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1. Introduction 
 

The use of explosives material is considered as a well-

known economical method to fragment and displace rock 

mass in surface mines. However, it produces several 

environmental issues such as flyrock and ground vibration 

(Hajihassani et al. 2015, Hasanipanah et al. 2015, 

Koopialipoor et al. 2019, Hasanipanah and Amnieh 2020a). 

The ground vibration is the most hazardous issue of blasting 

which results in various damages for the surrounding 

structures (Ghasemi et al. 2013, Saadat et al. 2014, 

Hajihassani et al. 2015, Abbas and Asheghi 2018, Nguyen 

et al. 2020). Hence, it needs to be predicted with a high 

degree of accuracy to reduce the potential risk of damage. 

One of the most important descriptors to determine the 

ground vibration is the peak particle velocity (𝑃𝑃𝑉) and has 

been used in many studies (Khandelwal et al. 2011, Nguyen 

et al. 2020). By reviewing the previous studies in the field 

of blasting-vibration, it can be found that the 𝑃𝑃𝑉 is related 

to some controllable and uncontrollable parameters 

(Hasanipanah et al. 2017, Armaghani et al. 2020). The 

controllable parameters mean the blast design parameter, 
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and engineers can control to some extend these parameters 

in the site, such as burden, spacing and weight of charge 

used in the blasting. On the other hands, other parameters 

such as properties of rock mass, have considerable effect on 

the 𝑃𝑃𝑉  and considered as uncontrollable parameters. 

Among the controllable and uncontrollable parameters, the 

distance between the blasting point and the nearest structure 

is very important parameter especially for safety issues. 

Hence, due to the importance of accurate prediction of the 

𝑃𝑃𝑉 , there has been attempt in the literature to develop 

empirical equations to predict it to quantify the vibration 

associate with the blasting (Duvall and Petkof 1959, Davies 

et al. 1964, Langefors and Kihlstrom 1963, Ambraseys and 

Hendron 1968). These empirical equations are formulated 

considering only two parameters, these parameters are the 

maximum charge weight per blasting delay (𝑊) and the 

distance of the 𝑃𝑃𝑉 measurement (𝐷). Other blast design 

parameters also influence the intensity of 𝑃𝑃𝑉 , however, 

these have not been considered in the aforementioned 

references due to the complexity of the interrelationship 

between the parameters (variables). To resolve this problem, 

new machine learning methods have been employed in the 

literature to predict the 𝑃𝑃𝑉 using more than two variables 

(e.g., Armaghani et al. 2020, Nguyen et al. 2020a,b, Rajabi 

and Vafaee 2020, Jelušič et al. 2021). Monjezi et al. (2013) 

developed an artificial neural network (ANN) model and  
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Abstract.  Fragmenting the rock mass is considered as the most important work in open-pit mines. Ground vibration is the most 

hazardous issue of blasting which can cause critical damage to the surrounding structures. This paper focuses on developing an 

explicit model to predict the ground vibration through an multi objective evolutionary polynomial regression (MOGA-EPR). To 

this end, a database including 79 sets of data related to a quarry site in Malaysia were used. In addition, a gene expression 

programming (GEP) model and several empirical equations were employed to predict ground vibration, and their performances 

were then compared with the MOGA-EPR model using the mean absolute error (𝑀𝐴𝐸), root mean square error (𝑅𝑀𝑆𝐸), mean 

(𝜇), standard deviation of the mean (𝜎), coefficient of determination (R2) and 𝑎20 − 𝑖𝑛𝑑𝑒𝑥. Comparing the results, it was found 

that the MOGA-EPR model predicted the ground vibration more precisely than the GEP model and the empirical equations, 

where the MOGA-EPR scored lower 𝑀𝐴𝐸 and 𝑅𝑀𝑆𝐸, 𝜇 and 𝜎 closer to the optimum value, and higher R2 and 𝑎20 − 𝑖𝑛𝑑𝑒𝑥. 

Accordingly, the proposed MOGA-EPR model can be introduced as a useful method to predict ground vibration and has the 

capacity to be generalized to predict other blasting effects. 
 

Keywords:  blasting, ground vibration, multi objective genetic algorithm evolutionary polynomial regression, prediction 

models 
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Table 1 Some recently published papers in the field of blast 

induced 𝑃𝑃𝑉 

Models Performance References 

Fs-RF R2=0.90 Zhou et al. (2020) 

HKM-ANN R2=0.98 Nguyen et al. (2020) 

RVR-GWO R2=0.92 
Fattahi and Hasanipanah   

(2021) 

CSO-ANN R2=0.987 Bui et al. (2021) 

MARS R2=0.71 Arthur et al. (2020) 

MARS-PSO-MLP R2=0.90 Nguyen et al. (2021) 

PSO-CRANFIS R2=0.99 Zhu et al. (2021) 

HHO-RF R2=0.94 Yu et al. (2020) 

SCA-ANN R2=0.999 Lawal et al. (2021a) 

WOA-XGBoost R2=0.98 Qiu et al. (2021) 

MFO-ANN R2=0.9577 Lawal et al. (2021b) 

R2: Coefficient of determination, Fs: Feature selection, RF: 

Random forest, HKM: Hierarchical k-means clustering, ANN: 

artificial neural network, RVR: Relevance vector regression, 

GWO: Grey wolf optimization, CSO: Cuckoo search optimization, 

MARS: Multivariate Adaptive Regression Splines, PSO: Particle 

swarm optimization, MLP: Multiple layers perceptron neural 

network, CRANFIS: chaos recurrent ANFIS, HHO: Harris hawks 

optimization, SCA: sine cosine algorithm, XGBoost: extreme 

gradient boosting, MFO: moth-flame optimization algorithm. 

 

 

empirical equation to predict the 𝑃𝑃𝑉. The study involved 

using a database gathered from the Shur river dam region in 

Iran. Comparison between the ANN and the empirical 

equations revealed the acceptability of the ANN in this 

field. Hasanipanah et al. (2017) investigated the use of 

classification and regression tree (CART) method in 

predicting the 𝑃𝑃𝑉 . In addition, classical regression 

analysis was also applied. According to their results, the 

CART method was found to be better than the classical 

regression analysis to predict the 𝑃𝑃𝑉. In another research, 

an optimized XGBoost method was proposed to predict the 

𝑃𝑃𝑉  by Zhang et al. (2019). In this regard, a common 

optimization algorithm, namely particle swarm optimization 

(PSO) was employed to optimize XGBoost method. The 

results showed that the XGBoost-PSO method predicted the 

𝑃𝑃𝑉  with higher accuracy compared to other empirical 

equations. A practical scheme of quantile regression neural 

network method in combination with fuzzy C-means 

clustering (QRNN-FCM) was proposed by Bui et al. (2020) 

to predict the 𝑃𝑃𝑉 . Other machine learning methods, 

namely the ANN and random forest were also used in their 

study. From their results, the QRNN-FCM method showed 

better accuracy in the prediction of the 𝑃𝑃𝑉 compared to 

other machine learning methods. Furthermore, other 

researchers used hybrid models to predict the 𝑃𝑃𝑉. Nguyen 

et al. (2020) combined the ANN and k-means clustering 

algorithm (HKM) methods. Fang et al. (2019a) combined 

the M5Rules and imperialist competitive algorithm (ICA). 

Also, Ding et al. (2019) combined the XGBoost and ICA. 

In their studies, some other machine learning methods were 

also used for comparison aims. They confirmed the 

acceptability and reliability of the proposed hybrid models 

in this field.  In other studies, PSO, genetic and firefly 

algorithms were applied to optimize the support vector 

regression (SVR) (Chen et al. 2021). Their results indicated 

Table 2 statistics of the database used in this study 

Descriptive 

statistics 

Parameters 

𝑊 (kg) 𝐵/𝑆 𝑆𝐿 (m) 𝑉𝑝 (m/s) 𝐷 (m) 𝑃𝑃𝑉 

(mm/s) Mean 421.95 0.820 5.32 3728.58 311.32 13.02 

St. Error 17.97 0.002 0.22 56.06 10.29 0.70 

Kurtosis -1.24 -0.90 -1.09 -1.31 0.36 0.24 

Skewness -0.34 0.310 -0.38 -0.11 -1.09 0.73 

Min 133.59 0.780 1.50 2876.00 100.00 2.83 

Max 642.51 0.890 8.00 4506.00 440.00 30.06 

 

 

that the optimization algorithms successfully improved the 

performance of the SVR and recommended to use these 

methods in the field of 𝑃𝑃𝑉 prediction. Table 1 show other 

recently published papers on the prediction of the 𝑃𝑃𝑉 

using soft computing techniques.  

It is clear based on this brief review that there have been 

many studies on the use of soft computing to predict the 

𝑃𝑃𝑉 , however, all of these studies did not propose an 

explicit formulation based on soft computing to facilitate 

robust prediction to ensure accurate prediction of the 𝑃𝑃𝑉. 

Thus, the objective of this paper is to develop robust and 

accurate explicit models to compute the 𝑃𝑃𝑉  using 

advanced soft computing techniques. For this purpose, a 

multi objective genetic algorithm evolutionary polynomial 

regression (MOGA-EPR) analysis has been employed to 

develop the predictive model. In addition, the accuracy of 

the new model has been compared with the gene expression 

programming (GEP) and several empirical equations to 

illustrate the accuracy of the developed model.  

It is worthy to state that the main reason to use the 

MOGA-EPR and GEP techniques in this paper is because 

these two techniques provide explicit mathematical models 

that can be easily interpreted and used in future studies 

(Alzabeebee and Chapman 2020). 

 
 
2. Field investigation 

 

In the present study, a granite quarry, namely the 

Harapan Ramai, located in Malaysia was investigated and 

the required data were carefully measured. To displace the 

rock mass, drilling and blasting methods was performed in 

the quarry, hence, their undesirable effects were inevitable. 

In the site, the holes were drilled with a diameter of 150 

mm, and then the drilled holes were charged by the 

dynamite and ANFO as the main initiation and explosive 

materials, respectively. As stated earlier, some blast design 

parameters as well as properties of rock remarkably 

influence the 𝑃𝑃𝑉. In this study, the the maximum charge 

weight per blasting delay (𝑊 ), the distance of the 𝑃𝑃𝑉 

measurement (𝐷), burden to spacing ratio (𝐵/𝑆), stemming 

length (𝑆𝐿) and P-wave velocity (𝑉𝑝) were considered as 

the input parameters. The values of 𝑊, 𝐵/𝑆  and 𝑆𝐿  were 

measured through blasting pattern. To measure the value of 

𝑉𝑝, the samples were analyzed in the laboratory through the 

recommended process by the International Society for Rock 

Mechanics (ISRM). In addition, the value of 𝐷  was 

measured by using GPS (distance between the blasting 

point and installed seismograph). The VibraZEB 
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seismograph was installed to the 𝑃𝑃𝑉  values carefully in 

different locations. The values of aforementioned 

parameters related to 79 blasting events were used in this 

study. A statistical view of the obtained results (used 

dataset) is given in Table 2. 

 

 
3. Theoretical overview of the employed soft 
computing techniques 
 

As stated in the introduction, the MOGA-EPR and GEP 

algorithm have been employed in this study to develop 

models to predict the 𝑃𝑃𝑉. A brief review of these models 

is explained in the next subsections. 

 

3.1 MOGA-EPR 
 

The multi objective genetic algorithm evolutionary 

polynomial regression analysis (MOGA-EPR) is a hybrid 

regression method combines the flexibility of the regression 

analysis with the genetic programming to provide a 

symbolic model. This method has been developed by 

Giustolisi and Savic (2009) based on the older version of 

the method which has also been developed by the same 

authors (Giustolisi and Savic 2006).  

In the MOGA-EPR, the genetic algorithm is employed 

in the first step to search for the best combination of the 

exponents of the developed model. The second step focuses 

on the determination of the model constants utilizing the 

least square method which has the ability to solve 

overdetermined systems (i.e., systems with number of 

equations more than the number of constants). On the other 

hand, a multi-objective algorithm based on Pareto 

dominance criterion is used to control the fitness of the 

model in one objective and control the complexity of the 

developed model utilizing at least on more objective 

(Alzabeebee 2022a). Finally, it is worthy to add that the 

MOGA-EPR searches for all of the candidate models (i.e., 

models with different number of terms) simultaneously and 

ranked these models according to the number of terms and 

the accuracy achieved (Giustolisi and Savic 2009). 

The strength of the MOGA-EPR is that it provides 

relatively simple model compared with other soft 

computing techniques (Alzabeebee 2022b, Alzabeebee and 

Chapman 2020). In addition, many previous studies proved 

the efficiency of the MOGA-EPR in developing simple and 

robust models for many applications in civil engineering 

(Alzabeebee et al. 2022b, Alzabeebee 2019, 2020, 2022, 

Shams  et al. 2020, Wang et al. 2020, Zuhaira et al. 2021). 

The general formulation of the MOGA-EPR is shown in Eq. 

(1) (Giustolisi and Savic 2006, 2009).  

𝑌 = ∑ 𝑎𝑗 . 𝑧𝑗 + 𝑎𝑜

𝑚

𝑗=1

 (1) 

Where, 𝑌 is the output symbolic model, which is used to 

predict the dependent variable, 𝑎𝑗 is the constant for each 𝑧𝑗 

term, 𝑎𝑜 is the bias of the symbolic model, 𝑚 is the number 

of the suggested terms for the symbolic model, and 𝑧𝑗 is the 

transformed variable. It is worthy to state that 𝑧𝑗  (for 

example) is obtained using Eq. (2). However, Eq. (2) 

changes based on the proposed structure for the polynomial 

model, which will be discussed further in Eq. (3). 

𝑧𝑗 = 𝑥1
𝐸𝑆(𝑗,1).

… 𝑥𝑖
𝐸𝑆(𝑗,1).

… 𝑥𝑘
𝐸𝑆(𝑗,1)

 (2) 

Where, 𝑥𝑖  is the 𝑖th input variable, 𝑘 is the number of 

the input variables used in the model development, 𝐄𝐒𝑚𝑥𝐾  

is the matrix of the exponents. The exponents range is 

specified by the user, however, the distribution of the 

exponents is decided by GA via evolutionary process.  

In addition, 𝑌  can be structured using different 

polynomial expressions as shown in Eq. (3) (Giustolisi and 

Savic 2009). 

𝑌 = 𝑎0 +
∑ 𝑎𝑗(𝑋1)𝐸𝑆(𝑗,1). …. (𝑋𝑘)𝐸𝑆(𝑗,𝑘)𝑓((𝑋1)𝐸𝑆(𝑗,𝑘+1)). …. 𝑓((𝑋𝑘)𝐸𝑆(𝑗,2𝑘))𝑚

𝑗=1   

(3) 

𝑌 = 𝑎0 + ∑ 𝑎𝑗𝑓((𝑋1)𝐸𝑆(𝑗,1). …. (𝑋𝑘)𝐸𝑆(𝑗,𝑘))𝑚
𝑗=1   

𝑌 = 𝑎0 +
∑ 𝑎𝑗(𝑋1)𝐸𝑆(𝑗,1). …. (𝑋𝑘)𝐸𝑆(𝑗,𝑘)𝑓((𝑋1)𝐸𝑆(𝑗,𝑘+1). …. (𝑋𝑘)𝐸𝑆(𝑗,2𝑘))𝑚

𝑗=1   

𝑌 = log(𝑎0 + ∑ 𝑎𝑗(𝑋1)𝐸𝑆(𝑗,1). …. (𝑋𝑘)𝐸𝑆(𝑗,𝑘)𝑚
𝑗=1 )  

𝑌 = log(𝑎0 + ∑ 𝑎𝑗(𝑋1)𝐸𝑆(𝑗,1). …. (𝑋𝑘)𝐸𝑆(𝑗,𝑘)𝑚
𝑗=1 )  

𝑌 = sin(𝑎0 + ∑ 𝑎𝑗(𝑋1)𝐸𝑆(𝑗,1). …. (𝑋𝑘)𝐸𝑆(𝑗,𝑘)𝑚
𝑗=1 )  

𝑌 = tan(𝑎0 + ∑ 𝑎𝑗(𝑋1)𝐸𝑆(𝑗,1). …. (𝑋𝑘)𝐸𝑆(𝑗,𝑘)𝑚
𝑗=1 )  

 

3.2 GEP 
 

The GEP is a convenient way to model nonlinear and 

complex processes (Aytek and Kişi 2008, Faradonbeh et al. 

2016). In the present study, GEP, which is an extended form 

of genetic programming (GP) (Ferreira 2001), is used to 

predict the 𝑃𝑃𝑉. This type of algorithm encodes individuals 

in the form of linear chromosomes which have fixed length 

and can be expressed in the form of tree structures (Ferreira 

2002). Genetic operators such as mutation and 

recombination can be used considering linear structure of 

chromosomes. These operators can produce correct and 

valid structures for solution.  In the present study the 

GeneXproTools software has been used to perform the GEP 

analysis (Gandomi et al. 2015). The first step in this method 

is to generate the initial population of solutions using a 

series of functions and terminals. A set of functions, usually 

including basic arithmetic functions {+, -, ×, /}, 

trigonometric, logarithmic, polynomial functions or any 

other mathematical non-linear functions {√, x2, exp, tan, 

log, cos sin, ln, ...} which are suitable for model 

interpretation (Gholampour et al. 2017). The set of 

terminals consists of constant values and independent 

problem variables. Chromosomes are then represented as 

tree expressions. In the next step, the efficiency or 

compatibility of each member of the chromosome 

population should be evaluated using the fitting function. 

The fitting function used in this research is defined as 

follows (Koza 1992) 

𝑓𝑖 = ∑ (𝑅 − |
𝑃𝑖𝑗 − 𝑇𝑗

𝑇𝑗

| × 100)

𝑛

𝑗=1

 (4) 

 

 

 
 

 
 

553



 

Saif Alzabeebee et al. 

 

 

 

 

In the above equation, 𝑃𝑖𝑗  is the value predicted by 𝑖 th 

chromosome for the fitness case 𝑗,  𝑅  is the range of 

selection, and 𝑇𝑗  is the target value for the fitness case 𝑗. 

Thus, with the help of the fit function and maintaining the 

superior answers and eliminating the weaker answers, we 

get closer to the desired answer. Therefore, the relationship 

between dependent and independent variables is not 

constant and is constantly changing. In general, the step-by-

step process of the GEP model is as follows (Gholampour et 

al. 2017): 

1. The process begins with the random production of 

chromosomes from the initial population.  

2. Chromosomes are expressed as tree expressions.  

3. The degree of desirability of each potential solution 

of the problem (chromosome) and its degree of 

compatibility is evaluated.  

4. If the desired conditions are achieved, the program is 

stopped, and the existing population shows the desired 

answer. 

5. The best people from the present population are kept.  

6. The rest of the population is selected based on their 

performance.  

7. Corrections and improvements remade on the selected 

population, as a result, children with new characteristics 

are produced.  

8. New offspring go through the same developmental 

process in a cycle, and this process is repeated for a 

definite number of generations to find a suitable 

solution.  

 

 

The flowchart of GEP is illustrated in Fig. 1. 

 

 
4. Available empirical equations to predict the 𝑷𝑷𝑽 

 

Many researchers have attempted to present empirical 

equations to predict the 𝑃𝑃𝑉 . These empirical equations 

depend merely on two parameters, 𝑊 and 𝐷. In this study, 

four common empirical equations were used for comparison 

purposes. These equations are Duvall and Petkof (1959), 

Ambraseys-Hendron (1968), Langefors-Kihlstrom (1963) 

and Davies et al. (1964). The mathematical formulation of 

these equations explained as follows: 

Duvall and Petkof (1959) 

𝑃𝑃𝑉 = 𝐾 × (
𝐷

𝑊
1

2⁄
)𝑛                         (5) 

Ambraseys-Hendron (1968) 

𝑃𝑃𝑉 = 𝐾 × (
𝐷

𝑊
1

3⁄
)𝑛                         (6) 

Langefors-Kihlstrom (1963) 

𝑃𝑃𝑉 = 𝐾 × (
𝑊

1
2⁄

𝐷
3

4⁄
)𝑛                          (7) 

Davies et al. (1964) 

𝑃𝑃𝑉 = 𝐾 ×  𝐷𝑎 × 𝑊𝑏                        (8) 

Where, 𝐾 , 𝑛 , 𝑎  and 𝑏  are site constants and can be 

calculated using SPSS or Excel programs. 

 

Fig. 1 Flowchart of GEP (Faradonbeh et al. 2016) 
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5. Statistical indicators to check the models 
 

To check the accuracy of the predictive models, several 

statistical indicators are employed based on previous studies 

on the topic (Zhou et al. 2015, 2016, 2017, 2019, 

Hasanipanah et al. 2020a, b, Alkroosh et al., 2020, Zhang et 

al. 2020, 2021a, b, Hasanipanah and Amnieh 2020b, Huang 

et al. 2020, 2021, Alzabeebee et al. 2022b, Armaghani et al. 

2021, Bai et al. 2021, Kamran et al. 2022, Kwak and Ko 

2022, Luat et al. 2021a, b, Sasmal and Behera 2022, Zhang 

et al. 2022). These indicators are: 

Mean absolute error (𝑀𝐴𝐸) 

𝑀𝐴𝐸 =
1

𝑛
∑ |𝑃𝑃𝑉𝑚 − 𝑃𝑃𝑉𝑝|𝑛

1                     (9) 

Root mean square error (𝑅𝑀𝑆𝐸) 

𝑅𝑀𝑆𝐸 = √
1

𝑛
∑ (𝑃𝑃𝑉𝑚 − 𝑃𝑃𝑉𝑝)2𝑛

1                (10) 

Mean (𝜇) 

𝜇 =
1

𝑛
∑ (

𝑃𝑃𝑉𝑝

𝑃𝑃𝑉𝑚

𝑛
1 )                              (11) 

Standard deviation (𝜎) 

𝜎 = √
∑ (𝑛

1
𝑃𝑃𝑉𝑝

𝑃𝑃𝑉𝑚
−𝜇)2

𝑛−1
                              (12) 

Coefficient of determination (R2) 

𝑅2 =  (
∑ (𝑃𝑃𝑉𝑝−𝑃𝑃𝑉𝑝𝑎𝑣𝑒𝑟𝑎𝑔𝑒

)(𝑃𝑃𝑉𝑚−𝑃𝑃𝑉𝑚𝑎𝑣𝑒𝑟𝑎𝑔𝑒)𝑛
𝑖=1

√∑ (𝑃𝑃𝑉𝑝−𝑃𝑃𝑉𝑝𝑎𝑣𝑒𝑟𝑎𝑔𝑒
)2𝑛

𝑖=1 ∑ (𝑃𝑃𝑉𝑚−𝑃𝑃𝑉𝑚𝑎𝑣𝑒𝑟𝑎𝑔𝑒)2𝑛
𝑖=1

)

2

  

(13) 

Percentage of prediction within error of ±20% 

𝑎20 − 𝑖𝑛𝑑𝑒𝑥 =
𝑚𝑝20

𝑛
                             (14) 

In the above equations, 𝑃𝑃𝑉𝑚  and 𝑃𝑃𝑉𝑝  are the 

measured and predicted 𝑃𝑃𝑉 values. The 𝑛 is the number of 

data, and 𝑚𝑝20 is the number of predictions within error 

range of ±20%. It is worth mentioning that 𝑎20 − 𝑖𝑛𝑑𝑒𝑥 

declares the amount of the data that satisfies predicted 

values with a deviation ±20% compared to measured values 

(Alzabeebee and Chapman 2020). For a perfect predictive 

model, the value of 𝑎20 − 𝑖𝑛𝑑𝑒𝑥 is expected to be equal to 

1. Thus, the use of 𝑎20 − 𝑖𝑛𝑑𝑒𝑥 is deemed necessary as it 

explicitly shows the percentage of predictions within 

acceptable error of prediction and thus, explicitly illustrate 

the best model in terms of accuracy.  

 

 
6. Application results and analysis 
 

The results of the empirical equations, development of 

the MOGA-EPR and GEP models are presented in this 

section. It is worth stating that for the development of the 

GEP and MOGA-EPR models, the database has been 

divided into training and testing sets where 80% of the data 

has been utilized to train the models using the GEP and 

MOGA-EPR, while the rest of the data has been used to test 

the performance of the model. This step has been  

Table 3 Statistics of the training data 

Statistic 

indicator 
𝑊 𝐵/𝑆 𝑆𝐿 𝑉𝑝 (m/s) 𝐷 (m) 𝑃𝑃𝑉 (mm/s) 

Min 133.59 0.79 1.50 2876.00 100.00 2.83 

Max 642.52 0.89 8.00 4506.00 440.00 30.06 

Average 420.97 0.83 5.32 3714.06 312.81 12.85 

 

Table 4 Statistics of the testing data 

Statistic 

indicator 
𝑊 𝐵/𝑆 𝑆𝐿 𝑉𝑝 (m/s) 𝐷 (m) 𝑃𝑃𝑉 (mm/s) 

Min 133.59 0.79 1.50 3034.00 100.00 3.36 

Max 642.52 0.87 8.00 4344.00 420.00 26.76 

Average 425.83 0.82 5.33 3785.75 305.50 13.71 

 

 

undertaken to ensure that the proposed model has the ability 

to predict results that did not influence the model training. 

This approach is not uncommon in soft computing of the 

relationship between the dependent and independent 

variables. Hence, the statistical analysis for the empirical 

equations has been done for training and testing datasets 

separately to guarantee consistent comparisons with the 

empirical equations.  

It is necessary to add that the data is divided into 

training and testing using random shuffle function available 

in excel combined with statistical analysis to ensure that the 

testing data are within the range of the training data to avoid 

extrapolation in estimation (Alzabeebee 2022b). Tables 3 

and 4 present the statistics of the data used for training and 

testing, respectively. 

 

 

7. Statistical assessment of the available empirical 
equations 

 

As stated earlier, the values of site constants in the 

empirical equations can be calculated through the Excel 

program. Based on the calculations, the used empirical 

equations were updated as follows 

𝑃𝑃𝑉 = 187.26 × (
𝐷

𝑊
1

2⁄
)−1.31                     (15) 

𝑃𝑃𝑉 = 402.99 × (
𝐷

𝑊
1

3⁄
)−0.94                     (16) 

𝑃𝑃𝑉 = 71.84 × (
𝑊

1
2⁄

𝐷
3

4⁄
)1.49                        (17) 

𝑃𝑃𝑉 = 178.79 ×  𝐷−1.12 × 𝑊0.52                 (18) 

where, 𝑊 , 𝐷  and 𝑃𝑃𝑉  are in terms of kg, m and mm/s, 

respectively. The performance of above empirical equations 

is illustrated through Fig. 2 and Tables 5 and 6. In addition, 

the perfect fit line (i.e., the line of no error) and the ±20% 

error range have also been presented in Figure 2 for 

illustration purposes. As shown in these figures, the R2 

values obtained from empirical equations were around 0.8 

for training and testing datasets. This indicates that the 

performance of empirical equations is in an average range.  

In addition, by comparing the statistical performance of the 

equations using the measures reported in Tables 5 and 6, it 

is clear that the equations of Ambraseys-Hendron (1968)  
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Table 5 Statistical performance indicators of the available 

empirical equations for training data 

Model 𝑀𝐴𝐸 𝑅𝑀𝑆𝐸 𝜇 𝜎 𝑎20 − 𝑖𝑛𝑑𝑒𝑥 R2 

Duvall and Petkof 

(1959) 
6.93 7.66 0.48 0.15 0.05 0.82 

Ambraseys-Hendron 

(1968) 
2.09 2.61 1.12 0.42 0.67 0.81 

Langefors-Kihlstrom 

(1963) 
2.18 2.67 1.01 0.36 0.63 0.83 

Davies et al. (1964) 5.55 6.30 0.62 0.21 0.10 0.84 

 

 

and Langefors-Kihlstrom (1963) achieved better prediction 

accuracy compared with other equations where these 

equations scored the lowest 𝑀𝐴𝐸 and 𝑅𝑀𝑆𝐸, the highest 𝜇 

(which is close to 1.0) and the highest 𝑎20 − 𝑖𝑛𝑑𝑒𝑥 (which 

is equal to 0.67 and 0.63, respectively for training dataset 

and 0.63 and 0.50, respectively for testing dataset).  

 
Table 6 Statistical performance indicators of the available 

empirical equations for testing data 

Model 𝑀𝐴𝐸 𝑅𝑀𝑆𝐸 𝜇 𝜎 𝑎20 − 𝑖𝑛𝑑𝑒𝑥 R2 

Duvall and Petkof 

(1959) 
7.07 8.04 0.51 0.16 0.06 0.81 

Ambraseys-Hendron 

(1968) 
2.54 2.89 1.16 0.46 0.63 0.83 

Langefors-Kihlstrom 

(1963) 
2.71 3.21 1.05 0.38 0.50 0.79 

Davies et al. (1964) 5.71 6.67 0.65 0.23 0.13 0.83 

 
 
8. Development of the GEP model  
 

The model is provided based on five input variables 

including 𝑊, 𝐷, 𝐵/𝑆, 𝑆𝐿 and 𝑉𝑝. Table 7 reports the main 

setting parameters of the GEP model which is developed by 

using simple mathematical operators (+, −, ×, and /) to be  

 

Fig. 2 Relationship between measured and predicted results using the empirical equations 

 
a) Duvall and Petkof (1959) training data 

 
b) Duvall and Petkof (1959) testing data 

 

 
c) Ambraseys–Hendron (1968) training data 

 
d) Ambraseys–Hendron (1968) testing data 

 
e) Langefors–Kihlstrom (1963) training data 

 
f) Langefors–Kihlstrom (1963) testing data 

 

 
g) Davies et al. (1964) training data 

 
h) Davies et al. (1964) testing data 
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Table 7 The main setting parameters and adjustments of 

GEP model 

GEP parameter Setting of parameters 

Number of chromosomes 30 

Head size 6 

Number of genes 5 

Function set +, −, ×, and / 

Fitness function RMSE 

Mutation rate 0.00138 

Inversion rate 0.00346 

Gene transposition rate 0.00227 

Random chromosomes 0.0026 

Gene recombination rate 0.00227 

 

 

easily used for researchers. The extracted relationship of the 

model and the tree-based model of the GEP model are 

shown in Table 8 and Fig. 3, respectively. The performance 

of GEP model is illustrated through Figs. 4 and 5 for both 

testing and training data. As shown in these figures, the R2 

value obtained from the model is equal to 0.93 for training 

data and 0.89 for testing data. This indicates that the 

performance of GEP is in a good range and better than 

empirical equations. Also, and as shown in Fig. 5, the GEP 

model scored better in terms of the 𝑀𝐴𝐸, 𝑅𝑀𝑆𝐸, 𝜇, 𝜎, and 

𝑎20 − 𝑖𝑛𝑑𝑒𝑥 compared with the aforementioned empirical 

equations. 

 

 

9. Development of the MOGA-EPR model 
 

The same training and testing datasets which used in the 

development of the GEP model have also been used in the 

development of the MOGA-EPR model to ensure 

consistency and to allow fair comparison of the accuracy of 

both models (MOGA-EPR and GEP models). 

In addition, many trails have been undertaken to 

examine the effect of the model exponents, number of terms 

 

 

Fig. 4 Relationship between measured and predicted 𝑃𝑃𝑉 

achieved using the GEP model 

 

 

and model structure. This has been conducted by changing 

the number of terms of the developed model (i.e., two 

terms, three terms, four terms…etc.), the range of the 

exponents of the developed model and the general form of 

the mathematical relationship between the dependent and 

independent variables. The statistical performance of the 

developed model has been thorough checked with each 

change of any of the aforementioned parameters (model 

exponents, number of terms, and model structure) by 

calculating the 𝑀𝐴𝐸 , 𝑅𝑀𝑆𝐸 , 𝜇 , 𝜎 , 𝑎20 − 𝑖𝑛𝑑𝑒𝑥 , and 𝑅2 . 

The best MOGA-EPR model obtained from the trials is 

shown in Eq. (19). 

 

Fig. 3 The expression tree obtained using GEP model to predict the 𝑃𝑃𝑉 
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Fig. 5 Statistical performance indicators of the training and 

testing data for the GEP model 

 

 

𝑃𝑃𝑉 = −20.91 × √𝐷 + 0.92 × 𝐷 − 0.0006 × 𝐷2 +

1.15 × √𝑊 − 0.5 × 10−9 × 𝐷2 × 𝑊 × √𝑆𝐿 × √𝑉𝑝 +

133.23  

(19) 

Fig. 6 presents the predicted-measured relationship for 

the training and testing data, respectively. It is quite obvious 

from both figures that most of the predictions are very close 

to the perfect fit line. Furthermore, most of the predictions 

are also within the ±20% error indicating excellent 

predictions.  

To provide more insight into the performance of the 

proposed model, Fig. 7 presents the results of the statistical 

performance indicators (𝑀𝐴𝐸, 𝑅𝑀𝑆𝐸 , 𝜇, 𝜎, 𝑎20 − 𝑖𝑛𝑑𝑒𝑥 , 

and 𝑅2) for the training and testing data. The figure clearly 

show that the proposed model predicts the 𝑃𝑃𝑉  with low 

mean absolute error (0.96 for training data and 1.81 for 

testing data) and low root mean square error (1.24 for 

training data and 2.22 for testing data). In addition, the 

results of the mean and the standard deviation of the 

predicted to measured values also confirm the quality of the 

proposed model, where the obtained mean is approximately 

equal to 1.0 for both training and testing data and also the 

 

 

Fig. 6 Relationship between measured and predicted 𝑃𝑃𝑉 

using the MOGA-EPR 

 

 

standard deviation of the measured to predicted results is 

very close to zero for both training and testing data. 

Furthermore, the results of the 𝑎20 − 𝑖𝑛𝑑𝑒𝑥 show that the 

proposed model predicts 87% of the training data and 75% 

of the testing data within error equal to or less than 20%, 

indicating again excellent accuracy of predictions. Finally, 

the results of the coefficient of determination confirm the 

observations noted from the figure of the relationship 

between measured and predicted data (Fig. 6), where the 

proposed model achieved 𝑅2  of 0.96 for the training data 

and 0.91 for the testing data, indicating again excellent 

predictions. 

Comparing the statistical performance of the proposed 

model (Fig. 7) with the performance of the equations 

currently available (Tables 5 and 6) and the performance of 

the GEP (Fig. 5) shows that the proposed model is superior 

as the it scored much better statistical performance 

indicators compared to the available equations and the GEP 

model. This also provides additional support to the quality 

of the new model. Thus, the proposed model is 

recommended for much better accuracy in the design and 

analysis. 

Table 8 Equations extracted from the GEP model to prediction of the 𝑃𝑃𝑉 

Model Formula 

GEP 
𝑃𝑃𝑉 =  [

(𝑊×𝐺1𝐶4)+(𝑉𝑝+𝐷)

𝐺1𝐶9×𝐺1𝐶2+𝐷
− 𝑉𝑝] + [(𝑉𝑝 − (

𝑉𝑝

(𝐺2𝐶8×𝐺2𝐶9−𝐷)×(𝐺2𝐶1+SL)
)] +  

[
SL.𝑉𝑝

(𝐺3𝐶0×𝐷−𝐺3𝐶5)−(𝑆𝐿×𝐺3𝐶1)
];  

Coefficients 

𝐺1𝐶4 = 10.6938151473838; 
𝐺1𝐶9 = 7.6750589102085; 
𝐺1𝐶2 = 6.84825564513972; 
𝐺2𝐶1 =  1.45337286754221; 
𝐺2𝐶8 = 160.150151820157; 

𝐺2𝐶9 = 3.05345057670047; 
𝐺3𝐶5 = -40.7329830170773; 
𝐺3𝐶1 = 43.834285177175; 
𝐺3𝐶0 = -7.77898269233453 
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Fig. 7 Statistical performance indicators of the training and 

testing data for the MOGA-EPR model 
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Fig. 8 The performance evaluation of MOGA-EPR and 

GEP models versus the measured 𝑃𝑃𝑉 values 

 

 

10. Discussions 

 

The discussions of this paper include three parts, i.e., 

compatibility assessment of the models, error analysis and 

sensitivity analysis. 

 

10.1 Compatibility assessment of the models 
 

Assessing the compatibility of machine learning based 

models with observational values is one of the most 

important steps in the validation. Fig. 8 depicts the physical 

expected trend of 𝑃𝑃𝑉  prediction using the MOGA-EPR 

and GEP models. Variation trend of the 𝑃𝑃𝑉 demonstrates 

that the data driven models perform successfully in 

capturing the non-linear behavior of measured 𝑃𝑃𝑉 results. 

 

Fig. 9 Distribution function comparison between measured 

and predicted 𝑃𝑃𝑉 values using data-driven and empirical 

equations 

 

 

However, magnifying the trend plot confirmed the MOGA-

EPR provides more promising accuracy than the GEP 

approach. 

In order to quantify the uncertainty assessment of the 

predictive models, the notched box of predicted (data driven 

and empirical equations) and measured values of 𝑃𝑃𝑉 are 

shown in Fig. 9. According to the presented distribution 

functions, it can be found that the MOGA-EPR and GEP 

models have more appropriated consistency with the 

measured values than the empirical equations. Moreover, 

the percentiles values (Q25%, Q50%, and Q75%) and 

interquartile range (IQR: Q75%-Q25%) were examined to 

scrutinize the performance assessment of the models under 

study (Jamei et al. 2021). The MOGA-EPR model on 

account of having the closest IQR (6.58) to the observed 

values (7.61) were identified as the best predictive model 

followed by the GEP model (6.53), and Langefors-

Kihlstrom equation (4.77). In addition, the Langefors-

Kihlstrom equation have the most promising outcomes 

among all the considered empirical equations. 

 

10.2 Error analysis 
 

In the next stage of the model’s validation, two type of 

error analysis including the relative deviation (𝑅𝐷 =
100 × (𝑃𝑃𝑉𝑀𝑒𝑎𝑠𝑢𝑟𝑒𝑑 − 𝑃𝑃𝑉𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑)/𝑃𝑃𝑉𝑀𝑒𝑎𝑠𝑢𝑟𝑒𝑑) and 

cumulative frequency of absolute percentage of relative 

deviation were adopted to evaluate the accuracy and 

efficiency of the provided models (Jamei et al 2021). Fig. 

10 demonstrates the relative deviation distribution function 

using A notched box plot for both training (Left Panel) and 

testing (Right panel) of data driven models. According to 

Fig. 10, the interquartile (IQR) domain of the MOGA-EPR  

 

 

Percentiles/ 

Metrics 

Empirical based models Data-driven 

Measure

d 
Duvall 

and 

Petkof 

Ambraseys

–Hendron 

Langefors–

Kihlstrom 
Davises GEP 

MOGA

-EPR 

Q25% 3.925 10.03 8.81 5.314 8.91 8.903 8.64 

Q50% 5.168 11.41 11.22 6.615 12.42 12.27 12.02 

Q75% 6.404 13.4 13.58 8.035 15.44 15.48 16.25 

IQR 2.479 3.37 4.77 2.721 6.53 6.58 7.61 

Std. Deviation 3.498 5.424 5.399 3.621 6.251 6.212 6.263 
 

 

Figure 10 Distribution function comparison between measured and predicted PPV values using 

data-driven and empirical  models 
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Fig. 10 The relative deviation (%) distribution for training 

(Left) and testing (Right) datasets 

 

 

model (46.74%) in training dataset is lower than GEP 

model (71.03%) whereas in testing data set the IQR domain 

of the GEP model (49.55%) is lower than that of the 

MOGA-EPR model (56.14%). However, the distribution 

probability function of the MOGA-EPR model is more 

compacted than the GEP model and leads to less relative 

deviations. 

Fig. 11 demonstrates the scattered plots of relative 

deviation of provided data driven methods. It is crystal clear 

that the MOGA-EPR model by lower range of (−46.26 ≤
𝑅𝐷 ≤ 54.95%) yields more reliable results than the GEP 

model ( −53.6 ≤ 𝑅𝐷 ≤ 109.7% ). As can be seen, the 

exceeding points of relative deviation in both training and 

testing datasets in the GEP model are higher than those of 

the MOGA-EPR approach. The aforementioned error 

analysis inferred that the MOGA-EPR is superior to the 

GEP in predicting the 𝑃𝑃𝑉 values. 

To specifying the capability of data driven models 

versus the existing empirical equations, the cumulative 

frequency of the absolute percentage of the relative 

deviation were reported in Fig. 12. This figure shows that 

more than 80% of the predicted datasets yield less than 

absolute relative deviation about 14.65%, whereas the GEP 

model, and Langeofors-Kihlstrom, Ambraseys-Hendron, 

Davies, and Duvall and Petkof equations provided absolute 

relative deviation about 18.98%, 22.14%, 22.5%, 48.55%, 

and 60.77%, respectively. Thus, it can be inferred that the 

MOGA-EPR has the best predictive performance than the 

GEP model and the available equations. In addition, the 

 

 

Fig. 11 The relative deviation scattered distribution of the 

MOGA-EPR and GEP approaches for both training and 

testing phases 

 

 

Fig. 12 The cumulative frequency versus absolute 

percentage of the relative deviation for outcome of data-

driven models and empirical equations 

 

 

GEP model scored second compared to the other empirical 

equations. Notably, it is worthy to state that the developed 

MOGA-EPR and GEP models scored better than the other 

empirical equations because the developed models utilized 

more than one influential parameter and thus, provided 

more accurate predictions, while the empirical equations 

only utilized one of the important influential parameters. 

 

6.3 Sensitivity analysis 
 

To investigate the effect of input variables on the output  

 

 

37.30

-33.73

22.60

-24.14

GEP-Training MOGA-EPR-Training

-80

-60

-40

-20

0

20

40

60

80

100

120

R
el

at
iv

e 
d

ev
ia

ti
o

n

 GEP-Training

 MOGA-EPR-Training

15.57

-33.98

17.97

-38.35

GEP-Testing MOGA-EPR-Testing

-80

-60

-40

-20

0

20

40

60

80

100

120

140

R
el

at
iv

e 
d
ev

ia
ti

o
n

 GEP-Testing

 MOGA-EPR-Testing

 

0 5 10 15 20 25 30 35
-75

-50

-25

0

25

50

75

100

125
MOGA-EPR-Relative deviation (%)

Measured PPV

R
el

at
iv

e 
d

ev
ia

ti
o

n
 (

%
) Testing

Training

+25%

-25%

0 5 10 15 20 25 30 35
-75

-50

-25

0

25

50

75

100

125
GEP-Relative deviation (%)

Measured PPV

R
el

at
iv

e 
d

ev
ia

ti
o

n
 (

%
)

Training

Testing

+25%

-25%

 

0 5 10 15 20 25 30 35
-75

-50

-25

0

25

50

75

100

125
MOGA-EPR-Relative deviation (%)

Measured PPV

R
el

at
iv

e 
d
ev

ia
ti

o
n
 (

%
) Testing

Training

+25%

-25%

0 5 10 15 20 25 30 35
-75

-50

-25

0

25

50

75

100

125
GEP-Relative deviation (%)

Measured PPV

R
el

at
iv

e 
d
ev

ia
ti

o
n
 (

%
)

Training

Testing

+25%

-25%

 

0 20 40 60 80 100
0

10

20

30

40

50

60

70

80

90

100

Absolute Relative Deviation (%)

C
u
m

u
la

ti
v

e 
F

re
q

u
en

cy
 (

%
)

GEP

MOGA

-EPR
Duvall and Petkof

Ambraseys–Hendron

Langefors–Kihlstrom

Davies

560



 

Development of a new explicit soft computing model to predict the blast-induced ground vibration 

 

 

Fig. 13 The sensitivity analysis outcome in terms of 

standardized coefficient and standard error 

 

 

of the model, a regression analysis was performed. For this 

purpose, the standardized coefficient was computed as the 

most important component of regression analysis on all data 

to determine the effect of each input variable (independent 

variable) on the target output (dependent variable). The 

standardized coefficient relationship is as follows 

(Rehamina et al. 2021) 

𝑆𝑐∗ = 𝑆𝑐
𝑆𝑡. 𝐷𝑥

𝑆𝑡. 𝐷𝑦

 (20) 

In the above relation, 𝑆𝑐  is the linear regression 

coefficients fitted to the data, 𝑆𝑡. 𝐷𝑥  and 𝑆𝑡. 𝐷𝑦 are the 

standard deviations of the input and target data, 

respectively. The higher value of the standardized 

coefficient shows the higher effect of the variable on the 

model output. According to the Table 9 and Figure 13, the 

highest value of the standardized coefficient is related to the 

input variable of 𝐷 (𝑆𝑐 = −1.08). The 𝑊 (𝑆𝑐 = 0.931) and 

𝑆𝐿  ( 𝑆𝑐 = 0.103 ) variables are the second and third 

parameters affecting the output of the model, respectively. 

𝐷 and 𝑉𝑝 have the minimum values of standard error (0.04 

and 0.036, respectively). However, the standardized 

coefficient is the critical metric on sensitivity analysis. 

Besides, the zero values in the regression analysis of 

parameter 𝐵/𝑆 indicate that this factor has been omitted due 

to the small effect of the regression analysis.  

 

 

11. Conclusions 
 

Ground vibration is considered as one of the most 

important undesirable effects of blast operations which 

needs to be precisely predicted to minimize the potential 

risk of damage. Although some empirical equations have 

been presented to predict ground vibration empirically, the 

performance of these equations still needs to be improved. 

Furthermore, these empirical equations have been 

developed based on considering only two of the influential 

parameters on ground vibration, and this subject is one of 

disadvantages of empirical equations. For solving this 

problem, the present study proposed an efficient and 

accurate mathematical model to predict ground vibration by 

utilizing the MOGA-EPR. The new model uses five 

influential parameters and thus, provide much better 

accuracy of prediction compared with the  available 

Table 9 The sensitivity analysis results using a regression 

analysis 

Source 
S. 

Cof. 

Standard 

error 
t Pr>|t| 

Lower bound 

(95%) 

Upper bound 

(95%) 

𝑊 0.39 0.25 1.58 0.12 -0.10 0.88 

𝐵/𝑆 0.00 0.00 0.00 0.00 0.00 0.00 

𝑆𝐿 0.10 0.25 0.42 0.68 -0.39 0.60 

𝑉𝑝 -0.01 0.04 -0.32 0.75 -0.08 0.06 

𝐷 -1.08 0.04 -26.75 <0.0001 -1.16 -0.99 

 

 

empirical equations. Furthermore, a GEP model has also 

been developed as part of the study to check the 

performance of the MOGA-EPR. The data collected from 

the studied case (Harapan Ramai quarry) has been utilized 

in the development of the MOGA-EPR and GEP models, 

and also in the accuracy checks. For a fair compression, 

statistical error indicators (i.e., 𝑀𝐴𝐸, 𝑅𝑀𝑆𝐸, 𝜇, 𝜎, R2 and 

𝑎20 − 𝑖𝑛𝑑𝑒𝑥) have been utilized in the accuracy check. The 

findings and conclusions of this study can be briefly listed 

as follows: 

• The most optimal values of 𝑀𝐴𝐸, 𝑅𝑀𝑆𝐸, 𝜇, 𝜎, R2 and 

𝑎20 − 𝑖𝑛𝑑𝑒𝑥  indicators were obtained from the 

MOGA-EPR model. This clearly indicates the 

effectiveness of the MOGA-EPR model in predicting 

the ground vibration. The GEP model and empirical 

equations were identified as the next categories, 

respectively. Among the empirical equations, the 

Ambraseys-Hendron and Duvall and Petkof were the 

best and worst equations, respectively, in terms of 

prediction accuracy. 

• A standardized coefficient analysis was performed as 

the sensitivity analysis, and according to its results, the 

𝐷 was identified as the most influential parameter upon 

𝑃𝑃𝑉.  

• In the present study, an explicit model has been mined 

using the MOGA-EPR which is not possible in black 

box soft computing methods (such as the ANN). The 

extracted model can be used in future to optimize 

designs or to compare the performance of the MOGA-

EPR against other soft computing methods. 

• Furthermore, the ability of the MOGA-EPR model can 

be enhanced by using other objectives within the EPR 

framework to enable better selection of the optimum 

model within the searching iterations. 
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