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Abstract. One of the suitable methods for breaking hard ground (rock surface etc.) is by means of blasting, but with that comes 

several problems, one of the major ones associated is ground vibration. Ground vibration induced because of blasting is an important 

aspect to deal with while carrying out blasting for any purpose. To have a prior idea about peak particle velocity (PPV), which is 

one of the best representations of ground vibration induced due to blasting, is very much essential while designing blasting, so that 

the induced vibration can be controlled. In this study a feed forward ANN model of 2-30-25-1 topology was developed to predict 

PPV. A total number of 200 blasting data of shot to monitoring distance (D), charge per hole (Q), and PPV were used for developing 

this model. The model has performed with an accuracy of almost 78%. This study can be used to forecast the intensity of ground 

vibration for any upcoming blasting event. 
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Introduction 

 
Blasting is one of the most feasible and best suited methods for fragmentation, applicable in the field of tunnel, mining, 

and civil engineering projects. It comprises of some chemical and physical processes, that occurs due to the firing of 

explosives and a consequence of this is induced ground vibrations. This induced ground vibration (BIGV) is a 

prominent problem in the process of, fragmentation caused by means of blasting, and causes severe damages to any 

nearby installed structures [1]. BIGV creates environmental problems such as overpressure, ground vibration, fly rock, 

generation of dust, generation of fumes, and back break around blasting zone [2]. Thus, in order to avoid such 

undesirable effects, the accurate knowledge by predicting BIGV and thus taking control measures is becoming very 

popular among the scientists and researchers. Generally, BIGV is assessed and estimated by using three blast indexes 

such as peak particle velocity (PPV), and frequency and duration of blast. Among these three indices, PPV is the most 

frequently and commonly used index worldwide [3]. The peak particle velocity is nothing but the maximum speed 

attained by any individual particle during the course of blasting operation. At the time of blasting, the generated 

particle velocity in rock, have, three directional components, namely, transitional, vertical, and longitudinal. The 

vector sum of these three directional components is called Peak Vector Sum (PVS) [4]. 
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The knowledge of peak particle velocity (PPV) helps in designing the damage level prediction in many countries 

because it is the key concept for evaluating the potential of the damage, due to ground vibration as a result of blasting. 

To minimise damage potential of blasting in mining industry an accurate estimation of PPV is very essential, so that, 

appropriate safety precautions can be maintained. The intensity of PPV depends on many parameters namely, weight 

of charge, rock characteristics, ground water condition, and distance of vibration measurement point from blasting 

[5]. On the basis of various blasting results, many researchers and academicians have suggested that the induced peak 

particle velocity holds good correlation with distance of blast point from measuring point and weight of explosives 

charge which can be seen from the equation 1. Where, PPV is the peak particle velocity, D is the measuring distance 

from blast point, and is known as shot to monitoring distance, Q is charge per hole and K is the rock transmission 

factor. The constants ‘a’ and ‘b’ are known as site constants and depend on the geology, rock characteristics, and rock 

type of the area. The numerical value of ‘a’ varies within 0.5 and 1 whereas, ‘b’ lies in the range -1.5 to -1 [6]. 

 

𝑃𝑃𝑉 = 𝐾 × 𝐷𝑎 × 𝑄𝑏 (1) 

To maintain a safe blasting operation, it is crucial to control the induced ground vibration in order to prevent potential 

damage. This can be achieved by changing the safety approach from preventive to predictive measures. For these 

reasons, the accurate prediction of blast-induced peak particle velocity is necessary to understand future ground 

vibration scenarios. The primary goal of this work is to introduce an artificial neural network (ANN) for the prediction 

ground vibration induced due to blasting in terms of PPV. 

 
ANN is a type of artificial intelligence (AI) technique, which works like human neuronal system. ANNs do not require,  

between its inputs and outputs, any analytical relationships to predict the output, when input is given to it [7]. ANNs 

work like an intelligent hub which predicts the output by recognising the input pattern. The input pattern recognition 

is done by studying, analysing and inducing the inputs [8]. ANNs are equally efficient for classification and regression 

modelling, by getting trained with some data given to those along with outputs. Further, after training the developed 

and trained model can predict the outputs if inputs are provided to those [9]. 

The Data 

Table 1. Summary of Data Used 

 
Attribute Shot to Monitoring Distance(D) Charge Per Hole (Q) PPV 

count 200.000 200.000 200.000 

mean 775.000 1517.637 37.226 

std 289.037 353.894 28.234 

min 300.000 650.000 4.670 

25% 537.500 1250.000 16.237 

50% 775.000 1500.000 27.185 

75% 1012.500 1800.000 48.690 

max 1250.000 2950.000 142.910 

A data set comprising of 200 entries was used in this work, which has been recorded from 10 blasting quarry sites of 

Nigeria using seismograph [10]. The summary of the data set used has been presented in Table number 1. For 
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developing the ANN model, short to monitoring distance (D) and charge per hole (Q) are taken as input or independent 

variables, whereas, the measured PPV was taken as the output or dependent variable. The range, of D (in meters) was 

in between 300 and 1250, and for Q (in kg) it was in between 650 and 2950. The recorded PPV was in the range 4.670 

and 142.910. 

ANN Model 
The ANN model developed for this study has a 2-30-25-1 topology i.e. 2 input nodes, 2 hidden layers of 30 and 25 

nodes, and 1 output node. The developed model is a feed forward neural network, in which there is no back propagation 

of the information, the information only goes in one direction [11]. The input nodes were provided with the 

independent variables D and Q, and the output node was predicting the PPV. A total of 150 entries of the dataset were 

given for training and validating the model, of which 120 were used for training and 30 for validation. The model was 

tested using 50 entries, which were unknown to the model during its training. The inputs and outputs used for 

developing this model were standard scaled and presented in an array by using the NumPy and scikit-learn libraries 

of Python language [12]. 

 

 

 
Figure 1. Graphical Representation of the Developed ANN Model 

 

Analysis of the Outcomes 
To showcase the analytics of the collected input parameters (D, Q) and the output parameter (PPV), scaled distance 

(SD), which is a function of both the inputs, was calculated for each entries [13]. The scaled distance can be 

represented by the following equation 

𝑆𝐷 = 
𝐷

 
√𝑄 

 

(2)
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The plot between the scaled distance and PPV is shown in figure no 2. From the figure it can be clearly observed that 

the PPV is decreasing exponentially with increase in scaled distance. This can be attributed to the fact that, the 

vibration generated due to blasting gradually diminishes with distance. Further, having the knowledge of scaled 

distance, which is generally known before conducting any event of blasting, forecasting the ground vibration becomes 

simple. 

 
Figure 2. Plot between Scaled Distance (SD) and PPV 

The developed ANN model were tested using 50 entries of the dataset, the model performed well, considering the fact 

that, the blasting data was collected from 10 different quarries having different rock properties. The model has 

predicted the output with an accuracy of almost 78% with an R2 score of 0.7759. The mean squared error of the model 

was found to be 0.079. The measured values, collected from the field, versus the values, predicted by the model has 

been plotted and is shown in the figure no 3. 

 

Figure 3. Plotting of Measured and Predicted PPV 

 

 
Figure 4. Plotting of Residuals 
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Further, the residuals, which are the variation between the measured and predicted PPV, were plotted against the 

predicted PPV and is presented in figure no 4. From the figure, it is evident that the data is randomly distributed, and 

this distribution has supported the developed ANN model. 

 

Conclusions 

In order to control ground vibration induced due to blasting, prediction of PPV is a crucial factor to consider while 

designing blasting, The ANN model developed in this study for predicting PPV had predicted the dependent variable 

for different independent variables with an R2 score of 0.7759 and mean squared error of 0.079. Accuracy of the 

model can be further increased by using the data of homogeneous sites where blasting has been carried out. Further, 

this study can be used for forecasting the ground vibration prior to conducting the actual blasting, having the 

knowledge of the input variables. 
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