, while the point load index had the least impact on the PF values.

Keywords Powder factor · Drilling and blasting · Geomechanical characteristics · Blasting pattern parameters · Tree-based
models

1 Introduction

The blasting technique is a common method in surface and
deep rock excavation. The blasting pattern parameters and
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their effective designs are always crucial in any rock exca-
vation project. Optimal selection of the powder factor is
significant for tunnel blasting from the economic point of
view (Gokhale 2010). Additionally, the powder factor is an
essential factor in the assessment of blast efficiency and its
proper determination can affect the blasting results, which is
fragmentation. The powder factor is defined as the ratio of
the weight of the explosive to the volume of rock that must be
blasted (Mohamed et al. 2015). An increase or decrease in the
powder factor directly affects the rock fragmentation rate. An
excessive amount of powder factor can lead to smaller sizes
of fragmentation, which may not be of interest. On the other
hand, a lower amount of powder factor can lead to larger rock
fragments, which may require a secondary blast (Singh et al.
2016). Some researchers reported well-established exper-
imental models for powder factor estimation (Kuznetsov
1973; Roy 2005). In addition, many researchers reported that
powder factor is related to rock mass properties and/or rock
quality index (Chakraborty et al. 1997; Adesida 2022).

Several researchers highlighted the importance of powder
factor in relevant artificial intelligence (AI)-based studies.
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Rezaei et al. (2011) developed a fuzzy inference system for
flyrock distance prediction. Powder factor, rock density, hole
depth, to name a few were among the inputs of their intelli-
gent predictive model. It is worth mentioning that they used
nearly 490 sets of data for their model construction. Using
102 sets of data Zhou et al. (2020) developed a predictive
model of particle peak velocity. They considered powder fac-
tor as one of the important input parameters. Lawal and Idris
(2020) proposed an artificial neural network (ANN)-based
predictive model of ground vibration. They identified pow-
der factor as well as maximum charge per delay and distance
from blasting as influential parameters.

Ghasemi et al. (2014) introduced an intelligent model for
flyrock distance estimation. Powder factor, stemming, hole
diameter, were among their proposed model. It should be
mentioned that the coefficient of determination value of their
model was 0.83. Nevertheless, in the aforementioned studies,
powder factor was utilized as the influential input param-
eters for different types of AI-based predictive models. It
is well-established that proper selection of input parameters
can lead to a better AI-based predictive model (Armaghani
et al. 2014). Miguel-García and Gómez-González (2019)
implemented regression technique for powder factor esti-
mation. They showed that powder factor is related to the
point load index test, porosity and density. As expected, their
results showed that powder factor is higher with rocks of
low porosity, high density and high point load index test.
Kahryman et al. (1998) showed that the powder factor can
be estimated using comminution concept. Chakraborty et al.
(1997) conducted a study on the prediction of powder fac-
tor in mixed-face condition. They showed that powder factor
can be estimated using mean rock mass quality as well as
mean tunnel rock blasting index. The correlation coefficient
values for the former and the latter models were 0.82 and 0.9,
respectively. Leu et al. (1998) investigated the applicability
of ANN in forecasting the values of powder factor based on
rock properties. The required data for his ANN-based model
were taken from a railway tunnel constructed on the eastern
coast of Taiwan. They used 328 sets of data for ANN model
construction. According to their study, some parameters such
as rock quality designation (RQD), rock mass rating (RMR),
rock strength and tunnel orientationwere set asmodel inputs.
Their results (root mean square error, RMSE of 0.02983)
showed that ANN is a feasible tool in predicting the powder
factor values. Saemi and Gilani (2006) developed an ANN-
based predictive model for powder factor values. Overall,
12 input parameters were used for their model construction.
The input parameters of their model were related to the geo-
logical conditions and rock strength parameters as well as
RMR. The coefficient of determination (R2) value of 0.935
for testing data showed the workability of their constructed
ANN-based predictive model of powder factor values. Jong

and Lee (2004) showed the importance of geological condi-
tion on the powder factor for tunnel blasting.

As discussed, powder factor as one of the blasting pat-
tern parameters plays a significant role in controlling and
reducing risk associated with blasting operations. Therefore,
it is important to propose a practical solution for predict-
ing this parameter using AI techniques. These techniques
have a proven capacity in solving civil and mining problems
(Armaghani et al. 2022, 2021a, b; Momeni et al. 2021, 2020,
2014; Abdi et al. 2020; Ghorbani and Yagiz 2024; Bunawan
et al. 2018; Huat et al. 2024; Fattahi et al. 2024; Ghanizadeh
et al. 2022; Asteris et al. 2021; He et al. 2024; Momeni and
Abdi 2022) and more specifically in predicting and minimiz-
ing blasting environmental issues (Hasanipanah et al. 2015;
Zhou et al. 2024; Ding et al. 2024; Rezaei et al. 2023). These
techniques with capacity of handling large datasets, identi-
fying complex patterns, and providing accurate predictions
are considered ideal for addressing the challenges associated
with blasting operations.

Since there are only a few published papers on powder
factor prediction using AI, it is challenging to determine
the best category of AI techniques in this area. However,
the aforementioned blasting-related studies can shed some
light on identification of the proper AI method. Among the
various AI techniques such as neural networks and vector
regression models, to name a few, high accuracy has been
achieved using tree-based approaches. These models have
been widely utilized in technological sciences and engineer-
ing due to their ability to: (i) eliminate subjective uncertainty,
(ii) handle large datasets with greater modeling speed, (iii)
identify the most influential factors on output, and (iv) visu-
alize nonlinear data (Chang and Chen 2005; Zhang et al.
2020a; Baker et al. 2006).

In addressing blasting-related environmental issues, tree-
based models such as random forest (RF), AdaBoost,
eXtreme gradient boosting (XGB), and CatBoost have also
been successfully employed to solve problems related to
ground vibration, back-break, flyrock, and air-overpressure
(Han et al. 2020; Zhang et al. 2020; Yu et al. 2021; Barkhor-
dari et al. 2022; Yari et al. 2023; Ye et al. 2021). Additionally,
these techniques have successfully been proposed to address
other issues in civil and geotechnical engineering (Bardhan
et al. 2024; Asteris et al. 2024; Fakharian et al. 2024; Wang
et al. 2021; Naderpour et al. 2024; Mohammed et al. 2021;
Pham et al. 2020; He et al. 2021). Therefore, the authors
decided to implement the mentioned tree-based models for
predicting powder factor using an extensive experimental
database.

The next section explores the basic concepts of the tree-
based techniques utilized in this study. Section III describes
the dataset in more detail, covering input sources and system
outputs. Sections IV and V focus on the modeling approach
and present the results and discussion. Finally, Sects. VI, VII
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Fig. 1 RF general flowchart

and VIII provide an interpretation of the model, highlight its
limitation and conclude with some remarks on proposing a
practical tool for predicting the powder factor.

2 Principles of the usedmodels

2.1 Random forest (RF)

Number equations consecutively with equation numbers in
RF is an ensemble model that trains samples to solve regres-
sion problems using multiple regression trees (Breiman
2001; Asteris et al. 2022). The flowchart in Fig. 1 illus-
trates the process of developing an RF model for prediction
purposes. The unpredictability inherent in RF is mostly man-
ifested in two ways: (1) given a training set containing N
samples, a subset of size N is picked using bootstrap sam-
pling from all the training samples for the purpose of creating
an individual tree. (2) A random subset of all characteris-
tics is used to find the best split point for each node. RF
performs well in machine learning tasks. It is capable of pro-
cessing multidimensional data and boasts a quick training
time, excellent anti-interference, and generalization capabil-
ities.However,RF is prone to overfitting in several high-noise

Fig. 2 AdaBoos general flowchart

regression tasks. Also, when given data with many different
qualities, attributes with a larger value division have a big
impact on how well RF works.

2.2 Adaptive boostingmachine (AdaBoost)

Using training data, Adaboost creates a succession of weak
learners, which are then linearly combined into a strong
model by modifying the weight distribution of samples (Fre-
und and Schapire 1997). The flowchart for developing the
AdaBoost model is shown in Fig. 2. When samples with
substantial mistakes are used in the training process, the
weights of those samples are improved, and the sample with
the updated weight is used in the training process again. As a
result, in the succeeding training phase, the next learner pays
close attention to the training sample that contains big mis-
takes. When faced with noise, AdaBoost, on the other hand,
concentrates on studying these complex data, resulting in a
significant rise in the weight of the complex samples and,
ultimately, the deterioration of the model.
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Fig. 3 Step-by-step flowchart of
GBM in prediction problems

2.3 Gradient boostingmachine (GBM)

The GBM algorithm (Friedman 2001) is an enhancement to
the boosting method. When working with squared or expo-
nential loss functions, the optimization method for boosting
may be quite straightforward. On the other hand, it is diffi-
cult to optimize other loss functions while using boosting.
The optimization method is straightforward when the loss
function is a squared loss function or an exponential loss
function. However, the optimization of generic loss functions
is not straightforward. To solve this limitation, Freidman
(2001) created the GBM, which uses the steepest descent
as the approximation approach in order to minimize error.
The value of the negative gradient of the loss function in the
presentmodel (Eq. 1) is used as an approximation to the value
of the residual of the boosting tree in the regression problem
to a regression tree in the current model.

The flowchart for GBM is depicted in Fig. 3. Initially,
GBM calculates the constant value that minimizes the loss
function, which is a single-rooted tree with no other nodes in
the tree.A further calculation ismade to determine howmuch
of the negative gradient of the loss function is present in the
current model, which is then utilized to estimate the residual.
It is the residual in the case of a squared loss function, and

it is an approximation of the residual in the case of a generic
loss function. Later, the regression leaf node area (R_mj) is
calculated in order to fit the approximations of residuals to
the regression leaf node region. After that, the loss function
is made as small as possible, the regression tree is changed,
and the final model is made.

GBM is capable of dealing with a wide range of data
types in a flexible manner and achieving high accuracy of
prediction with just a minimal number of hyper-parameter
adjustments. However, since the base learner in GBM has
a serial connection, it is impossible to train data in parallel
with the base learner. Furthermore, when dealing with high-
dimensional sparse data sets, GBM has low performance.

rmi = −
(

∂L(yi , f (xi ))

∂ f (xi )

)
f (x)= ft−1(x)

(m = 1, 2, .., M , i = 1, 2, ..N ) (1)

f0(x) = argmin
c

N∑
i=1

L(yi , c) (2)

fM (x) =
M∑

m=1

J∑
j=1

cmj I (x ∈ Rmj ) (3)
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Fig. 4 General flowchart of XGBoost for proposing predictive models

In Eq. 1, L(·) represents the loss function and f (x) repre-
sents the tree. In Eq. 2, c depicts the mean value of samples.
In Eq. 3, I (·) equal to one indicates that the condition in the
parenthesis is true, whereas 0 indicates that it is not.

2.4 Extreme gradient boostingmachine (XGBoost)

XGBoost can do convex optimisation and uses second-order
Taylor expansion on the loss function (Chen and Guestrin
2016). Meanwhile, distributed computing may help speed
up the modeling process. Figure 4 shows the XGBosot
flowchart. XGBoost beats GBM in the following ways: One
for linear learners: XGBoost (2) XGBoost’s goal function
is a second-order Talor expansion of cost. Three changes
are made to decrease over-fitting and calculation. Iteratively
allocating learning rate reduces the weight of the tree and
improves learning space.

3 Case study and the implemented database

The database which was utilized in this study was from the
Seimare Dam. The dam is located on the Seimare river in
Badreh county in Ilam province in Iran. The Seimare River is
417 km long and was formed by the joining of the Gharehsu
and Gamasiab rivers. It is a concrete double-arc dam with
the coordinates 33°17′ N, 47°12′ E. The dam is under con-
struction in the southwestern part of the folded Zagros on the
northern flank of the Ravandi anticline in the Kafenil valley.
The bedrock is almost limestone (Shahbazan-Asmari forma-
tion). Figure 5 shows the location of the case study, and the
profile of the water tunnel at Seimare Dam is tabulated in
Table 1.

Overall, the results of 567 recorded drilling and tunnel
blasting operations (including the parameters in Table 2)
together with the relevant powder factors were collected and
investigated. In order to select the acceptable blasting pat-
terns among them, three basic conditions were determined
as follows: (a) minimum progress, which is defined as 85%
of the bore length at each blasting stage; (b) the back break
at each stage in the permitted range, which is determined
based on the tunnel cross-section and type of rock in the
area and is an average of 200 mm and; (c) a lack of drilling
fraction at each blasting stage. Out of 567 series of collected
data, 294 series satisfied these conditions and were used for
model developmental. The following parameters were cho-
sen to predict the powder factor for blasting due to their
influence on the powder factor as discussed earlier: RMR,
hole diameter (HD), point load index (PLI) which represents
the rock strength at small scale, and joint set slope (JSS).
Table 2 shows a summary of the implemented data in this
study.

The scatter distributions between any two variables are
displayed in Fig. 6. As can be seen in these figures, there
are positive and negative relationships between inputs and
PF. HD and RMR have the highest correlations with model
output (i.e., PF), which is in line with the other studies in the
literature (Adesida 2022). In addition, a reverse relationship
has been observed between JSS and PLI with PF. In order to
have a better understanding regarding the used database in
this research, 50 data samples of the entire data are presented
in Appendix 1.

4 Modeling and results

The entire dataset, consisting of 294 samples, was divided
into two portions: a training set, which comprised 80 per-
cent, and a testing set, which comprised the remaining 20
percent. This division was chosen based on recommenda-
tions from the literature (Yari et al. 2023; Ye et al. 2021),
aiming to identify the most effective combinations for model
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Fig. 5 Location of Seimare Dam in Ilam, Iran

Table 1 Profile of Seimare Dam water tunnel

Main tunnel length 1290 m

Total drilling volume 190,900 m3

Total concrete volume 34,729 m3

Water tunnel number 1 course

Position Left side of the river

Total length 1476 m

Internal diameter 11 m

development and evaluation. Additionally, we explored other
combinations such as (70–30%), (90–10%), and (75–25%)
on the same database; however, we found that the 80–20%
split yielded the best results. The training components were
used to construct ensemble models based on trees, while the
testing components were employed to assess the models’
capabilities. In this research, tree-based prediction models
were constructed using Scikit-learn (Pedregosa et al. 2011),
an open-source Python library.

One of the most critical factors influencing the perfor-
mance of a tree-based model is the selection of optimal
hyperparameters, such as the number of trees or boosting iter-
ations. In this study, we utilized four ensemble tree models
for PF prediction. These four ensemble tree models exhibit
strong robustness and generalization abilities, often perform-
ingwell evenwith default hyperparameters.Weemployed the
Python library Scikit-learn to develop these four ensemble

tree models. Table 3 presents the hyperparameters used for
modeling tree-based models. In RF, the nodes were not con-
sidered pure until further extension of the tree. Each boosting
model has a unique configuration for its hyperparameters (as
detailed in Table 3). This variability in hyperparameter set-
tings arose from the distinct training principles underlying
each of the various models.

The input parameters (RMR, HD, PLI, and JSS) were
standardized to ensure comparability, and outlier detection
was conducted to improve data quality. The dataset was
divided into 80% for training and 20% for testing based on
literature-recommended practices, and the splitwas validated
as optimal through experimentation with other ratios. Hyper-
parameters for each model were tuned using grid search
to identify optimal configurations, balancing computational
efficiency and accuracy. Cross-validation was employed
to reduce overfitting and improve generalization. Model-
specific techniques, such as loss function minimization in
GBM and the application of second-order Taylor expansion
in XGBoost, were implemented to enhance performance.
Computational resources, including a high-performance sys-
tem with parallel processing capabilities, were utilized to
manage the intensive training processes efficiently.

Once the hyperparameters had been determined, we
inputted the training samples into their respective mod-
els. We constructed four tree-based models to capture the
extensive nonlinear interactions between PF and the input
parameters. Ultimately, we successfully obtained four PF

Table 2 Specifications of inputs
and output (powder factor)
parameters

Parameter Symbol Unit Category Min Max Mean

Point load index test PLI MPa Input 1.82 3.63 2.52

Joint set slope JSS deg Input 25 85 60.796

Hole diameter HD mm Input 32 45 38.27

Rock mass rating RMR – Input 35 72 60.282

Powder factor PF kg/m3 Output 1.94 3.47 2.622
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Fig. 6 Scatter plot of input
parameters and PF together with
correlation coefficients between
variables

Table 3 The used hyper-parameters values in the developed tree-based
models

Model Parameters Value

RF Number of trees 100

The minimum sample number of internal
nodes for splitting

2

The minimum sample number of leaf
nodes

1

AdaBoost The maximum number of trees 50

Learning rate 1.0

Loss function Linear

GBM The number of boosting iteration 100

The minimum sample number of internal
nodes for splitting

2

The minimum sample number of leaf
nodes

1

Learning rate 0.1

Maximum depth in each tree 3

XGBoost The number of boosting iteration 100

Learning rate 0.30

Maximum depth in each tree 6

assessment models. We assessed the models’ capabilities
using the remaining testing set. To evaluate the performance
of the tree-based models in regression tasks, we calculated
R2, mean absolute error (MAE), RMSE, variance accounted
for (VAF), and the A-20 index. For the computation ofMAE,
RMSE, VAF, and the A-20 index, you can use the following
formulas (Khotbehsara et al. 2014; Zeng et al. 2022):

R2 = 1 −
∑N

i=1 (mi − yi )2∑N
i=1 (mi − m)2

(4)

MAE = 1

N

N∑
i=1

|mi − yi | (5)

RMSE =
√√√√ 1

N

N∑
i=1

(mi − yi )2 (6)

V AF =
(
1 − var(mi−yi )

var(mi )

)
× 100(7)

A − 20 = m20

N
(8)

123



  138 Page 8 of 15 Multiscale and Multidisciplinary Modeling, Experiments and Design            (2025) 8:138 

Fig. 7 Modeling results of RF to forecast PF

Fig. 8 Modeling results of AdaBoost to forecast PF

In these questions, m_i is the actual values of PF, y_i is the
predicted values of PF, m is the mean of actual PF values,
and N is the number of data samples. In addition, is used to
calculate the variance of the value in the bracket, and m20 is
the number of samples for which the predicted PF values is
the range of 0.8–1.2 times the actual PF values. R2 equals 1,
MAE equals 0, RMSE equals 0, VAF equals 100 (percent),
and A-20 equals 1 in the situation in which the projected
value precisely matches the actual value.

The results of the training and testing for four different
tree-basedmodels are depicted in Figs. 7, 8, 9 and 10. In these
figures, the red line signifies that the estimated value equals
the actual value, and points that align with it reflect a flawless
forecast. The A-20 index is calculated by dividing the total
number of points by the number of points inside the two
purple lines with dots. Although both the training and testing

stages of all tree-based models produced favorable results
for all four models, AdaBoost did not achieve a high level
of accuracy. Further explanations concerning these models
and their predictive capabilities for PF will be provided in
the next section.

5 Discussion

The evaluation indicators were discussed in depth in the pre-
vious part of the report. The Taylor diagram was developed
as part of this research project so that the tree-based mod-
els could be compared to one another. In 2001, Taylor (2005)
introduced the Taylor diagram, which was first used to exam-
ine the capacity of multiple weather models to replicate each
other. As can be seen in Eq. 9, the correlation coefficient,
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Fig. 9 Modeling results of GBM to forecast PF

Fig. 10 Modeling results of XGBoost to forecast PF

centered RMSE, and standard deviation all have a cosine
connection with one another. Ingeniously incorporating the
correlation coefficient, centered RMSE, and standard devia-
tion into a polar diagram is where the Taylor diagram gets its
inspiration from.

E ′2 = σ 2
p + σ 2

a − 2σpσa R (9)

In Eq. 9, is the centered RMSE between the predicted and
actual variables, and are the variances of estimated and mea-
sured variables respectively, and is the correlation coefficient
between estimated and measured variables.

The Taylor diagrams of the training outcomes are shown
in Fig. 11, and the testing results are displayed in Fig. 12.
The standard deviation is shown by the distance between
the point representing the model and the origin point, and

the correlation coefficient is represented by the ticks on the
clockwise arc around the point representing the model. The
real PF is represented by the point labelled "Reference" with
the start shape on the x-axis, and the distance from each of
the other points to the point labelled "Reference" reflects the
centered RMSE (i.e., the red dotted line).

When working with Taylor diagrams, the placement of
points on the graph may be used as a criterion for determin-
ing the capabilities of the relevant model. The models that
are represented by points that are located closer to the ’Ref-
erence’ point have capabilities that are more desirable. In
accordance with this guiding concept, the XGBoost model
exhibits the highest possible performance in the training set,
but the GBM model is the most effective one in terms of its
performance in the testing set. In the outcomes of the training
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Fig. 11 The Taylor diagram of training results for four tree-based mod-
els

Fig. 12 The Taylor diagram of testing results for four tree-basedmodels

and testing, there were four points that represented four tree-
based models that were located within the range of the black
dotted line. This indicated that the standard deviation of their
projected PF values was less than the actual PF value. It was
found that RF, GBM and XGBoost have very similar perfor-
mances in terms of both training and testing, hence, there is
a need to implement a system for selecting the best (more
accurate) model in predicting PF. These tree-based models

Fig. 13 The ranking results for GBM, RF, XGBoost, and AdaBoost in
predicting PF

were graded using a ranking method that was developed by
Zorlu et al. (2008), and the same system was utilized to rate
the models. The higher score on the training set represents
the greatest learning capacity, and the greater capability on
the testing set implies the generalization ability and practical
application of the model. The ranking mechanism takes into
account both the performance of the model in the training set
and in the testing set, and it is able to represent the full scope
of the model’s capabilities.

Figure 13 and Table 4 display the ranking results for the
tree-based models in predicting PF. The four models were
graded according to their performance in training and testing
datasets using identical metrics. The ratings varied from 1
to 4, and a higher number is connected with better compe-
tence. The total score in the associated dataset is the sum of
the scores of the model in five indicators. The final score is
the sum of the overall scores of the model on the training
and testing datasets. All models were compared and ranked
according to the final score. Consequently, considering all
performance indices and datasets, the model ranking was:
GBM > RF = XGBoost > AdaBoost. Therefore, this study
introduces the GBM model as the best tree-based technique
for predicting PF.

The GBMmodel consistently achieved the highest scores
across the evaluation metrics, demonstrating exceptional
performance in both the training and testing phases. This
superior performance highlights its strong generalization
ability and robustness in handling nonlinear relationships
between input parameters and the PF. The RF and XGBoost
models followed closely, sharing comparable performance in
most metrics, particularly in terms of R2 and A-20 index val-
ues. Although AdaBoost showed relatively lower accuracy
and generalization capabilities, it still provided reasonable
predictions within acceptable limits.
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Table 4 The ranking results for four tree-based models

Model Dataset R2 MAE RMSE VAF (%) A-20 index Total
score

Final
score

Value Score Value Score Value Score Value Score Value Score

XGBoost Train 0.909 4 0.113 4 0.156 4 90.89 4 0.996 3 19 30

Test 0.762 2 0.195 2 0.262 2 76.28 2 0.966 3 11

GBM Train 0.862 2 0.152 2 0.192 2 86.22 2 1 4 12 32

Test 0.828 4 0.180 4 0.223 4 82.80 4 0.983 4 20

AdaBoost Train 0.678 1 0.228 1 0.293 1 67.89 1 0.945 2 6 12

Test 0.589 1 0.275 1 0.344 1 59.84 1 0.915 2 6

RF Train 0.897 3 0.130 3 0.166 3 89.69 3 0.996 3 15 30

Test 0.801 3 0.182 3 0.240 3 80.14 3 0.966 3 15

The comparative analysis underscores the capability of
ensemble learning techniques in predictive modeling, with
GBM emerging as the most effective tree-based method
for PF prediction. Its combination of high prediction accu-
racy, efficient use of input data, and adaptability to complex
data structures positions it as a valuable tool for practical
applications in blasting design and optimization. Therefore,
this study introduces the GBM model as the best tree-based
technique for predicting PF, offering a reliable solution for
minimizing risks and improving blasting efficiency.

6 Model interpretation

The permutation importance technique was developed in
order to assess the relative significance of the input param-
eters so that tree-based models could be explained. The
significance of a given input parameter may be evaluated
by calculating the degree to which the score, like, suffers
when the parameter is eliminated (Pedregosa et al. 2011).
The relevance score of the input parameters for each of the
four models is shown in Fig. 14. As it can be seen, we have
different descriptions for each model. HD shows the highest
influence for all models, however, XGBoost introduces the
highest importance (i.e., 0.88) among the others. After HD,
RMR receives the highest importance in the PF data, fol-
lowed by JSS and PII variables. These types of analyses can
help designers to identify the most effective parameters, and
through them they can have an optimum design and the best
blasting pattern parameters in order to minimize the associ-
ated risks.

7 Limitations and future directions

The number of data samples used for proposing machine
learning solutions in the geotechnical and mining areas is

Fig. 14 The importance score of three input variables used in this study

always a concern. In the current study, 294 data samples
were utilized, which is significantly higher than the aver-
age number of data samples used in blasting environmental
studies, typically around 100 data samples. Therefore, the
proposedmodels are considered to bemore generalized com-
pared to those found in the existing literature. However, it is
worth noting that the number of collected data samples can be
increased to 400 or even 500, allowing for a broader coverage
of input and output parameters. Furthermore, future studies
can employ separate validation data to ensure the accurate
assessment of the proposed models.

Future studies should consider conducting a sensitivity
analysis to quantify the impact of individual input parame-
ters on the predicted powder factor and to further validate
the robustness of the developed models. To enhance the
practicality and appeal of ML techniques, future research
can be planned and conducted using theory-guided machine
learning (TGML). TGML is a unique paradigm aimed at
enhancing the utility of ML models in advancing scientific
discovery by harnessing a wealth of scientific data. Its funda-
mental objective is tomake scientific consistency an essential
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element of generalizable model development. The aim is
to leverage well-established theories or empirical equations
published in the field of blasting design to construct a com-
prehensive database capable of accommodating a wide range
of influential factors. Through the application of distinctive
and advanced ML techniques, this collected information can
then be employed to create a highly accurate and generaliz-
able model.

8 Conclusions

This study examined the use and capacity of tree-based tech-
niques in predicting PF in mine blasting operations. The
following conclusions can be drawn from the results of this
research study:

1. Among the models tested, GBM demonstrated the best
overall performance with R2 values of 0.862 (training)
and 0.828 (testing), along with the lowest RMSE and
MAE values in the testing phase. Its ability to generalize
across datasets makes it the most reliable for PF predic-
tion.

2. The HD was the most critical factor influencing PF pre-
dictions, followed by RMR. JSS and PLI showed less
importance but still contributed to the model’s accuracy.
These findings align with existing literature and provide
actionable insights for optimizing blasting designs and
future projects.

3. The comprehensive evaluation using five metrics (R2,
MAE, RMSE, VAF, and A-20 Index) ensured a rigor-
ous comparison of models, providing confidence in the
selection of GBM as the most effective technique.

Appendix 1 50 data samples used in this
study

Data
no.

JSS
(°)

PLI
(MPa)

RMR HD
(mm)

PF
kg/m3

1 70 2.36 48 32 1.94

2 65 2.59 59 32 2.07

Data
no.

JSS
(°)

PLI
(MPa)

RMR HD
(mm)

PF
kg/m3

3 75 1.82 35 32 2.09

4 80 2.36 53 32 2.09

5 65 3.09 49 32 2.1

6 80 3.09 59 32 2.18

7 40 1.82 66 45 2.18

8 70 2.59 72 32 2.19

9 35 3.09 49 32 2.2

10 65 2.36 64 45 2.2

11 70 2.36 69 32 2.27

12 35 2.36 72 32 2.27

13 80 3.09 59 32 2.3

14 70 2.36 69 32 2.3

15 45 2.36 59 45 2.44

16 70 3.09 59 32 2.45

17 35 2.36 59 45 2.45

18 65 3.09 64 45 2.45

19 75 2.59 59 32 2.46

20 85 3.09 69 32 2.49

21 65 3.64 69 32 2.5

22 45 2.36 59 45 2.5

23 53 2.36 43 32 2.51

24 58 2.36 69 32 2.64

25 40 2.36 59 45 2.65

26 70 2.59 53 32 2.66

27 70 2.59 53 32 2.66

28 60 3.09 72 45 3.39

29 75 2.36 72 45 3.4

30 65 2.36 53 45 3.41

31 25 1.82 66 45 3.41

32 35 3.09 69 45 2.59

33 40 2.36 69 45 2.59

34 65 1.82 35 32 2.6

35 65 3.27 43 32 2.6

36 55 2.36 72 45 3.24

37 55 2.36 69 45 3.29

38 50 2.36 72 45 3.32

39 35 2.36 72 45 3.33

40 25 2.36 69 45 3.34

41 30 3.09 72 45 3.34

42 35 2.36 72 45 3.7

43 55 2.36 69 45 3.72

44 65 2.36 53 45 3.75

45 70 2.36 69 45 3.75

46 70 2.59 53 45 3.77

47 85 3.09 69 32 2.57
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Data
no.

JSS
(°)

PLI
(MPa)

RMR HD
(mm)

PF
kg/m3

48 40 3.09 69 45 2.57

49 70 2.36 48 32 2.58

50 70 2.36 59 32 2.58
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