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Abstract 
In the mining industry, blasting operation is an effective method for rock 
fragmentation. Blast-induced is one of the most harmful undesirable outcomes 
produced by blasting operations. When rising to a certain level, it can cause 
discomfort for humans living in surrounding communities, and damage to civil 
constructions. Therefore, the prediction and control of ground vibration gain 
attention in the literature. Peak particle velocity (PPV) is widely used as the indicator 
of the magnitude of ground vibration. Thus, the main objective of this paper is to 
establish an accurate and universal tool for PPV prediction. This study implemented 
a novel non-linear model based on a support vector machine (SVM), particle swarm 
optimization (PSO) and random forest (RF) (the proposed model is so called 
RF-PSO-SVM). Multivariate linear regression (MLR) and three popular empirical 
models are implemented and compared with the proposed model. The dataset 
utilized in this paper was collected in a mine located in Istanbul. The results indicate 
that PSO-SVM has a competitive accuracy with the highest 𝑅2 (R-squared value) of 
0.7716, least MSE (Mean squared error) of 13.5979 and least MAE (Mean absolute 
error) of 2.7550. In terms of stability analysis, 10-fold cross-validation was applied. 
The results reveal that RF-PSO-SVM had the optimal ability of generalization as it had 
the steadiest prediction variance over different validation groups. The proposed 
non-linear model presents the feasibility and superiority of blast-induced ground 
vibration prediction and control. 
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Introduction 
In the mining industry, blasting is currently the most widely accepted rock 
fragmentation approach to break the hard rock into appropriate segments to 
facilitate the following operations and handling. However, about 20–30% of the 
explosive energy released in blasting is utilized for rock fragments (Dumakor-Dupey 
et al., 2021), which means the rest of the energy may lead to undesirable outcomes, 
including air pressure, ground vibration, fly rock, and so on. These undesirable 
outcomes can threaten the surrounding communities when they reach elevated 
levels. Ground vibration is one of the main undesirable products of blasting, which 
arguably cause discomfort to humans living around, damage to constructed 
buildings close to the mine in the blasting process, affect groundwater, etc 
(Armaghani et al., 2018; Bisoyi & Pal, 2020). Thus, the prediction of PPV is a valuable 
research topic. 

 

Figure 1 Blast design parameters 

 



Effective parameters 

Generally, the parameters affecting blast-induced ground vibration can be 
categorized into controllable and uncontrollable parameters (Ak et al., 2009; Kabwe 
et al., 2015). The controllable factors are designed and decided by engineers, 
including blast design parameters and explosive design parameters. The blast 
design parameters (or called blast geometries) are the arrangement of the explosive 
group (illustrated in figure 1), they are bench height, spacing, stemming, blasthole 
diameter, blasthole depth, burden and subdrilling. The explosive design parameters 
are power factor and maximum charge per delay. By contrast, the uncontrollable 
factors are mainly geological constant formations (density, rock strength, rock type, 
etc,.), which are collected by experiment and field investigation.  

Peak particle velocity (PPV) is usually measured to represent the magnitude of 
ground vibration (Armaghani et al., 2018). It is widely used to show the extent of the 
damage in the literature, which is positively related to the blast-induced ground strain 
(Athanasopoulos & Pelekis, 2000; Bisoyi & Pal, 2020; Ghosh & Daemen, 1983). The 
controllable and uncontrollable factors introduced above can significantly determine 
the PPV(Amiri et al., 2016; Hasanipanah et al., 2017). The dependency of PPV on 
these parameters varies a lot (Khandelwal & Singh, 2006; Nateghi, 2011). To provide 
an excellent prediction, the selection of features is important. In this study, the 
feature parameters are chosen based on importance computed by a random forest 
(RF) algorithm. 

Empirical models 

Many empirical models have been developed based on various parameters. 

Among the parameters, it is found that the maximum charge per delay and distance 
are the most dominant factors for ground vibration prediction (Larson, 1979; E. L. Liu 
et al., 2011). The empirical models are permanently established following field 
measurement and experiment trials. However, these two parameters are found not 
sufficient to predict accurate PPV value due to the complexity of the non-linearity of 
the relationship (Khandelwal et al., 2009; Singh et al., 2004). Moreover, the empirical 
models are site-specific due to the heterogeneity of site conditions (Deng et al., n.d.; 
Kumar et al., n.d.; Kuzu, 2008). The empirical models implemented in this paper are 
described in section 3.7.2. 

Machine learning techniques 

The predictors have been enhanced with the development of machine learning (ML) 
techniques. This section introduces a brief background of two popular ML- based 
methods (multivariate linear regression and support vector machine). 

 



Multivariate linear regression 

Multivariate linear regression (MLR) is an approach to modelling the linear 
relationship involving multi variables. To utilize the controllable parameters for 
prediction, MLR has been developed by various researchers (Hudaverdi, 2012; 
Monjezi et al., 2016; Navarro Torres et al., 2018). In the literature, its performance is 
limited as the relationship between input parameters and PPV is not linear, which is a 
challenge of PPV prediction (Gorai et al., 2021; Saadat et al., 2014). 

Support vector machine 

Another challenge in PPV prediction is the lack of data. The available datasets are in 
small sample sizes due to the high cost and difficulties of data collection. In this 
context, Support vector machine (SVM), which has the ability to solve with small 
samples, was introduced, and developed (Cherkassky et al., n.d.; Flake & Lawrence, 
2002). SVM is the basic algorithm in this study. 

SVM is an ML method that uses the concept of hyperplanes to classify the data into 
two categories. It is based on the principle of structural risk minimization(Flake & 
Lawrence, 2002; Wang & Hu, 2005). Due to its good performance in small-sample 
prediction, it has gained attention in literature for ground vibration prediction 
(Hasanipanah et al., 2015; Khandelwal, 2010, 2011a, 2011b; Mohammadnejad et al., 
2012). And suitability of different types of SVM were accessed (Temeng et al., 2022). 
In these studies, SVM was utilized to predict PPV, synthesizing the two parameters: 
distance between the monitoring point and blast point, and the maximum charge per 
delay. 

In non-linear regression case, the vital hyperparameters of SVM are 𝐶, 𝜀 and 𝛾. They 
have a significant effect on final prediction. Traditionally, grid search, as an 
exhaustive method, is utilized to determine the best hyperparameter of a model. The 
limitation of this approach is obvious, low efficiency. In this context, particle swarm 
optimization (PSO), an evolutionary optimization algorithm (H. Liu & Han, 2017; 
Zambrano-Bigiarini et al., 2013), is considered a candidate method for 
hyperparameter tuning in this study. 

Literature gap and objectives of the study 

Although the various predictors have been developed widely in the literature, it is still 
a challenging topic due to its multifaceted and critical nature, including the 
challenges of complicated relationships, the lack of large datasets, the various 
relative parameters, and the specificity of the mine conditions. So, the main purpose 
of this study is to build a universal and efficient predictor that can provide an 

 



accurate prediction with a small dataset, which can assist the engineers to control 
the vibration. 

Even though SVM has been developed by many researchers for PPV prediction in the 
existing literature, there is no paper combining PSO and RF with SVM. In this context, 
this paper established a novel model based on SVM for PPV prediction. In this 
model, RF is applied for feature selection and PSO is applied for hyperparameter 
tuning. The feasibility and superiority of this model are demonstrated by comparison 
with MLR and empirical models. These models are employed to conduct the 
prediction of PPV on a mine located in Istanbul. To assess the stability of the 
prediction, 10-fold cross-validation is applied in the training process of every model. 

The collected dataset is explained in section 2. In section 3, a basic methodology of 
SVM, PSO, RF and other related techniques are introduced. In section 4, the code 
metadata is illustrated. Then in section 5, the effectiveness of PSO on SVM is 
demonstrated. The accuracy of PSO-SVM, MLR and empirical models are listed and 
discussed. The influence caused by different input dimensions and the validity of RF 
in feature selection are investigated as well. The novelty and superiority are 
illustrated in section 6. Finally, the limitation and potential future scope is provided in 
section 7. 

Field investigation 
The dataset utilized in this study was collected at Akdaglar Quarry of Cendere basin 
in northern Istanbul. The mine is very close to the urban area (as shown in 
AppendixB). The blast data is collected by seismographs inserted in 88 blasting 
monitoring points. 

In this dataset, the measured indicator of ground vibration is PPV. The blasting 
design parameters are also recorded: bench height H, drilled burden B, spacing S, 
blasting hole diameter D, subdrilling U and stemming T. They are represented as a 
series of ratios: H/B, S/B, B/D, U/B and T/B. 

Power factor PF, as a basic blast design parameter, is recorded. Besides, distance 
from the monitoring point d, maximum charge per delay Q and scaled distance Sd 
are collected as well. For convenience, these parameters are represented as: 
X1=S/B, X2=H/B, X3=B/D, X4=T/B, X5=U/B, X6=PF, X7=Q, X8=d, X9=Sd, Y1=PPV. 

The distribution of each parameter is shown in the histograms in the diagonal of 
figure 2. Figure 2 is a scatter matrix of the dataset. In the scatters, every parameter is 
plotted with each other to observe the correlation. It is worth noting that 𝑌1 does not 
have obvious linear-like relationship with 𝑋 parameters except 𝑋8(𝑑), 𝑋9(𝑆𝑑). This is 
because distance (𝑑) has significant correlation with PPV. 

 



As to 𝑋9(𝑆𝑑), it does not only have apparent with PPV, but with 𝑋8. This is because the 
scaled distance is obtained from 𝑋​ with the equation: 𝑆𝑑 =  𝑑 , which means 
𝑋9(𝑆𝑑) should be isolated from 𝑋8 and 𝑋7 in feature selection. 

The obvious relationship between 𝑋9 and PPV may imply that maximum charge per 
delay 𝑋7(𝑄) also has a relationship with PPV besides 𝑋8(𝑑). This is reasonable as 𝑄 
and 𝑑 have been widely utilized as one of inputs in existing blast-induced vibration 
predictors. Additionally, several blast design parameters such as 𝑋 (𝐵) and 𝑋 (𝑇) have 
effect on PPV according to the scatter. For quantized importance of each parameter, 
RF is employed. The importance of each feature calculated by RF is shown in figure 
3. 

 

Figure 2 Scatter-matrix of the dataset 

 



Methodology 

Sample split and data pre-processing 

To evaluate the ability of generalization of the models, the dataset can be split into a 
train set and a test set before developing the proposed techniques. One popular way 
to partition the dataset is to randomly or stratify the dataset into train set, validation 
set and test set. The model will finally be evaluated with the test set. 

However, when the sample size of available datasets in the field of blast-induced 
ground vibration is limited, this method can waste data as the test dataset is isolated 
during the training process. To address this problem in a small sample dataset, 
K-Fold cross-validation, a resampling procedure, is applied to divide the dataset and 
evaluate the model. The only parameter of this method is the number K, referring to 
the total number of groups split from the original dataset. In each group, a number of 
n/k data is allocated as test data, with the remaining defined as train data. The final 
evaluation score (such as R-squared value 𝑅2) will be the mean of the score attained 
from these k groups. The purpose of using K-fold cross-validation is to utilize all the 
data in the training process so that the whole data characteristics are represented 
and prevent the model from overfitting. In this paper, the K value is set as 10. 

The outliers of the dataset are detected and replaced with the mean without it to 
reduce the influence of large data. The parameters in the dataset have a series of 
different physical units and varying values. In this condition, to transform them to a 
similar scale and improve data integrity, all the data were normalized with 
MinMaxScaler, the equation is: 
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Model evaluation 

To evaluate the accuracy of the proposed model, three statistic indices are used: 
R-squared (𝑅2), Mean Square Error (𝑀𝑆𝐸) and Mean Absolute Error (𝑀𝐴𝐸). The 
equations are as follows: 
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The results of each model are listed and analyzed in section 5.3. 

Feature selection 

As the input data is total 8 dimensions (exclude 𝑋9, which is obtained from 𝑋8 and 𝑋7) 
and the contribution of each parameter to the prediction is unknown, the feature 
selection is essential for an accurate and generalized prediction. 

Firstly, the importance of each feature is analyzed by a random forest (RF) algorithm. 
RF, an ensemble algorithm of decision tree predictors, measures the importance of 
each feature by observing how much the performance would drop if that feature is 
removed or rendered useless. For details of random forest, please refer to (Breiman, 
2001). Figure 6(a) is the importance of each feature for illustrating the relative 
degree of each feature. 

Support vector machine 

Support vector machine (SVM) is a supervised machine learning model developed in 
AT&T Bell Laboratories (Cortes et al., 1995). It is originally inspired by binary 
classification questions. SVM aims to attain a separating hyperplane or a set of 
hyperplanes that maximize the distance to the nearest training data (margin). In this 
research, SVM is applied to a non-linear regression problem (so-called support 
vector regression, SVR). In the case of non-linear regression, SVR involves a set of 
non-linear transformations that can map the input vector into higher dimension 
space, so that the problem will also be mapped to linear regression in the higher 
dimension feature space. It is suggested that non-linear regression problems can be 
transformed to a quadratic optimization problem with SVR (Cherkassky & Ma, 2004; 
Flake & Lawrence, 2002; Hong et al., n.d.; Raj et al., 2019). 

It can be expressed as: Find an estimator 𝑓: 
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where 𝐾(𝑥𝑖, 𝑥) is the kernel function, 𝛼𝑖 and 𝛼∗ are Lagrange multipliers. 
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And it is subject to： 

​ ​ ​ ​ ​ ​ ​ ​ ​ (7) 𝑦
𝑖

− 𝑤𝑥
𝑖

− 𝑏 ≤ ε + ξ
𝑖

​ ​ where​​ ​ ​ ​ (8) 𝑤𝑥
𝑖

+ 𝑏 − 𝑦
𝑖

≤ ε + ξ
𝑖
∗ 𝑖 = 1, 2, 3,..., 𝐷( )

​ ​ ​ ​ ​ ​ ​ ​ ​ ​ ​ (9) ξ
𝑖
, ξ

𝑖
∗ ≥ 0

where 𝐷 is the dimension of the input vector, 𝜉𝑖 and 𝜉∗ are the slack variable 
penalizing the loss function, 𝐶 is the positive regularization parameter determining 
the degree of the empirical error, and 𝜀 , as said above, is the margin of tolerance. 

In this paper, Gaussian kernel function (or called radial basis function, RBF) is utilized 
as it has showed a good performance in non-linear regression (Lima et al., n.d.; Ma 
et al., 2018; Wang et al., n.d.). The Gaussian kernel function is: 
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distance between two points X₁ and X₂.There are three main hyperparameters that 
affect the performance of SVR a lot: 

1.​ 𝐶, a trade-off parameter between prediction error and the flatness of the 
solution. If 𝐶 is larger, the training error drop, but the ability of the 
generalization of the model decreases as the machine attempts to fit all the 
training data with a risk of overfit. Conversely, if 𝐶 is smaller, the derivatives 
are small, but the accuracy of the prediction is influenced. 

2.​ Similarly, 𝜀, the margin of tolerance, determining the area that no penalty given 
to errors. A larger 𝜀 means a larger admitted error in training. As 𝜀 → 0+ , every 
error is penalized. 

3.​  Is a hyperparameter when using RBF kernel function, defining how far γ = 1

2σ2

training points reach the decision boundary. It is related to the degree of 
curvature of the decision boundary. A smaller  leads to a Gaussian with a γ
large variance implying that the support vector has a more wide-spread 
influence. 

A well-trained SVR model should be balanced between accuracy and ability of 
generalization. Therefore, the tuning of these three hyperparameters is the key to 
training the model. 

 



Particle swarm optimization 

As discussed in section 3.4, there are three main hyperparameters affecting the 
performance a lot: 𝐶, 𝜀 and 𝛾. Particle Swarm Optimization (PSO) has been widely 
developed in the optimization of hyperparameters when applying various ML 
techniques. In this paper, PSO, an evolutionary algorithm, where each iteration 
involves an update of a population of particles, which adapts by randomly returning 
to previously successful regions (Broderick & Howley, 2014; Shi & Eberhart, 1999). 

The set of candidate solutions in the search space (the dimension of search space is 
the number of input parameters) are stored in terms of a particle in the swarm. Each 

particle has two attributes, position and velocity  in the search space, where 𝑥
𝑖,𝑑
𝑡  𝑣

𝑖
𝑡

 refers to the  dimension of input variables (here,  as three 𝑑 = 0, 1,..., 𝐷 𝑑
𝑡ℎ

𝐷 = 2

hyperparameters are going to be optimized),  denotes the  particle in 𝑖 = 0, 1,..., 𝐼 𝑖
𝑡ℎ

the swarm (  for the population size), and  represent the  iteration or 𝐼 𝑡 = 0, 1,..., 𝑇 𝑡
𝑡ℎ

generation in the PSO process. In the first generation, 𝑥0  and 𝑣0  (𝑖 =𝑖,𝑑​ 𝑖,𝑑 0,1, … 𝐼, 
𝑑 = 0,1, … 𝐷) are randomly initialized. In the following iteration, the particles are 
updated taking the particle best position and population best position into account. 
The particle best position of the 𝑖th particle denotes as 𝑃𝑏𝑒𝑠𝑡𝑑 (𝑑 = 0,1, … 𝐷), while the 
global best position 𝐺𝑏𝑒𝑠𝑡𝑑 (𝑑 = 0,1, … 𝐷). They are updated in each new generation 
and based on fitness value (R2). The position and velocity of each particle is updated 
as: 
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where 𝑖 = 0,1, … 𝐼, 𝑑 = 0,1, … 𝐷, 𝑡 = 0,1, … 𝑇; 𝑤 is the positive constant inertia weight 
coefficient, affecting the impact of velocity evolution on current velocity; 𝑐1 and 𝑐2 are 
constants so-called learning coefficients; 𝑟1 and 𝑟2 are uniformly distributed random 
values in range [0, 1]. 

RF-PSO-SVM model for vibration prediction 

This paper developed an RF-PSO-SVM model to predict the blast-induced ground 
vibration, applying PSO to optimize three hyperparameters of SVM (𝐶, 𝜀 and 𝛾) and 
RF to select features. The parameters of the model are listed in table 1(b). The 
model used the sk-learn library to build and train the SVM and MLR model. The 
model also referred and modified the open-source code for the implements of PSO. 

The main steps of the proposed model are shown in table 1(a). 

 



TABLE 1a Main steps of RF-PSO-SVM 

 

TABLE 1b Parameters in PSO-SVM 

 



 

 



Figure 3 Flow chart of RF-PSO-SVM model 

Figure 3 is the flow chart of the above main steps of RF-PSO-SVM. 

Other existing methods for vibration prediction 

Multivariate linear regression 

Multivariate linear regression (MLR) is introduced to learn about the linear 
relationship between a series of independent variables or features and a dependent 
variable or target. It aims to generate a line for linear regression. To attain this line 
(i.e., fit the relationship linearly), the weights (𝜷 = 𝛽1, 𝛽2, 𝛽3, … 𝛽8) of the input variables 
were calculated. 

𝑃𝑃𝑉 = 𝛽0 + 𝛽1𝑋1 + 𝛽2𝑋2 + 𝛽3𝑋3 + ⋯ + 𝛽8𝑋8 + 𝜖​ ​ ​ ​ ​ (14) 

 



Where 𝑿 = 𝑋1, 𝑋2, 𝑋3, … 𝑋8 represents the features of the dataset which are: 
correspondingly. 𝛽0 is the y-intercept and 𝜖 is the error term of the model (so called 
residual). 

Empirical models 

The empirical models implemented in this paper are three most popular ones: Duvall 
and Petkof (USBM), Ambraseys–Hendron and Indian standard which are the most 
popular models in the literature. The equations are as follow: 

USBM: ​ ​ ​ ​ ​ ​ ​ ​ (15) 𝑃𝑃𝑉 = α 𝐷
𝑄( )β

Ambraseys-Hendron: ​ ​ ​ ​ ​ ​ (16) 𝑃𝑃𝑉 = α 𝐷

𝑄1/3( )β

Indian standard: ​ ​ ​ ​ ​ ​ ​ (17) 𝑃𝑃𝑉 = α 𝐷

𝑄2/3( )β

Where 𝐷 is the distance between monitoring point and the blast point, and 𝑄 is the 
maximum charge per delay. Provided with the form of the equation, the key is to find 
two constants involved in the equation. SPSS, a statistical analysis software, was 
used in this research. 

Code Metadata 

This project was built and implemented on Google Colab with Python (≥3.5) and the 
tools built in this study are packaged up in the GitHub repository. 

The standard libraries used are listed as follows: 

●​ Scikit-learn (≥1.1.1): for SVM and MLR building and training 

●​ Matplotlib (≥3.4.3): for plotting and visualization. 

●​ NumPy (≥1.22.3): for data processing. 

●​ Pandas (≥1.4.1): for data processing. Besides, SPSS was used to build empirical 
models. 

In the Colab notebook, the RF-PSO-SVM, MLR models are implemented. The analysis 
of accuracy, stability and convergence are implemented and run in the notebook with 
a clear content. All the outputs including relevant plots are already shown in the 
notebook. 

 



Results 
In this section, the proposed RF-PSO-SVM will be employed on the current dataset. 
To evaluate the feasibility and effectiveness of PSO, the important stages in the 
optimization process in PSO-SVM modelling is visualized in section 5.1. In section 
5.2, the influence on prediction accuracy caused by various input dimensions is 
discussed, and the best choice of input dimension (in current dataset) is made for 
the following analyses. For indicating the capability of proposed RF-PSO-SVM, it is 
compared with the popular predictive approaches existing in the literature: MLR and 
three empirical models. The corresponding 𝑅2, 𝑀𝑆𝐸 and 𝑀𝐴𝐸 are computed and 
compared in section 5.3. The stability of prediction is discussed in section 5.4 

Convergence of PSO-SVM 

In this section, it is preliminary to optimize the hyperparameter by PSO with input of 
9 dimensions. However, the different input dimensions can influence the predict, 
which is discussed in section 5.2. 

As shown in figure 5, the fitness value converges after around 13 iterations with the 
best fitness value 𝑅2 = 0.72948 in best position. Figure 4 shows the distribution of 
particles at iteration 0, 10 ,20 and the final iteration. In the first iteration, there are 
randomly set particles, distributed randomly in the search space preventing the 
evolution from moving towards in only one direction. At this moment, the fitness 
value varies from 0.1 to 0.6 approximately. In iteration 10, the particles gathered with 
the 

𝐺𝑏𝑒𝑠𝑡
10 improved from 0.6 to 0.7 approximately. There are some particles with 

satisfying fitness values away from the gathering to explore more potential 
solutions. Then in iteration 20, fig shows that the best fitness value begins to 
converge, but there are still some particles exploring outside the ‘optimal’ group to 
remain the possibility of other possible solutions. Finally, they become closer than 
ever with fitness value 𝑅2 ranging from 0.727 to 0.729 approximately. The total 
computing time is 172s. 

Grid search was conducted as well. The range of the three hyperparameters keeps 
the same as PSO. But the increment of each hyperparameter is 20, because when 
the step was lower than 20, the grid search process took more than one hour to 
compute. The fitness value 𝑅2 obtained with the optimized hyperparameters is 0.715 
with a computing time of 240s approximately. This result indicates that PSO is more 
efficient than grid search in hyperparameter tuning. 

 



 

Figure 4 Particle distribution of 0 iteration (a), 10th iteration (b), 20th iteration (c), 
and the final iteration (d) 

 



 

Figure 5 Convergence plot 

PSO-SVM with different input dimensions 

In this dataset, there are a total 9 dimensions in the feature space. As discussed in 
the field investigation section, there are 8 valuable features to select. The feature 
selection is an important process. If the input dimension is small such as 2, the 
model might be not capable of fetching all the relationships between input and 
output. Inversely, the model may fall into overfitting. 

To observe the influence of different input dimensions caused to final model 
prediction accuracy, 8 different groups of inputs are applied to predict PPV. The 
dimension of feature space in each group decreases according to the importance 
indices produced by RF shown in figure 6(a). Illustratively, the inputs are all these 
features in the first group, top 7 features are set as the inputs in the second group, 
top 6 features are utilized in the third group, and so on. In the last group, only 𝑋8 are 
used for prediction. The SVM models in every group are trained and validated with 
cross-validation, the optimal hyperparameters of the SVM models are attained by 
PSO. 

As shown in figure6 (b), the elbow point occurs in the group with 5-dimension inputs. 
After that point, the accuracy drops slightly as the dimension increases and is 
always higher than 0.73 until group 8, which may imply that the model is overfitted 
with higher dimensions, especially with 8 inputs. Another reason is that 𝑋3 feature 
may have produced noise, in other words, 𝑋3 negatively influence the prediction 
performance. 

 



Before that point, the model is still able to predict an acceptable predicted result until 
dimension of 1. This may because, 𝑋8 is not sufficient to contribute to build a model 
to predict PPV with itself even though it has a significant importance shown in figure 
6(a). The best result is witnessed in the group with 5 dimensions X2, X5, X6, X7 and 
X8 with an 𝑅2 of 0.7716. So, the model trained by 5-dimension input was selected to 
compare the performance of other existing methods afterwards (MLR and empirical 
models).  

According to the result, the future data collection may focus on recording the top 
features  X2, X5, X6, X7 and X8 to reduce the cost of field investigation. 

 

Figure 6a Importance histogram 

 



 

Figure 6b Variance plot 

Prediction accuracy analysis 

In this section, the performances indices (𝑅2, 𝑀𝑆𝐸, 𝑀𝐴𝐸) of PSO-SVM are listed and 
compared with that of MLR and empirical models. 

Figure 7 shows the plots measured value vs predicted value of the proposed 
PSO-SVM (figure7 (a)), MLR (figure7 (b)) and empirical models (figure 7 (c) (d) (e)). 
The more points distribute around the line y = x, the more accurate the prediction is. 

 



Note that 10-fold cross-validation is applied to every model, so there are 10 colors of 
points indicating 10 different validation-sets in the plot. 

TABLE 2 Results of the model 

 

𝑅2 value explains the percentage of the accuracy. The closer to 1 𝑅2 is, the predictive 
model is considered an excellent model. By contrast, 𝑅2 approaching to zero always 
indicates that the prediction is not acceptable. As shown in table, PSO- SVM has the 
best 𝑅2 score of 0.7716 representing that PSO-SVM provides a substantial 
prediction. It is 18.18% higher than MLR and 8.51% higher than USBM which is the 
empirical model with the highest 𝑅2 in the three approaches. It is worth noting that 
there is one model that has a 𝑅2 value smaller than 0.5, meaning that the model has 
a weak effect. 

In terms of MSE, it is acting as an error indicator whose value represents the degree 
of the prediction deviating from the measured (true) data. As it is a squared value, 
the errors will be amplified. A model with a MSE value close to zero means it is an 
accurate predictor. In the table, PSO-SVM shows the lowest value of 13.5979, 28.53% 
lower than MLR and 24.89% lower than USBM. 

However, MSE is easy to be affected by outliers, so MAE is calculated as well. MAE is 
a row level error indicator that takes the absolute value of error into account. It has 
shown a good robustness ability when facing outliers. Similar to MSE, the smaller 
MAE is, the better agreement with measured data the prediction is made. 

PSO-SVM still has the lowest in MAE indicated (2.7550), 21.01% lower than MLR and 
16.9% lower than Ambraseys–Hendron (the empirical model with lowest MAE). It is 
also worth noting that, the benchmark MLR show a poor performance with 𝑅2 less 
than 0.7, this may imply that there is not a significant linear relationship between the 
input data and output data. 

The results above reveal that the RF-PSO-SVM is sufficient to provide a 
comparatively accurate prediction compared to MLR and the three empirical models. 

 



 

Figure 7 Predicted value vs. Measured value of model: PSO-SVM (a), MLR (b), USBM 
(c), Ambraseys-Hendron (d), and Indian standard (e) 

Prediction stability analysis 

Figure 8 is the variance of the evaluation indices (𝑅2, 𝑀𝑆𝐸, 𝑀𝐴𝐸) of the models. A plot 
close to a straight line means that the prediction is stable, and the variance of 
prediction is acceptable. 

From figure8 (a) and figure8 (b) (plotting the variance of 𝑅2 and 𝑀𝑆𝐸), it is obvious 
that PSO-SVM has relatively slight fluctuation compared to other models, indicating 
that PSO-SVM is the approach with the most stable performance. In terms of 𝑀𝐴𝐸, 
the difference between PSO-SVM and the others are not significant, this is because 
the 𝑀𝐴𝐸 is an absolute value which is not a squared value as 𝑀𝑆𝐸 does. 

It is worth noting that the empirical models show a dramatic variance in terms of 𝑅2 
and 𝑀𝑆𝐸. This result illustrates that empirical models, which are established 
according to engineering experience, are not stable and generalized. In detail, 

 



although in table, USBM and Ambraseys–Hendron have a satisfying prediction 
performance in the current dataset, they may not be suitable for other mines. The 
empirical model Indian standard is poor in this mine, but the accuracy may be 
improved when employed in other mines. This is because the empirical models are 
established with site-specific parameters such as rock density, rock type, etc. 
collected by rigorous field measurement. 

PSO-SVM shows superiority in terms of the ability of generalization. It does require 
engineers to insert seismographs to measure data, but it does not rely on 
site-specific constants. It only takes a series of controllable parameters X2, X5, X6, 
X7 and X8 to fit the complicated relationship and provide an excellent prediction. 

 



 

Figure 8 Variance plot for: R2 (a), MSE (b), MAE(c) 

 



Conclusion 
This paper proposed a novel model for particle peak velocity PPV (an indicator 
representing blast-induced ground vibration) prediction. The proposed model based 
on support vector machine algorithm (SVM). It also applied random forest (RF) to 
select features and used particle swarm optimization (PSO) for hyperparameter 
tuning (so this model is called RF-PSO-SVM). For purpose of comparison, MLR and 
three popular empirical models are implemented as well. The dataset is based on a 
mine located in Istanbul. In this dataset, there are 88 observation points. Several 
blast design parameters, distance and maximum charge per delay are recorded. To 
utilize all the data into usage, 10-fold cross-validation is employed in all models. The 
three models are evaluated with statistical indicators (𝑅2, 𝑀𝑆𝐸 and 𝑀𝐴𝐸).​ Firstly, the 
analysis of astringency of PSO-SVM shows that PSO can keep activity in search 
space and converge efficiently to the optimal solution of hyperparameters. Then the 
variance plot of prediction accuracy caused by different input dimensions indicates 
that PSO-SVM has the optimal performance with 𝑅2 of 0.7717 when the input is 
5-dimension X2, X5, X6, X7 and X8 in the current dataset. The accuracy analysis 
reveals that PSO-SVM has the optimal accurate prediction with 𝑅2 of 0.7717, 𝑀𝑆𝐸 of 
13.5979, and 𝑀𝐴𝐸 of 2.755 compared to MLR and three empirical models. The 
stability result preliminarily shows that RF-PSO-SVM is capable of providing a stable 
and generalized prediction. According to the results, it is reasonable to conclude that 
the RF-PSO-SVM model has shown its superiority in blast-induced ground vibration 
prediction with its excellent capability for regression problem and satisfying ability of 
generalization, when the dataset is small. With the prediction conducted by the 
proposed model, the decision-makers can efficiently modify the blast design 
parameters to control the vibration. 

Limitation and future scope 

The main limitation of the study is the models are trained and tested with a single 
dataset. For a rigorous assessment of universal ability, a dataset of mines of various 
types and locations should be utilized. 

Besides, more types of SVM such as least square support vector machine, relevance 
vector machine should be implemented and discussed as the performance of them 
varies on different datasets. 

Moreover, this study only implemented random forest as the feature selection 
method. Different feature selection methods such as shape analysis could be 
implemented and discussed in the future work. In addition, some data mining 
methods for data augment can be a potential future scope. With a dataset of a large 
sample size, the performance and ability of generalization may be enhanced. 
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