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Abstract In this study, an attempt has been made to

evaluate and predict the blast-induced ground vibration by

incorporating explosive charge per delay and distance from

the blast face to the monitoring point using artificial neural

network (ANN) technique. A three-layer feed-forward

back-propagation neural network with 2-5-1 architecture

was trained and tested using 130 experimental and moni-

tored blast records from the surface coal mines of Singareni

Collieries Company Limited, Kothagudem, Andhra

Pradesh, India. Twenty new blast data sets were used for

the validation and comparison of the peak particle velocity

(PPV) by ANN and conventional vibration predictors.

Results were compared based on coefficient of determi-

nation and mean absolute error between monitored and

predicted values of PPV.
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1 Introduction

Drilling and blasting is one of the most economical

methods used for the exploitation of economic minerals

from the earth’s crust. A huge amount of money spent on

mechanical breaking of rock and an increasing number of

innovations, aimed at enabling expensive machines to cope

up with hostile conditions, attest to the problems in the

future of blasting and a hope that an economical replace-

ment can be found. It takes a lot of energy to break rock.

Energy in a blast, which is not used for rock breakage, is

wasted in the form of ground vibration, air blast, fly rock,

noise, dust dispersion, back break, etc. [6]. An extensive

amount of research has been done to determine the safe

levels of vibrations.

The ill effects of blasting, i.e., ground vibrations, air

blasts, fly rocks, back breaks, noises, etc., are unavoidable

and cannot be completely eliminated, but certainly can be

minimized up to a permissible level to avoid damage to the

surrounding environment with the existing structures

[9, 10, 27]. Among all the ill effects, ground vibration is a

major concern to the mine planners, designers and envi-

ronmentalists [6]. A number of researchers have suggested

various methods to minimize the ground vibration level

during blasting. Ground vibration is directly related to the

quantity of explosive used and the distance between the

blast face and the monitoring point, as well as geological

and geotechnical conditions of the rock units in the exca-

vation area.

Geological and geotechnical conditions and the distance

between the blast face and the monitoring point cannot be

altered, but only one factor, i.e., quantity of explosive, can

be estimated based on certain empirical formulae proposed

by different researchers [1, 2, 5, 14, 21] to limit ground

vibrations to a permissible limit. An appropriate and
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rock-friendly blasting can be the only alternative to the

smooth progress of the rock removal process.

For a greater applicability of these characteristics to

blasting, a lot of work has been carried out to find and

suggest a definite model, which can be rock friendly.

Progress has been made in recent years in the ability to

predict the peak particle velocity (PPV), but the state of the

art is deficient in many ways. On the basis of detailed

investigation, a viable approach for the prediction is nec-

essary, and an artificial intelligence (AI) comes in handy to

fulfill this approach.

The artificial neural network (ANN) is a new branch of

intelligence science and has developed rapidly since the

1980s. Nowadays, ANN is considered to be one of the

intelligent tools to understand the complex problems.

Neural network has the ability to learn from the pattern

previously acquainted. Once the network has been trained,

with sufficient number of sample data sets, it can make

predictions, on the basis of its previous learning, about the

output related to new input data set of similar pattern [12].

Due to its multidisciplinary nature, ANN is becoming

popular among researchers, planners, designers, etc., as an

effective tool for the accomplishment of their work.

Therefore, ANN is being successfully used in many

industrial areas as well as in research.

Maulenkamp and Grima [17] developed a model by

which uniaxial compressive strength can be predicted from

Equotip hardness. It has been reported that the prediction

of uniaxial compressive strength by ANN is closer to the

measured values. It is indicated by the consistency of the

correlation coefficient for the different test sets. Yang and

Zhang [28] investigated the point load testing with artificial

neural network. Cai and Zhao [3] used ANN for tunnel

design and optimal selection of the rock support measure

and to ensure the stability of the tunnel. Singh et al. [24]

predicted the strength property of schistose rocks by neural

network.

The stability of the waste dump from the dump slope

angle and dump height was investigated by Khandelwal

and Singh [11]. They found very realistic results compared

to the other analytical approach. Maity and Saha [16]

assessed the damage in the structures from changes in the

static parameters with the neural network. Singh et al. [23]

predicted the P-wave velocity and anisotropic properties of

rocks with the neural network.

Khandelwal and Singh [8] predicted the air overpressure

from distance and sound pressure level using neural net-

work and compared the findings with the United States

Bureau of Mines (USBM) predictor (cube root-scaled

distance) and multi-variate regression analysis (MVRA)

equation. They found better results with ANN than with

USBM and MVRA predictions. Tawadrous [26] used back-

propagation neural network to predict the burden and

spacing of the blast pattern using rock type, stratification,

blasthole diameter, bench height, type of explosive, prim-

ing position, powder factor and fragmentation size. He

trained the network using 43 case histories collected from

the various literatures and validated it with 16 cases from

operational quarries. He found very high correlation for the

prediction of burden and spacing by ANN. Neaupane and

Adhikari [20] predicted the ground movement around

tunnels using ANN. Surface settlement above a tunnel and

horizontal ground movement due to a tunnel construction

were predicted with the help of tunnel diameter, depth to

the tunnel axis, normalized volume loss, soil strength,

groundwater characteristics and construction methods. The

output variables were settlement and trough width.

Parameters for the prediction of horizontal ground move-

ment included diameter to depth ratio, unit weight of soil

and cohesion. The network demonstrated a promising

result and predicted the desired goal fairly successfully.

Monjezi and Dehghani [19] used ANN to study the back

break at an iron ore mine of Iran, taking into consideration

the burden, spacing, stemming, bench height, powder fac-

tor, pattern geometry, holes per row and rows per blast.

Khandelwal and Singh [10] also studied the blast vibration

and frequency using rock, blast design and explosive

parameters with the help of ANN and compared their

results with multi-variate regression analysis.

Mohamed [18] applied ANN for the prediction and

control of blast vibration in a limestone quarry of Egypt.

He used three different models having 1 parameter (scaled

distance), 2 parameters (distance between blast face and

monitoring point and maximum explosive charge per

delay) and 15 input parameters (hole diameter, burden,

spacing, bench height, hole inclination, maximum explo-

sive charge per delay, total explosive per blast, explosive

density, rock density, porosity, compressive strength,

modulus of elasticity, distance between blast face and

monitoring point, velocity of detonation and propagation

wave velocity) to predict the PPV and found that the ANN

model, which was based on the 15 number of inputs

parameters gives better prediction of PPV over single or

two input parameters. He also established that different

models of neural networks give much better prediction of

PPV than the scaling law model.

These applications demonstrate that the neural network

models are superior in solving problems in which many

complex parameters influence the process and results that

are not fully understood and where historical or experi-

mental data are available. The prediction of blast-induced

ground vibrations is also of this type.

In the present investigation, few important and widely

used conventional vibration predictors have been used to

predict the peak particle velocity (PPV) and computed

results are compared with actual field data. The same
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input–output data sets have been also used for the predic-

tion with artificial neural network (ANN). The basic idea is

to find the scope and suitability of the ANN for prediction

of PPV over the widely used conventional vibration

predictors.

2 Mechanism of ground vibration

When an explosive charge detonates in the blast hole,

intense dynamic stresses are set up around it due to

sudden acceleration of the rock mass by the detonating

gas pressure on the wall of the blast hole. The strain

waves transmitted to the surrounding rock sets up a wave

motion in the ground [5]. The strain energy carried out

by these strain waves fragments the rock mass due to

different breakage mechanisms, such as crushing, radial

cracking and reflection breakage in the presence of a free

face. The crushed zone and radial fracture zone encom-

pass a volume of permanently deformed rock. When the

stress wave intensity diminishes to the level, where no

permanent deformation occurs within the rock mass (i.e.,

beyond the fragmentation zone), strain waves propagate

through the medium as elastic waves, oscillating the

particles through which they travel (Fig. 1). These waves

in the elastic zone are known as ground vibration, which

closely conform to the visco-elastic behavior. The wave

motion spreads concentrically from the blast site in all

the directions and gets attenuated due to spreading of

fixed energy over a greater mass of material and away

from its origin [4]. Though the ground vibration attenu-

ates exponentially with distance, due to the large quantity

of explosive, it can still be high enough to cause damage

to buildings and other man-made and natural structures

by causing dynamic stresses that exceed the material

strength [25].

3 The study area

The field study was conducted at three different open cast

coal mines, namely PK OCP-III, GDK OCP-II and JVR

OCP-I of the Sinagreni Collieries Company Limited

(SCCL), Andhra Pradesh, India. The SCCL area is mostly

covered by limestone of Pakhals in the western and

southern parts and slowly grades into the sandstone of the

Gondwana series in the northeasterly direction. The other

geological units found within the project area are Talcher

and Barakars. Kamthis are observed away from the project

area in the northern and eastern directions.

The limestone is massive, flaggy and at places striking

in the NW–SE direction, dipping toward NE with a dip

amount varying from 35� to 40�. At the contact zone

between limestone and sandstone, calcareous beds are

observed that grades into sandstone. The sandstone is soft

and coarse-grained. The various units of lower Gondwana

abut each other in different directions due to structural

disturbances in that area.

In general, this area consists of soft soil up to 2 m depth,

followed by medium to coarse-grained gray sandstone

overburden along with shale and thick coal bands of

varying thickness of 17.67–49.58 m. The thickness of he

top seam varies from 1.4 to 4.4 m, and the bottom seam

thickness varies from 2.75 to 5.07 m. The partition thick-

ness consists of mostly medium-grained gray sandstone

and varies from 4.87 to 13.0 m.

4 The philosophy of artificial neural network

Artificial neural network (ANN) is a branch of the ‘artifi-

cial intelligence’, which also includes case-based reason-

ing, expert systems and genetic algorithms. The Classical

statistics, Fuzzy logic and Chaos theory are also considered

to be related fields. ANN is an information processing

system simulating the structure and functions of the human

brain. It is a highly interconnected structure that consists of

many simple processing elements (called neurons) capable

of performing massively parallel computation for data

processing and knowledge representation. The neural net-

work is first trained by processing a large number of input

patterns and the corresponding output. The neural network

is able to recognize similarities, when presented with a new

input pattern after proper training and predicting the output

pattern.

Neural networks are able to detect similarities in inputs,

even though a particular input may never have been known

previously. This property allows its excellent interpolation

capabilities, especially when the input data is noisy (not

exact). Neural networks may be used as an alternative for

auto correlation, multivariable regression, linear regression,Fig. 1 Ground vibration due to blasting
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trigonometric and other statistical analysis techniques. A

particular network can be defined using three fundamental

components: transfer function, network architecture and

learning law [13, 22]. One has to define these components,

depending on the problem to be solved.

4.1 Network training

A network first needs to be trained before interpreting new

information. A number of algorithms are available for

training of neural networks, but the back-propagation

algorithm is the most versatile and robust technique. It

provides the most efficient learning procedure for multi-

layer neural networks. Also, the fact that back-propagation

algorithms are especially capable of solving predictive

problems makes them popular [17]. The feed-forward back-

propagation neural network (BPNN) always consists of at

least three layers: input layer, hidden layer and output layer.

Each layer consists of a number of elementary processing

units, called neurons, and each neuron is connected to the

next layer through weights, i.e., neurons in the input layer

will send their output as input to neurons in the hidden layer

and similar is the connection between the hidden and output

layer. The number of hidden layers and neurons in the

hidden layer change according to the problem to be solved.

The number of input and output neurons is the same as the

number of input and output variables.

To differentiate between the various processing units,

values called biases are introduced in the transfer functions.

Except for the input layer, all neurons in the back-propa-

gation network are associated with a bias neuron and a

transfer function. The bias is much like a weight, except

that it has a constant input of 1, while the transfer function

filters the summed signals received from this neuron. These

transfer functions are designed to map the net output of a

neuron or layer to its actual output. The application of these

transfer functions depends on the purpose of the neural

network. The output layer produces the computed output

vectors corresponding to the solution [12].

During training of the network, data are processed

through the input layer to the hidden layer, until it reaches

the output layer (forward pass). In this layer, the output is

compared to the measured values (i.e., the ‘‘true’’ output).

The difference or error between both is propagated back

through the network (backward pass) updating the indi-

vidual weights of the connections and the biases of the

individual neurons. The input and output data are mostly

represented as vectors called training pairs. The process as

mentioned above is repeated for all the training pairs in the

data set, until the network error converges to a threshold

defined by a corresponding function, usually the root mean

squared error (RMS) or summed squared error (SSE).

In Fig. 2, the jth neuron, in the hidden layer, is con-

nected to a number of inputs

xi ¼ x1; x2; x3; . . .; xnð Þ: ð1Þ
The net input values in the hidden layer will be:

Netj ¼
Xn

i¼1

xi wij þ hj ð2Þ

where xi input units, wij weight on the connection of the ith

input and jth neuron, hj bias neuron (optional), and n

number of input units.

So, the net output from the hidden layer is calculated

using a logarithmic sigmoid function

Oj ¼ f ðNetjÞ ¼ 1=1þ e�ðNetjþhjÞ: ð3Þ

The total input to the kth unit is:

Netk ¼
Xn

j¼1

wjk Oj þ hk ð4Þ

where hk bias neuron, wjk weight between jth neuron and

kth output.
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So, the total output from kth unit will be

Ok ¼ f Netkð Þ: ð5Þ

In the learning process, the network is presented with a

pair of patterns, an input pattern and a corresponding

output pattern. The network computes its own output

pattern using its (mostly incorrect) weights and thresholds.

Now, the actual output is compared with the desired output.

Hence, the error at any output in layer k is

el ¼ tk � Ok ð6Þ

where tk desired output, and Ok actual output.

The total error function is given by:

E ¼ 0:5
Xn

k¼1

ðtk � OkÞ2: ð7Þ

Training of the network is basically a process of arriving

at an optimum weight space for the network. The steepest

descent error surface is made using the following rule:

rWjk ¼ �g ðdE
�
dWjkÞ ð8Þ

where g learning rate parameter, and E error function.

The update of weights for the (n ? 1)th pattern is given

as:

Wjk nþ 1ð Þ ¼ Wjk nð Þ þ rWjk nð Þ: ð9Þ

Similar logic applies to the connections between the

hidden and output layers [12]. This procedure is repeated

with each pair of training case. Each pass through all the

training patterns is called a cycle or epoch. The process is

then repeated with as many epochs as needed until the error

is within the user-specified goal. A schematic representation

of the whole process is shown in Fig. 3 [19].

5 Data set

One of the most important stages in the ANN technique is

data collection. The data was divided into training and

validation data sets using sorting method to maintain sta-

tistical consistency. Data sets for validation were extracted

at regular intervals from the sorted database and the

remaining data sets were used for training and testing. In

the present study, 150 blast vibration records were moni-

tored at different vulnerable and strategic locations in and

around the mines as per ISRM [7] standards, among which

20 data sets were chosen for validation of the network. The

range of maximum explosive charge used per delay and

distance of monitoring point from the blasting face is 75–

6,000 kg and 35–8,400 m, respectively, whereas the range

of PPV is 0.31–92.30 mm/s. A list of sample data for

training and validation of the model is given in Tables 1

and 2, respectively.

6 Network architecture

Feed-forward back-propagation neural network architec-

ture (3-5-1) is adopted due to its appropriateness for the

identification problem. Pattern matching is basically an

input/output mapping problem. The closer the mapping, the

better is the performance of the network.

A three-layer feed-forward back-propagation neural

network was developed to predict the PPV. The input layer

has two input neurons and the output layer has one neuron,

while the hidden layer comprises five hidden neurons

(Fig. 4). Training and testing of the network was carried

Yes If the error of 
ting is declintes ed

No

Finish

Data selection for training
and testing

Normalization of data 

Testing

Training

Incomplete data filtering

Data gathering

Start

Fig. 3 ANN process flowchart [19]

Table 1 Sample training data set used for training the ANN

S. No. Qmax (kg) Distance (m) PPV (mm/s)

1. 750 450 4.51

2. 300 200 9.14

3. 237.5 420 4.64

4. 64 250 6.16

5. 3,350 530 6.76
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out using 130 cases, whereas validation of the network was

performed using 20 different cases.

All the input and output parameters were scaled between

0 and 1. Equation 10 was used for the scaling of input and

output parameters.

Scaled value ¼ maximum value� unscaled valueð Þ=
maximum value�minimum valueð Þ ð10Þ

The architecture of the network is tabulated below:

1. No. of input neurons: 2

2. No. of output neurons: 1

3. No. of hidden layers: 1

4. No. of hidden neurons: 5

5. No. of training epochs: 700

6. No. of training datasets: 130

7. No. of validation datasets: 20

8. Error goal: 0.0

7 Testing and validation of the ANN technique

To test and validate the ANN model, a data set, which was

not used while training the network, was employed. The

results are presented in this section to demonstrate the

performance of the networks. Coefficient of determination

(CoD) and mean absolute error (MAE) between the pre-

dicted and measured values is taken as the measure of

performance.

As the Bayesian interpolation [15] was used, there was

no danger of over-fitting or under-fitting problems. Fig-

ure 5 illustrates the measured and predicted PPV on the 1:1

slope line. All predicted data points were well within the

1:1 slope line. This clearly indicates the ability of ANN for

the prediction of PPV. Here, CoD is as high as 0.919,

whereas MAE is 0.352.

8 Prediction by conventional predictors

Table 3 illustrates the various available conventional

vibration predictor equations proposed by different

researchers [1, 2, 5, 14, 21]. The site constants were

determined from the multiple regression analysis of the

previously mentioned 130 cases. The calculated values of

site constants for the various predictor equations are given

in Table 4.

Figures 6, 7, 8, 9 and 10 illustrate the relationship

between the measured and predicted PPV by conventional

predictor equations on a 1:1 slope line with their respective

CoD. Here, CoD varies between 0.225 and 0.591. It is

maximum for the Ambraseys–Hendron predictor, while

minimum for the Langefors–Kihlstrom predictor.

9 Results and discussion

Figure 11 shows a comparison between predicted PPV by

ANN and conventional predictor equations. Here, predic-

tion by ANN is closer to the measured PPV, whereas

prediction by conventional predictors has a wide variation.

Table 2 Sample testing data set used for evaluating the optimized

ANN

S. No. Qmax (kg) Distance (m) PPV (mm/s)

1. 4,500 1,340 0.671

2. 812.5 1,850 0.507

3. 1,487.5 60 141.51

4. 253.1 745 1.17

5. 68.8 600 1.08

wjk

wij

Output Layer (k)

Ground Vibration

Hidden Layer (j)

Input Layer (i) 

Max. Charge per Delay 

Distance

Fig. 4 Suggested ANN for the

case study
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All the conventional predictors have site-specific con-

stants and these are not able to predict the safe charge for

even other similar geo-mining conditions. The value of site

constants also varied as the ground conditions changed.

Fig. 5 Measured versus ANN predicted PPV

Table 3 Different conventional predictors

Name Equation

USBM (Duvall and Petkof 1959) v = K (R/HQmax)-B

Langefors–Kihlstrom (1963) v = K [H(Qmax/R2/3])B

Ambraseys–Hendron (1968) v = K [R/(Qmax)1/3]-B

Bureau of Indian Standard [2] v = K [(Qmax/R2/3])B

CMRI Predictor [21] v = n ? K (R/HQmax)-1

v Peak particles velocity (PPV) (mm/s), Qmax maximum charge per

delay (kg), R distance between blast face to vibration monitoring

point (m), K, B, and n site constants

Table 4 Calculated values of site constants

Equation Site constants

K B n

USBM 166.34 1.291

Langefors–Kihlstrom 0.93 0.857

Ambraseys–Hendron 1,093.96 -1.424

Bureau of Indian Standard 0.929 0.428

CMRI predictor 165.9 -3.284

Fig. 6 Measured versus predicted PPV by USBM predictor

Fig. 7 Measured versus predicted PPV by Langefors–Kihlstrom

predictor

Fig. 8 Measured versus predicted PPV by Ambraseys–Hendron

predictor

Fig. 9 Measured versus predicted PPV by Bureau of Indian Standard

predictor

Fig. 10 Measured versus predicted PPV by CMRI predictor
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Moreover, these are derived based on only two parameters,

i.e., maximum charge per delay and the distance from the

monitoring point to the blast face. These empirical pre-

dictors are based on the linear relation between scaled

distance and PPV. If the safe charge of explosive is cal-

culated based on the above predictors, certainly one may

face problems in controlling the ground vibration. This

may, sometimes, result in either under or overestimation of

the explosive requirement. The uses of any predictor

without validation would cause damage to the surrounding

and hinder the smooth working of the mine.

It can be seen that ANN demonstrates superiority over

conventional vibration predictors. Table 5 shows the CoD

and MAE of PPV predicted by ANN and conventional

predictors. The prediction capability of ANN is quite

remarkable and compares well to field observations.

10 Conclusions

Based on the study, it is established that the feed-forward

back-propagation neural network approach seems to be the

better option for close and appropriate prediction of PPV to

protect the surrounding environment and structure. The use

of any predictor without validation may invite further

complications in the smooth conduct of mining operations.

This study indicates that all conventional predictors used in

the study either overestimate or underestimate the safe

explosive charge that keeps the PPV under a safe limit.

Both the predictions are not appropriate for the site, where

populations reside in close vicinity of the mine. ANN

results indicate very close agreement for the PPV with the

field data sets as compared to conventional predictors. By

adopting the ANN technique, PPV can be predicted prior to

the blast. The blast design can be modified accordingly, so

that any nuisance due to the blast can be minimized, as well

as higher utilization of explosive energy can also be

achieved. If more numbers of data sets are used in ANN,

the prediction will be more accurate, because it does not

follow the over-fitting and under-fitting law of curves as in

the case of vibration predictors.

Considering the complexity of the relationship among

the inputs and outputs, the results obtained by ANN are

highly encouraging and satisfactory. ANN could learn new

patterns that were not previously available in the training

data set. ANN can also update knowledge over time as long

as more training data sets are presented and can process

information in parallel. Therefore, the technique results in a

greater degree of accuracy than any other analysis tech-

niques. Hence, the technique proves to be economical and

easier in comparison to tedious expensive experimental

work.
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