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ABSTRACT 

Blast-induced ground vibrations, commonly measured in terms of Peak Particle Velocity (PPV), can affect adjoining 

communities, damage structures, and undermine the integrity of rock masses.  Therefore, accurate PPV prediction is a 

prerequisite for making blasting sustainable and safe.  This paper introduces a novel hybrid machine learning method that 

integrates Extreme Gradient Boosting (XGBoost) and Grey Wolf Optimization (GWO) in predicting PPV using 88 

datasets obtained at the Akdaglar Quarry, Istanbul. Nine important input parameters were taken into account, including 

geological aspects and blasting design.  In comparison to the traditional scaled distance, a new parameter modified scaled distance 

(MSD), was derived through a genetic algorithm, and showed better correlation with PPV (r = –0.869). Model performance was 

improved by optimal tuning of XGBoost hyperparameters through the utilization of the GWO method. The GWO-XGBoost 

model performed better than SVM and stand-alone XGBoost, with R = 0.9916, R² = 0.9748, RMSE = 1.0291 mm/s, and MAPE 

= 3.1105%. The monitoring distance and scaled distance are the most influential predictors, according to SHAP (Shapley 

Additive Explanations) analysis. The results demonstrate that evolutionary optimization algorithms substantially enhance PPV 

prediction accuracy, offering practical implications for pre-blast vibration assessment and sustainable quarry design.  
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1. Introduction 

Blasting, an encyclopedically recognized, cost-effective, 

and efficient step for rock fragmentation in mining 

engineering. This method employs explosives to disintegrate 

rock masses into smaller segments, speeding the separation 

as well as processing of the materials for subsequent use 

[2],[3]. A major segment of explosive energy unleashed 

throughout blasting, about 20–30%, is utilized for breaking 

and displacing the rock mass, while the remainder is lost to 

adverse effects such as noise, flyrock, ground vibrations, 

overbreak, and backbreak. These negative outcomes can 

have a detrimental impact on the surrounding environment. 

Optimizing blasting operations and accurately predicting 

blast-induced ground vibrations can help alleviate negative 

impacts. The primary determinants for predicting vibration 

outcomes include frequency, duration, and PPV        

recognized and extensively utilized as a practical index 

predictions of vibration values. Research has shown that 

many predictive models predominantly rely on the quantity 

of explosives and the distance to establish an empirical 

relationship, which is determined by calculating the 

maximum charge per delay (MC) and the distance from the 

blast location (Di) [19]. Furthermore, researchers have 

introduced semi-empirical, statistical, and graphical methods 

for forecasting peak particle velocity (PPV) resultant 

blasting. However, these approaches have proven to be 

inadequate due to the limited number of parameters taken 

into account, as PPV is also affected by various other factors 

related to blast design [4],[5]. In current years, machine 

learning (ML) approaches have been increasingly employed 

to develop effective solutions for various challenges in 

mining engineering. Table 1 presents several studies related 

to the prediction of PPV. 

 

Table 1 Analysis of associated studies in forecasting PPV 

using ML approaches during the last decade 

 

References Datasets 

Number 

Superior 

Model 

R2 RMSE 

[3] 252 HGS– 

ANN 

0.922 1.761 

[13] 192 ANFIS 0.98 ~ 

[6] 191 ANN 0.948 0.0008 

[8] 169 MLPNN 0.954 0.03 

[15] 166 GOA– 

ELM 

0.9105 2.855 

[1] 154 GEP 0.91 5.78 

[10] 14 

 

GRNN 

 

0.999 0.0001 

 

https://doi.org/10.38032/scse.2026.4.60
https://creativecommons.org/licenses/by/4.0/


A. Deb et al. /SCSE Vol. 4, 2026, pp 117-122 

118 

2. Research Objective 

Traditional methods for predicting these vibrations 

frequently depend on empirical models, which may struggle 

to take into consideration the complicated interrelationships 

between variables, leading to less accurate 

predictions[12],[14]. This study aims to achieve a primary 

objective by addressing a significant gap in existing research 

by utilizing advanced machine learning techniques, 

specifically XGBoost, to analyze ground vibrations for this 

dataset. Additionally, gray wolf optimization (GWO) is 

employed to optimize the hyperparameters of the XGBoost 

model. Furthermore, this research introduces a novel input 

parameter, the modified SD determined by a genetic 

algorithm, which exhibits a more potent correlation with 

PPV than the traditional SD, thereby offering a fresh 

approach to this domain. 

 

3. Methods 

 

3.1 Extreme Gradient Boosting (XGBoost)  

T Chen developed XG-Boost [20], an artificial 

intelligence method characterized by its ability to generate 

boosted trees in a parallel manner for classification and 

regression problems, efficiently combining novel algorithms 

with GBDT approaches acting as a soft computing 

library.[9], [11], [16]. An overview of the XG-Boost 

algorithm is - A dataset, consisting number of k samples and 

p parameters denoted (as 𝐻 = {(𝑥𝑖, 𝑦𝑖)} (|𝐻| = 𝑘, 𝑥𝑖 ∈ 𝑅𝑝, 𝑦𝑖 

∈ 𝑅), an additive function (M) predicts the resulting values 

of a tree collaborative model as follows,   

 

𝑦ˆ𝑖  =  𝜙(𝑥𝑖) =  ∑𝑀𝑚=1    𝑓𝑚(𝑥𝑖),  𝑓𝑚 ∈  𝑆      (1) 

  

where 𝑓𝑚 ∈ S and S is the set of regression trees. It can be 

computed like:  

 

𝑆 =  {𝑓(𝑥)  =  𝜔𝑏(𝑥)}         (2)  

 

Where b: (𝑏: 𝑅𝑝 → 𝑇, 𝜔 ∈ 𝑅𝑇), the minimization function is 

utilized to reduce errors in the trees, where b signifies the tree 

framework, T symbolizes how many leaves are present in the 

tree, and 𝑓𝑚 is the product of b and 𝜔 as the leaf weight. The 

minimization factor is computed in the XGBoost model:   

 

𝐿(𝑡) = ∑  𝑘
𝑘=1 𝑙 (𝑦𝑖,𝑦̂𝑖

(𝑡−1)
+ 𝑓𝑡(𝑥𝑖)) + Ω(𝑓𝑡)                   (3)   

 

The minimization factor (L) is determined using the 

discriminant function of a convex objective for determining 

a deviation between the forecasted (ŷ𝑖) and the real values 

(𝑦𝑖), iterations are denoted by t. The regression tree 

algorithms' effectiveness is as follows:  

 

Ω(𝑓𝑘) = 𝛾𝑇 +
1

2
𝜆 ∥ 𝑤 ∥2                       (4) 

  

3.2 Gray Wolf Optimization (GWO)  

The GWO algorithm is grounded in a hierarchical 

structure [17]. which optimizes problems by employing four 

key processes inspired by the wolf's natural hunting strategy: 

ranking, tracking, surrounding, and killing prey. To initiate 

the optimization process, a stochastic population is created 

within the selected space and divided into four distinct 

categories, labeled α, β, δ, and ω, with the ω group following 

the others as depicted in Fig. 1. These groups represent the 

three most effective strategies in each period that serve as the 

foundation of GWO’s entire optimization process [16].  
  

 
 

Fig. 1 Natural Supervision structure of gray wolves 
  
Throughout the hunting process, gray wolves commonly 

encircle their quarry, as demonstrated by the numerical 

model utilized to replicate their behavior. The following 

equation represents this process:  

 

𝑸(𝑡 + 1)  =  𝑸𝑝(𝑡) − (2𝒂 ⋅  𝜌1 − 𝒂) (2𝜌2 ⋅ 𝑸𝑝(𝑡) − 𝑸(𝑡)     (5) 

 
𝒂 = 2 − 2 ⋅  𝑖𝑡/𝑀𝐴𝑋 − 𝐼𝑇            (6)   

 

Wherein, t signifies the current quantity of modifications, 

𝑋𝑝(t) denotes the position vector regarding the target,  

X(t) represents the positioning of the conventional gray wolf, 

and X(t+1) represents the location of the gray wolf in the 

subsequent modification. The value of ‘a’ can be computed 

with equation (6), and it declines gradually from 2 to 0. In 

this context, ‘it’ denotes a given quantity of modification, 

while MAX-IT indicates the highest quantity of 

modification. ρ1 and ρ2 are both arbitrary values between 0 

and 1.  

 
4. Materials 

 

4.1 Site Description  

The study used XGBoost and GWO-XGBoost models to 

predict ground vibrations, utilizing 88 datasets collected by 

Hudaverdi from the Akdaglar Quarry. To predict PPV, the 

machine learning models incorporated input variables such 

as the ratio of bench height to burden (H/B), burden to hole 

diameter (B/D), spacing to burden (S/B), sub-drilling to 

burden (U/B), stemming to burden (T/B), distance between 

monitoring stations (D), charge per delay (W), power factor 

(PF) and the modified scaled distance (SD).  

 
4.2 Modified SD Developed by Genetic Algorithm (GA) 

     The term "scaled distance" refers to the amount of energy 

generated by explosives and the impact of distance on 

ground wave attenuation, specifically in air shock generation 

and seismic waves [15]. The more fundamental formula that 

is usually utilized in blasting regulations and fundamental 

blasting circumstances is the square root scale [7]. Though 

this SD is used in predicting PPV in the empirical approach, 

nevertheless the SD is also utilized as an input variable in 

ML models [8]. In this study, SD is employed as an input 

variable. Instead of applying traditional SD, we employed a 

modified version of SD which is developed by genetic 

algorithm (GA). Similar to traditional SD, D, and W are used 

in this development. The modified SD is defined as: 

 

Modified SD =
−2.438∗W0.2744

41.63765∗D0.528     (7) 
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The following equation pertains to analyzing the relationship 

between two variables, D (in meters) and W (in kilograms), 

which represent the distance and charge per delay, 

respectively. The modified SD is developed to enhance the 

correlation with the output variable, PPV portrayed in Fig. 2. 

The traditional SD and the modified SD are compared, 

revealing a stronger correlation with PPV using the modified 

SD, which has a value of -0.869. Consequently, this modified 

SD has significant implications for predicting PPV, and a 

new approach has been introduced that employs a GA to 

incorporate this parameter as an input variable. 

 

 
 

Fig. 2 Correlation comparison: SD Vs Modified SD 

 
4.3 Data Visualization  

     Violin plots and box plots are shown in Fig. 3 and 4 for 

data visualization of each input and output parameter, where 

the distribution of the dataset is analyzed. A violin plot's 

primary benefit over a box plot is its ability to indicate 

density; a broader plot indicates a higher density. For 

example, in the violin plot for H/B in Figure 3, the highest 

and lowest values, demonstrated by the top and bottom of the 

violin plot, are 2.4 and 4.4, respectively. The black dot 

represents the average, which is 3.2. The violin plot is widest 

around 3.2, indicating the highest density for this dataset. 

However, high values have a small density at 4.4. Fig. 5 

shows a Pearson correlation matrix, highlighting the 

correlations between PPV and various parameters by 

illustrating the pairwise relationships, with correlation 

coefficients shown for all variables. Certain parameters show 

a moderately strong correlation, with PPV being particularly 

strongly correlated with D and modified SD, having 

correlation values of -0.78 and -0.87, respectively.  

This research developed a hybrid GWO-XGBoost model, 

which encompasses four key processes integral to the study: 

(1) preparation of the dataset; (2) development of the model; 

(3) validation and assessment; and (4) outcome evaluation. 

The 88 datasets, consisting of nine input variables, were 

randomly partitioned into training (80%) and testing (20%) 

subsets. An optimization technique was focused on adjusting 

the hyperparameters of the XGBoost model. In this context, 

this method served as the foundation for forecasting, with 

optimal hyperparameters identified using the GWO 

algorithm. The optimal XGBoost model is defined by 

maximizing the coefficient of determination (R²). 

Ultimately, the model's performance was analyzed by 

exploiting the R, RMSE, MAPE, and R². The GWO-

XGBoost approach emerged as the highest-performing 

model.   

 

 
 

Fig. 3 Violin plots of parameters 

 

 
 

Fig. 4 Box plots of parameters used in ML modeling 

 

   
Fig. 5 Pearson correlation between parameters 

 

4.4 Validating and Assessing Model Performance 

To comprehensively assess the dependability of hybrid 

models, this study integrates four performance metrics, 

namely r, MAPE, R2, and RMSE [6],[18],[19] The 

performance metrics are expressed mathematically as 

follows:  
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Root Mean Square Error (RMSE):     

RMSE = √
1

𝑛
∑  𝑛

𝑖=1   (PPV𝑖 − PPV̂𝑖)
2

                               (8)            

Pearson’s coefficient of correlation (r): 

 r =
∑  n−1

𝑖=0  ((PPV𝑖−PPV̅̅ ̅̅ ̅̅‾ )∗(PPV̂𝑖−PPV̂‾ ))

√∑  n−1
𝑖=0  (PPV𝑖−PPV̅̅ ̅̅ ̅̅‾ )

2
∗√∑  n−1

𝑖=0  ∑  (PPV̂𝑖−PPV̂‾ )
2
        (9)                     

 

Coefficient of determination (𝐑𝟐): 

  

    R2 =
∑  𝑟

𝑖=1  (PPV−PPV̅̅ ̅̅ ̅̅ )2−∑  𝑟
𝑖=1  ( PPV−PPV̂𝑖)2

∑  𝑟
𝑖=1   (PPV−PPV̅̅ ̅̅ ̅̅ )2          (10)                    

Mean absolute percentage error (MAPE): 

 

  R2 =
∑  𝑟

𝑖=1  (PPV−PPV̅̅ ̅̅ ̅̅ )2−∑  𝑟
𝑖=1  ( PPV−PPV̂𝑖)2

∑  𝑟
𝑖=1   (PPV−PPV̅̅ ̅̅ ̅̅ )2          (11)   

                 

Here, n indicates the quantity of samples in the testing 

period, PPV̂‾  = the forecasted PPV value, PPV = the true PPV 

value, PPV̅̅ ̅̅ ̅‾  = the average PPV value, and Var = variable.  

  

5. Results and Discussion  

     Fig. 6 displays the various agent values of the GWO-

XGBoost model. It is significant to note that the performance 

of the different agent values was exceptionally high, making 

it difficult to determine the most effective number of agents. 

The initial step in developing the hybrid model focused on 

implementing the XGBoost technique, which aimed to 

optimize the parameters for enhanced outcomes. The 

hyperparameter values of the GWO-XGBoost model are 

shown in Table 2. 

   

Fig. 6 Iteration curve of the GWO algorithm 

 

Table 2 Optimal hyperparameters for GWO-XGBoost 

Model 

 

Optimal parameters Value 

Max Depth 5 

Min Child Weight 4 

Subsample 0.7860 

N Estimators 545 

Colsample Bytree 0.6882 

Learning Rate 0.012 

Agents 100 

The assessment of the fitted models' approximation 

capabilities was performed using statistical performance 

metrics, evaluated based on the test dataset. The results are 

exhibited in Table 3.  

 

Table 3 An outline of the models' respective performance 

metrics 

 

Various 

Models  

 Evaluation Criteria   

R  R²  RMSE  MAPE  

SVM  0.9336  0.8504  3.0614  27.9074  

XGBoost  0.9731  0.9426  1.8958  5.8514  

GWO- 

XGBoost  

0.9916  0.9748 1.0291  3.1105  

  

According to the data presented in Table 3, the hybrid 

XGBoost models exhibited superior performance relative to 

the support vector machine (SVM) and XGBoost techniques 

concerning various error metrics, including R, R², RMSE, 

and MAPE.  The accompanying graphs in Fig. 9, Fig. 8, and 

Fig. 7 show the connection between measured and 

anticipated points and the PPV prediction outcomes.  

 

 
 

Fig. 7 Actual vs. GWO-XGBoost anticipated PPV 

 

Fig. 10 integrates feature effects and relevance, utilizing 

SHAP values to show each feature's weight distribution on 

the output of the model. The graphic emphasizes the 

importance of both new SD and D characteristics for 

predicting the output variable. High values of both new SD 

and D negatively impact prediction accuracy.   

   

 
Fig. 8 Actual vs. XGBoost anticipated PPV 
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Fig. 9 Actual vs. SVM anticipated PPV 

 

 
 

Fig. 10 Global explanation of the GWO-XGBoost model 

  

The contrast between the true PPV value and the hybrid 

model's anticipated PPV strength, as shown in the 

accompanying Fig. 11, supports these conclusions.  

 

 
 

Fig. 11 Forecasted and actual PPV for testing datasets 

  

6. Conclusion  

Classical PPV prediction models exhibit limitations in 

accuracy, whereas ML approaches demonstrate superior 

capability in handling complex nonlinear parameters. 

Consequently, advanced ML techniques, particularly when 

enhanced by meta-heuristic optimization, offer a promising 

path for reliable pre-blast PPV estimation. 

• Enhancing XGBoost performance necessitates the 

exploration and application of diverse meta-heuristic 

algorithms to effectively tune its numerous complex 

parameters. 

• Future research must significantly expand training 

datasets (beyond the current limitation of 70 cases) 

and incorporate more significant blasting and 

geological characteristics to improve model 

robustness and generalizability. 

• The effectiveness of the proposed optimized ML 

model and its general applicability require rigorous 

evaluation against other optimization techniques and 

diverse, larger datasets. 

Accurate PPV forecasting is vital for optimizing blast 

design, minimizing environmental disturbances, and 

maximizing explosive energy utilization. Continued 

refinement through robust optimization and 

comprehensive data remains essential for practical 

deployment. 
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