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ABSTRACT 

This paper explains the development of an artificial neural network (ANN) model for estimating the number of 
boulders resulting from the blasts in Limestone quarries. A number of ANN models are available for prediction of post-
blast rock fragmentation distribution but none is available to predict boulder count. A data base of three hundred blasts was 
created for the development of the model. The records in the data base were generated from the blasts carried out in four 
Limestone quarries which have similar geotechnical set up. These quarries adopt different blast practice. The data base 
consists of blast design parameters, explosive type and the boulder count. 191records out of three hundred were used to 
train a two-hidden layer back-propagation neural network model to predict boulder count resulting from the blasts. The 
boulder count was considered to be a function of nine independent parameters. The ANN program code was developed 
inMatLabR2012a. The network was trained using Levenberg-Marquardt algorithm as it provides the highest stability and 
maximum learning speed. The network was extensively analyzed to assess its performance with different transfer functions 
and the number of hidden layers to estimate the optimum network architecture. 77 data sets were used to validate the 
results of the trained neural network model and the remaining 32 datasets were used for testing the developed model. 
Predictions of boulder count by the ANN model were compared with those using a statistical model developed in SPSS 
statistics 20.0. It was observed that the prediction capability of the trained neural network model was found to be strong 
and it provides an easy option to the field engineers to optimize the blast design so that the boulder-count is the minimum. 
Diversity of the blast data in the similar geotechnical set up is one of the most important aspects of the developed model. 
The developed neural network model is suitable for practical use at the Limestone quarries having similar geotechnical set 
up. 
 
Keywords: artificial neural network, multiple regression, blasting, rock fragmentation, boulder count. 

 

INTRODUCTION 

Efficiency of the unit operations of quarrying viz. 

loading, transporting and crushing is the maximum with 
optimum rock fragmentation. Maximum efficiency 
minimizes the cost of production. Therefore optimum rock 
fragmentation is always one of the objectives in any 
production blasting. Rock fragmentation is said to be 
optimum if the rock needs no further treatment after the 
blast. A lot of research has already been conducted on the 
various aspects of the fragmentation with the sole 
objective of improving the same [1-2, 4-7, 17, 21-22, 24-
31, 34-35, 38, 43,45-49, 51, 61-62, 65-71, 74-75, 78]. It is 
reported that more than 20 factors affect the blast results 
[19]. These factors can be grouped in four different 
categories: rock geotechnical parameters such as density, 
hardness, compressibility; explosive parameters such as 
density, velocity of detonation; technical parameters such 
as delay interval, primer strength and location and 
geometrical parameters such as burden, spacing, and 
stemming [3]. A number of empirical models are available 
to estimate post-blast rock fragmentation resulting from a 
blast [9-11, 39, 42, 64]. Concept of ANN has been applied 
to model various aspects of blast-induced ground 
vibrations [32, 37, 55, 76], air overpressure [72], fly rock 
[54,57,79], back break [15, 20, 36, 56, 73], powder factor 
[32-33, 44], estimation of blast geometry [13, 52, 59,77], 
estimation of an appropriate type of explosive [12], 
estimation of fragmentation [3, 15-16, 40-41, 50, 53, 58, 
63, 80-81] etc. A critical analysis of the models indicates 
that the modeling using ANN is beneficial in rock blasting 

where a large number of affecting variables and their 
complicated mutual dependence sometimes create 
difficulties in the application of empirical modeling. 
Outputs of the developed ANN based fragmentation 
models have been expressed either as the fragment size or 
as the sieve analysis. Practicing mining engineers not only 
make use of this form of the output to evaluate the 
fragmentation but at the same time they are also interested 
in knowing the boulder count so that they can plan the 
secondary breakage operations. Extensive literature survey 
has indicated that no ANN model is available to predict 
the boulder count. Therefore an ANN model has been 
developed to predict the boulder count. The data sets 
required for the development of the model have been 
generated from the Limestone quarries. 
 

DESCRIPTION OF THE SITES 
The ANN model described in this paper has been 

developed from the blast records generated from Baikunth, 
Hirmi, Sonadih and Rawan Limestone quarries. The 
quarries are situated in Raipur district of Chhattisgarh 
province of India and are located within a radius of 20 km. 
The quarries have an overburden which is generally hard 
Laterite and Clay having a thickness from 4 m to 6 m. The 
deposits consist of horizontal, thick bedded Stromatolitic 
Limestone of Raipur Group. Patches of Dolomitic 
Limestone, Argillaceous Limestone and Shale are found 
associated with the deposits. The deposits are flat and their 
thickness ranges from 30 m to 35 m. The deposits are 
having three sets of joints. The joints are open and are 
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having an aperture of 2 mm to 5 mm. The joint surface is 
rough. The geotechnical properties of the deposits are 

summarized in Table-1. 

 
Table-1. Geotechnical properties of limestone deposits (*Mean values). 

 

Name of 

the 

quarry 

Uniaxial * 

compressive 

strength (M Pa) 

Density* 

(g/cc) 

Young’s * 

Modulus 

(G Pa) 

Porosity* 

(%) 

Vertical * 

spacing 

between 
joints (m) 

Horizontal* 

spacing 

between 
joints (m) 

Baikunth 38 2.25 46 6 1.0 0.6 

Rawan 43 2.38 49 5 1.5 0.9 

Sonadih 45 2.35 48 7 1.4 0.8 

Hirmi 44 2.40 50 5 2.0 1.0 

 
A perusal of the properties indicates that the 

deposits of the four quarries have a similar geotechnical 
set-up and can be considered as competent. The quarries 
are under active production stage and the winning is done 
using conventional drilling and blasting method. The holes 
are drilled in two to three rows on staggered pattern.    

Row to row delay with cord relays is maintained 
at 50 ms whereas the delay with shock tube initiation is 42 
ms. Blasts are carried out either with Ammonium Nitrate- 
Fuel Oil mixture (ANFO) or with Site-Mixed Emulsion 
(SME) Explosive. The other details of blast practice are 
given in Table-2. 

 
Table-2. Blast practice details. 

 

Name of 

the 

quarry 

Dia 

(mm) 
Spacing 

(m) 
Burden 

(m) 
Depth 

(m) 
Explosive 

type 
Primer 

Initiation 

method 

Secondary 

breakage 

method 

Baikunth 

115 5.0-6.0 3.0-4.0 

8.0 

ANFO 
Cartridge 

booster/Cast 
booster 

Cord 
relays 

Secondary 
blasting/ 

Rock 
breaker 152 6.5-7.0 4.5-5.0 SME Cast booster 

Shock 
tubes 

Rawan 152 7.0 4.0 8.0 SME Cast booster 
Shock 
tubes 

Rock 
breaker 

Sonadih 100 4.0 3.0 9.0 SME Cast booster 
Shock 
tubes 

Rock 
breaker 

Hirmi 

115 4.0 6.0 

8.0 

ANFO Cartridge 
booster/Cast 

booster 

Cord 
relays Rock 

breaker 
152 7.0 5.0 SME 

Shock 
tubes 

 

DATA COLLECTION 

It has been established by the research [8] that the 
order of influence of various parameters for the 
fragmentation in competent rocks is: 
 
a) Explosive energy per unit volume of rock mass, i.e. 

specific charge 
b) Explosive distribution within the rock mass 
c) Type of explosive 
d) Delay timing 
e) Joint system and its orientation with respect to blast 

direction. 
 

These findings have been the starting hypothesis 
for the selection of the input variables. Since the rock mass 
is competent; hence the specific charge has the most 
dominating role in deciding the quality of fragmentation. 
The specific charge is logically correlated with the number 

of holes/row, number of rows, average depth, average 
spacing, average burden and total quantity of explosive 
fired in one round. If all these parameters are considered 
separately for the development for the model; then one can 
assess the effect of variation in individual parameter on the 
boulder count, if required. This is why the individual 
parameters were considered instead of specific charge. On 
the similar considerations the type of the explosive 
replaces the VoD and the density of the explosive. The 
explosive distribution is represented by the diameter of the 
blast hole and the stemming height. The geotechnical 
parameters and the delay practice were similar in the 
referred mines hence they have not been considered as an 
input variable. This makes the model site specific. In order 
to use the model in different geotechnical environment 
and/or with different delay practice and with different 
criterion for oversize fragments; the model requires 
training, validation and testing with new blast records. 
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This is not a major problem as most of the mines maintain 
the records which are required for the operationalizing the 
model. Thus the input variables are number of holes per 
row, number of rows, average spacing, average burden, 
average depth, diameter, average stemming, type of the 
explosive and the total charge. The target variable is the 
boulder count. The maximum feed size of the crushers of 
the quarries is 1 m. Therefore the fragments having the 
size more than 1 m are considered as boulders. More than 
three hundred blast records were generated and assessed 
for their technical feasibility for multiple regressions 

modeling with SPSS. Subsequently, three hundred blast 
records were finalized for both statistical and ANN 
modeling. These three hundred records were divided in 
three groups. 191 records were used for training, 77 
records for validation and 32 for testing of the ANN 
model. The records used for training and validation of 
ANN model were used for the development of statistical 
model whereas the 32 records used for testing of the ANN 
and statistical models were same. The Range of the data 
used for the development of the models is presented in 
Table-3.

 
Table-3. Range of the data used for the development of models. 

 

Input variables 

Value 

Minimum Maximum Mean 
Standard 

Deviation 

Diameter, mm (D) 100 152 Not Applicable 

Average burden, m (B) 2.80 4.65 3.73 0.61 

Average spacing, m (S) 3.70 6.80 4.89 0.78 

Average depth, m (H) 7.00 9.75 8.66 0.61 

Average stemming, m (T) 2.60 4.30 3.33 0.39 

Number of holes/row (N) 9 57 25 8.13 

Number of rows (n) 2 3 Not Applicable 

Type of the explosive ANFO and SME 

Quantity of explosive fired per round, 
kg (Q) 

1287 9567 4109 1897 

Target variable 

Value 

Minimum Maximum Mean 
Standard 
Deviation 

Boulder count (N’) 39 250 122 45.82 

 
CONCEPT 

ANN mimics the function of human brain. Since 
its inception, ANN has become popular and applicable to 
various fields of science and technology to solve 
complicated simulation problems. The ANN is capable of 
calculating arithmetic and logical functions, generalizing 
and transforming independent variables to the dependent 
variables, parallel computations, nonlinearity processing, 
handling noisy data, function approximation and pattern 
recognition [3]. ANN is trained using a set of real inputs 
and their corresponding outputs. For a better 
approximation, sufficient number of datasets is required. 
Performance of the trained model is checked with part of 
the available data known as testing datasets. To find out 
the best possible network, various topologies are 
constructed and tested. The process of model training-
testing has to be continued until the optimum model with 
minimum error and maximum accuracy is achieved. A 
neural network has a layered structure, and each layer 
contains processing units or neurons. Input variables are 
placed in the input layer, whereas target variables are put 
in the output layer. The neurons in the hidden layers are 
the intermediate computation components (black box) of 

the system. All of the layers are connected to each other 
by weighted connections. Each neuron is connected to the 
neurons in the subsequent layer. However, there is no 
connection between the neurons of the same layer. In the 
training process, the interconnections among the neurons 
are initially assigned specific weights. The network would 
be able to perform a function by adjusting the initial 
weights. In the process of ANN training, an initial 
arbitrary value (weight) is assigned to the connections and 
then to combine all of the weighted inputs and generate 
the neuron output the formula depicted in equation (1) is 
applied: 
 
O = ∑xiwi + b                                                                  (1)         
 

Where, xi is the input; wi is the connection weight 
and b is the bias. 

The neuron output is mapped to actual output by 
the function indicated in equation (2), 
 
y = f (O) = f (∑xiwi + b)                                                  (2)         
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DEVELOPMENT OF ANN MODEL 
The ANN model described in this paper was 

developed using the syntax available in ANN tool box of 
MATLAB. A back-propagation neural network was 
selected due to its simplicity and uniform approximation 
of any continuous function. The number of neurons in the 
input layer was nine and the number of neurons in the 
output layer was one. The tool box provides a number of 
training functions and each is having its own advantages 
and disadvantages. The objective of the training function 
is to adjust the weights and the bias vectors so as to find 
the complicated relation between the input and output. The 
application of a training function depends on several 
factors, such as the complexity of the problem, the number 
of training samples, the structure of the network and error 
target. Levenberg–Marquardt (LM) algorithm is used for 

training the network because it has good generalization 
ability and has the capability of providing good 
predictions. LM algorithm provides a numerical solution 
to the problem of minimizing a function over a space of 
parameters of the function. Not only the first derivative 
information but also the second derivative information of 
the target function is used in the LM algorithm. It can 
dynamically adjust the convergence direction of iteration 
according to the iteration result, so its convergence speed 
is very fast. Generally, Log-Sigmoid ((Logsig), 
Hyperbolic tangent Sigmoid (Tansig), Positive Linear 
(Poslin) and Linear (Purelin) transfer functions are used in 
back propagation neural network (BPNN) [73]. These four 
transfer functions are considered for optimization. The 
optimization is ascertained by regression coefficients 
(Table 4 and Figure-1). 

 
Table-4. Regression coefficients obtained with various transfer functions. 

 

S. No. Transfer function 
Regression coefficients 

Training Validation Testing Overall 

1 Poslin 0.69 0.82 0.57 0.69 

2 Logsig 0.75 0.47 0.62 0.64 

3 Purelin 0.96 0.98 0.94 0.96 

4 Tansig 0.59 0.44 0.51 0.55 

 

 
 

Note- 1, 2, 3 and 4 indicate the serial numbers of the 
transfer functions indicated in Table-4. 

 
In the case of the multilayer network, which can 

be used for fitting or pattern recognition, the number of 
hidden layers is not determined by the problem, since any 
number of hidden layers is possible. The standard 
procedure is to begin with a network with one hidden 
layer. If the performance of the network is not satisfactory, 
then more number of layers can be used in the network. It 
would be unusual to use more than two hidden layers. The 
training becomes more difficult when multiple hidden 
layers are used which leads to slow convergence. The 
numbers of neurons in the hidden layers are determined by 

the complexities of the function that is being approximated 
or the decision boundaries that are being implemented. 
Unfortunately, we don’t normally know how complex the 
problem is until we try to train the network. The standard 
procedure is to begin with more neurons and then change 
it. The network was trained using different number of 
hidden layers and neurons. The regression coefficients 
were noted for each of the architectures. The architecture 
providing the maximum regression coefficient was 
selected for the prediction [23]. Asa result of optimization, 
a BPNN model (Figure-2) with one hidden layer with two 
neurons in it, Levenberg-Marquardt as training function 
and purelin function as transfer function is finalized. 
 

 
 

Figure-2. Developed artificial neural network. 
 

Testing of ANN model 
The model predicts the boulder count based on 

the input variables of 32 records comprising of ANFO 
blasts in 152 and 115 mm diameter holes. And, SME 
blasts in 152 and 100 mm diameter holes and the 
predictions are compared with target variables of these 32 
records. The predictive ability of the neural network is 
evident from Figures 3 and 4. 
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Figure-1. Regression coefficients obtained 
with various transfer functions 
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Figure-3. Curves obtained in MATLAB during training, validation and testing of the data sets. 
 

 
 

Figure-4. Regression lines obtained in MATLAB during training, validation and 
testing of the data set. 
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Sensitivity analysis 
Sensitivity analysis is carried out to assess the 

influence on each of the parameter on the predictions of 
ANN. The results are expressed as the strength of relations 
between the input and variables. Cosine amplitude method 
(CAM) is used to identify the most sensitive factors 
affecting boulder count. In this method, all of the data 
pairs are expressed in common X-space. The data pairs 
used to construct a data array X defined in equation (3) is 
 
X = {X1, X2, X3,...Xn}                                                      (3)                   
 

Each of the elements in the data array X is a 
vector of lengths of n, as shown in equation (4): 
 
Xi = {Xi1, Xi2, Xi3,…Xin}                                                  (4) 
 

Thus, each of the pairs is a point in n-dimensional 
space, where each point requires m coordinates for a full 
description. Each element of a relation, results in a pair 
wise comparison of two data pairs. The strength of the 
relation between the data pairs, and, is expressed by the 
membership function given in equation (5). 
 𝑟 = ∑ 𝑥𝑛= ∗𝑥√∑ 𝑥𝑛= ∗∑ 𝑥𝑛=                                                       (5) 

 
The analysis is carried and the order of the 

influence of various input variables on the predictions is 
depicted in Table-5 and Figure-5 shows the strength of 
relations of input variables and the order of influence of 
each of the input variable on the boulder count. 
 
Table-5. Order of the influence of various input variables 

on the predictions and the order of influence. 
 

S. No. Input variable 
Strength of 

relation 

1 No. of holes per row 0.82 

2 No. of rows 0.48 

3 Average spacing 0.72 

4 Average burden 0.78 

5 Average depth 0.92 

6 Diameter 0.76 

7 Average stemming 0.80 

8 Type of the explosive 0.50 

9 Total charge 0.81 

 

 
 

Figure-5. Strength of relations of input variables (1, 2, 
3etc indicate the serial number of variables shown 

in Table-5). 
 

Since the investigated rock mass is competent 
hence the variables pertaining to the specific charge viz. 
number of holes per row, number of rows, average 
spacing, average burden, average depth and total charge 
and those related to explosive distribution viz. average 
stemming and total charge are expected to show a major 
influence on the boulder count. Table 5 indicates that each 
of the concerned variables except the number of rows has 
an influence of more than 70% on the boulder count. A 
low value of the strength of relation is owing to the fact 
that the number of rows is either two or three and as such 
there is no substantial variation in this variable. As per the 
starting hypothesis; type of the explosive comes last in the 
order of the influence amongst the variables considered in 
this research. This fact is further corroborated by the 
findings and the type of the explosive has an influence of 
50 % on the predictions. The influence is less because 
there was not much variation in the type of the explosive 
and only ANFO and SME were available in this research. 
The benefits of the developed ANN model are: 
 
a) The model uses a limited number of input variables. 

The records of the required input and target variables 

are normally maintained in every mine. Requirement 

of a large number of records for training and 

validation of the model is therefore not a problem. 

b) The target variable i.e. boulder count helps to plan 

the secondary breakage operations properly. 

c) The delay practice and the geotechnical features can 

be incorporated in the model for prediction of 

boulder count. In such a case, the program can be 

easily modified to incorporate the changes. 
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d) The model can be used to assess the blast designs for 

minimizing the boulder count. 

The limitations of the developed ANN model are:  
a) The predictions of the model are site specific and in 

the present form; it can predict the boulder count 

accurately in respect of only those mines which have 

a similar rock mass and analogous delay practice. 

b) The model has been developed with target variable as 

boulder count which is; in this case; the fragments of 

size more than 1 m. Skewed predictions may be 

obtained, if the fragments of some other size are 

considered as boulders. 

c) MATLAB environment is necessary for the 

development of this ANN model and subsequent 

predictions. However, in the absence of the 

MATLAB; ANN program code can be developed for 

the prediction of the boulder count. 

 

DEVELOPMENT OF STATISTICAL MODEL 
The statistical model has been developed to 

validate the predictions by the developed ANN model 

since no model is available for validation that could 
predict the boulder count. The statistical model has been 
developed in SPSS environment using multiple regression 
analysis. Multiple regression analysis is widely used for 
prediction of various results in a complex phenomenon 
like rock blasting. The regression analysis establishes a 
statistical relationship between independent variables and 
a dependent variable in the form of a statistical model 
which is fitted to a set of experimental data. This method 
of modeling has been used for prediction of rock 
fragmentation [3, 15-16, 40-41, 50, 53, 58, 63, 73, 80-81]. 
The regression analysis can also be used for estimation in 
the variation of the dependent variable w.r.t. predictors. 
This can be ensured by using probability distributions t 
test and F test. A t test is used to know whether calculated 
effects are statistically significant or not. Referring the F 
tables, the degree of significance of the computed F value 
can be determined. F value is used to indicate whether the 
developed model is significant or not [14, 60]. Since the 
type of the explosive is a nominal variable; it was required 
to develop two separate models for ANFO and SME 
blasts. The relevant coefficients for the model are 
presented in Tables 5 and 6. The developed statistical 
models are as depicted in equations (6) and (7): 
For ANFO blasts: 

 𝑁′ = − . 𝑄𝑁𝐻 + . 𝑆𝐷 + . 𝐵𝐷 + . 𝑛 − . 𝐻 + . 𝑇 + . 𝑄 − .                  (6) 

 
For SME blasts: 
 𝑁′ = − . 𝑄𝑁𝐻 + . 𝑆𝐷 + . 𝐵𝐷 + . 𝑛 − . 𝐻 + . 𝑇 + . 𝑄 − .                  (7) 

 
It is seen from the regression equations that in 

case of ANFO and SME blasts; the independent variables 
of the multiple regression equation viz. total charge to the 
number of blast holes in a row and average depth of a blast 
hole are negatively correlated to the boulder count. This 
indicates that the boulder count depends upon the 
distribution of the explosive in a blast hole and a good 
distribution ensures fewer boulders. The boulder count is 
directly proportional to the average spacing to diameter 
ratio and average burden to diameter ratio which validates 
the basic blasting theory. The models further indicate that 

the average height of stemming column is directly 
proportional to boulder count which is a very well-known 
principle. The boulder count increases with total charge 
owing to the reason that boulder count increases with the 
volume of blasted in-situ rock mass and more rock is 
displaced with the increase in the total charge. The boulder 
count however reduces with the average depth. Table-6 
indicates the results of the significance tests carried out 
using t test. It indicates that all the variables except the 
average depth are statistically significant in the prediction 
of boulder count in case of both ANFO and SME blasts. 
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Table-6. Results of significance test for ANFO and SME blasts. 
 

Variables 
ANFO Blasts SME Blasts 

t Sig t Sig 

(Constant) -8.855 0.000 -5.799 0.000 

Total charge to the number of blast holes in a row and 
average depth of a blast hole 

-2.914 0.004 -3.605 0.004 

Average spacing to diameter 6.222 0.000 5.426 0.000 

Average burden to diameter 4.085 0.000 4.297 0.000 

Number of rows 3.194 0.002 7.907 0.002 

Average depth of the blast holes -1.537 0.126 -1.900 0.060 

Average height of stemming 7.729 0.000 3.677 0.000 

Total charge 24.499 0.000 42.000 0.000 

 
Testing of statistical model 

The testing of the models indicates that each of 
the predictors has its tolerance greater than 0.1 and the 
variance inflation factor for each of the independent 
variables is less than 10. Further, the Durbin-Watson 
statistic for the models on ANFO and SME blasts is 1.913 
and 1.836 respectively indicating the independence of the 
predictors. The residuals have also been found to have 
normal distribution and the P-P plots indicate the normal 
distribution of the residuals. It is therefore found that the 
proposed model has all the desirable properties as required 
for a statistical model. The statistical model developed for 
ANFO blasts indicates that the R is 0.979 and adjusted R2 
is 0.957. It means that 95.7% of the variance in the 
boulder count can be explained by the independent 
variables considered in this regression whereas in case of 

SME blasts the R is 0.984 whereas the adjusted R
2 is 

0.967. It means that 96.7% of the variance in the boulder 
count can be explained by the independent variables 
considered in this regression. The accuracy of the 
statistical model is corroborated by the F test. The test 
indicates that both the models in the present form are 
significant since p< 0.001. It validates the assumption of 
linearity between the dependent and independent 
variables. The predictions by ANN model and the 
statistical model are presented in Table 7 and Figures 6, 7 
and 8 represent the an overview of prediction capabilities 
of the two models against the actual boulder count, scatter 
obtained in actual boulder count and predicted boulder 
count by statistical model and scatter obtained in the 
predictions by ANN model and Statistical model 
respectively. 
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Table-7. Prediction results of boulder count by ANN and statistical model. 
 

S. No. Explosive used 
Actual boulder 

count 

Predicted 

boulder count by 

ANN 

Predicted 

boulder count by 

statistical model 

1 ANFO 94 125 93 

2 ANFO 99 119 98 

3 ANFO 148 137 140 

4 ANFO 128 131 120 

5 ANFO 113 123 110 

6 ANFO 110 120 109 

7 ANFO 144 134 138 

8 ANFO 135 139 130 

9 ANFO 139 132 138 

10 SME 70 71 72 

11 SME 61 47 51 

12 SME 88 102 90 

13 SME 39 23 33 

14 SME 45 24 48 

15 SME 66 50 62 

16 SME 91 89 86 

17 SME 94 100 99 

18 SME 84 89 89 

19 ANFO 126 121 106 

20 ANFO 129 120 109 

21 ANFO 90 98 89 

22 ANFO 51 53 49 

23 ANFO 64 82 71 

24 ANFO 60 68 92 

25 ANFO 88 106 90 

26 ANFO 64 75 82 

27 SME 130 110 133 

28 SME 152 131 146 

29 SME 100 83 111 

30 SME 112 102 119 

31 SME 107 95 114 

32 SME 135 111 131 
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Figure-6. An overview of prediction ability of the two models. 
 

 
 

Figure-7. Scatter obtained between the actual boulder count and the predicted boulder count by ANN. 
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Figure-8. Scatter obtained between the predictions by ANN and statistical model. 
 

RESULTS 

Rock blasting is multi-faceted phenomenon, the 
results of which are affected are affected by the interaction 
of a number of uncontrollable parameters. It can therefore 
be safely said that an accuracy of more than 80 % in the 
predictions of boulder count is sufficient. It is observed 
that the correlation coefficient between the actual boulder 
count and predicted boulder count by ANN is more than 
0.9; which can be considered as satisfactory. It was also 
found that in case of an ANN model; an accuracy of more 
than 80 % was achieved in 24 predictions out of 32. The 
accuracy was less than 80% but was around 75 % in four 
predictions out of 32 cases. It is difficult to state the exact 
cause of unexpected variation in the predicted boulder 
count in the remaining four cases as blasting is a complex 
phenomenon and the results can be affected because of 
unexpected changes in uncontrollable parameters. The 
boulder count may vary because of the unforeseen 
presence of subsurface cracks/fissures, due to unexpected 
localized changes in the elastic properties/joint properties, 
etc. The predictions by ANN and the statistical model are 
in close agreement. The coefficient of correlation between 
the actual boulder count and the predicted boulder count 
by the statistical model exceeds 0.9 and the value of the 
same between predictions by ANN and the statistical 
model is around 0.9. The test of significance indicated that 
in case of ANFO and SME blasts; all the variables except 
the average depth added statistically significantly to the 
prediction of boulder count with p< 0.05. The statistical 
model has been developed to ascertain the accuracy of 
predictions by the ANN model which has nine input 
variables. The selection of these variables is based on the 
well-established research findings [8] and the presentation 

of full model is the best method to reflect the range of 
predictors investigated [18]. Therefore the average depth 
which is the statistically insignificant predictor has been 
retained in the proposed statistical models. The accuracy 
of the statistical model is corroborated by the F test. The 
test indicates that both the models in the present form are 
significant since p< 0.001. 
 

CONCLUSIONS 

The artificial neural network seems to be a 
competence measure to predict rock fragmentation. In this 
study, a new ANN model was established to predict 
boulder count in rock blasting. The new model is a BPNN 
with two hidden layers with two neurons in each of the 
hidden layer. The model uses LM training algorithm and 
purelin transfer function. The model indicated an overall 
high correlation coefficient of 0.96. The correlation 
coefficient between actual and predicted number of 
boulder count was more than 0.90. The performance of the 
model was validated using a statistical model developed in 
SPSS which also showed a correlation coefficient around 
0.9. A perusal of the results indicated that majority of the 
predictions by two models were in close agreement. It can 
therefore be concluded that the developed ANN model has 
satisfactory predictive abilities. The sensitivity analysis of 
the ANN model indicates that the spacing, burden and 
stemming have substantial influence on the boulder count. 
Further, the tests of significance indicate that the explosive 
distribution, height of stemming column and the ratios of 
spacing and burden to diameter are statistically significant 
in case of both ANFO and SME blast models. Due 
attention is therefore required to be paid to maintain the 
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accuracy in drilling and charging the blast holes so that the 
boulder count can be minimized in the referred quarries. 
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