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Abstract 
I n h a r d r o c k excavat ion , d r i l l i n g a n d b l a s t i n g is c o m m o n l y used f o r l o o s e n i n g r o c k . 
O p t i m u m r o c k f r a g m e n t a t i o n d u e to b l a s t i n g is desirable f o r d o w n s t r e a m o p e r a t i o n 
p r o d u c t i v i t y . E n v i r o n m e n t a l i m p a c t s d u e to b l a s t i n g consist of f l y r o c k , g r o u n d 
v i b r a t i o n , a ir over pressure ( A O p ) . Blast p e r f o r m a n c e depends u p o n m a i n l y 3 factors 
cons i s t ing of r o c k mass p r o p e r t i e s , blast d e s i g n a n d explosives sys tem u t i l i s e d . 
M e a n f r a g m e n t size is c o m m o n l y u s e d for r o c k f r a g m e n t a t i o n analysis . D u r i n g 
1960-80, blast p e r f o r m a n c e w a s e v a l u a t e d u s i n g e m p i r i c a l m e t h o d s . W i t h 
a d v a n c e m e n t of c o m p u t i n g p o w e r d u r i n g the last t w o decades, v a r i o u s 
c o m p u t e n t i o n a l techniques hav e been d e v e l o p e d f o r p r e d i c t i n g fly r o c k distance, 
peak par t i c l e v e l o c i t y , a ir over pressure w i t h v a r i o u s i n p u t p a r a m t e r s based o n set 
of blasts. T e c h n i q u e i n v o l v e s t r a i n i n g a n d tes t ing blast da ta a n d c o m p a r i n g results 
w i t h d i f f e r e n t c o m p u t e n t i o n a l a l g o r i t h m . V a r i o u s c o m p u t e t n t i o n a l techniques 
cons i s t ing of A r t i f i c a l bee a l g o r i t h m ( A B C ) , A r t i f i c a l N e u r a l N e t w o r k ( A N N ) , F u z z y 
Interface System (FIS), G A Genet ique a l g o r i t h m ( G A ) , I m p e r i a l i s t C o m p e t i t i v e 
A l o r i t h m ( I C A ) , Part icle S w a r m O p t i m i z a t i o n (PSO), S u p o o r t Vector M a c h i n e ( 
S V M ) f o r p r e d i c t i n g blast p e r f o r m a n c e are r e v i e w e d . Presently , v a r i o u s 
c o m p u t e n t i o n a l techniques are us t i l se d b y researchers. This paper f u r t h e r discusses 
h o w these techniques can be i m p l e m e n t e d at o p e r a t i n g m i n e s b y m i n i n g engineers, 
b l a s t i n g t e a m f o r p r e d i c t i n g blast p e r f o r m a n c e . 
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System, Genet ique a l g o r i t h m . I m p e r i a l i s t C o m p e t i t i v e A l o r i t h m , Part icle S w a r m 
O p t i m i z a t i o n , S u p o o r t Vec tor M a c h i n e 

1. Introduction 
Blas t ing is m o s t effect ive technique 
used for several decades f o r b r e a k i n g 
rock i n c i v i l e n g i n e e r i n g projects . 
W h e n e v e r a n y explos ives is d e t o n a t e d 
ins ide the d r i l l ho le , a large a m o u n t of 
energy is ins taneous ly released i n the 
f o r m of w a v e s i n the g r o u n d a n d gases 

are released i n the a ir [1] . For b r e a k i n g 
r o c k o n l y 20 to 30% of energy released 
is u s e d to create f r a g m e n t a t i o n , t h r o w 
f o r f u r t h e r excavat ion a n d rest of 
energy is w a s t e d i n the f o r m of f l y 
rock , g r o u n d v i b r a t i o n , air 
overpressure a n d d u s t [2-4] . For the 
m i n i n g engineer , i t is chal lenge to 
achieve o v e r a l l objectives of b l a s t i n g 
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t h r o u g h o p t i m u m p o w d e r factor w i t h 
desired f r a g m e n t a t i o n a n d m i n i m i z i n g 
e n v i r o n m e n t a l i m p a c t s d u e to b l a s t i n g 
a n d also m i n i m i z i n g o v e r a l l m i n i n g 
cost. O p t i m u m r o c k f r a g m e n t a t i o n 
d u e to b l a s t i n g is desirable f o r 
d o w n s t r e a m o p e r a t i o n p r o d u c t i v i t y 
consis t ing of l o a d i n g , h a u l i n g , 
c r u s h i n g a n d g r i n d i n g . D u r i n g 1960-
80, v a r i o u s researchers have t r i e d to 
p r e d i c t b las tab i l i ty w h i c h is 
suscept ib i l i ty to break r o c k t h r o u g h 
v a r i o u s e m p e r i c i a l equat ions [5] . 
H o w e v e r , the p r e d i c t i o n results are far 
f r o m actual results. W i t h the 
advancement of c o m p u t a n t i o n a l 
p o w e r a n d so f tware p r o g r m m i n g , i t is 
possible to p r e d i c t v a r i o u s blast 
per formance parameters cons i s t i ng of 
blast f r a g m e n t a t i o n , f l y rock , g r o u n d 
v i b r a t i o n a n d air over pressue d u e to 
b las t ing . Technique i n v o l v e s t r a i n i n g 
a n d tes t ing blast data a n d c o m p a r i n g 
results w i t h d i f f e r e n t c o m p u t a n t i o n a l 
a l g o r i t h m s . T h i s paper r e v i e w s v a r i o u s 
soft c o m p u t a n t i o n a l techniques f o r 
p r e d i c t i o n of blast p e r f o r m a n c e . 

2. General Defintions and 
Concepts 

2.1 Flyrock 
I n opencast bench b las t i ng , f l y r o c k is 
n o t a des ired p h e n o m e n o n w h i c h is 
excessive t h r o w of a n y p o r t i o n of r o c k 
f r o m the b l a s t i n g face [6-8]. 
I d e n t i f i c a t i o n a n d d e m a r c a t i o n of 
danger zone d u e to b l a s t i n g is 
i m p o r t a n t d u e to the hazards 
associated w i t h d a m a g e to the 
p r o p e r t y , serious b o d i l y in jur ies a n d 
fatal i t ies d u e to f l y r o c k accidents. The 
major factors c o n t r i b u t i n g to f l y r o c k 
are hole d iameter , inadequate 
s t e m m i n g , i n a p p r o p r i a t e delays, 
misf i res , excessive c h a r g i n g d u e to 
v o i d s or h i g h e r p o w d e r factor , 
mis f i res , geological s t ructures a n d 
rock mass proper t ies . [9-11]. Acc idents 
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d u e to f l y rocks are caused as a resu l t 
of lack of k n o w l e d g e a n d i n c o m p t e n c y 
or h i g h e r conf idence i n j u d g i n g 
f l y r o c k distance, inadequate secur i ty 
arrangements to g u a r d a n y p e r s o n 
e n t e r i n g i n t o danger zone of b l a s t i n g 
[12-14]. 

2.2 G r o u n d Vibra t ion 
I t depends u p o n m a x i m u m charge per 
de lay a n d the distance f r o m the 
b l a s t i n g face. M a n y e m p i r i c a l 
p r e d i c t o r equat ions have been 
d e v e l o p e d b y m a n y researchers o n 
these t w o parameters [15-18]. F i g u r e 1 
s h o w s h o w p r i m a r y a n d secondary 
surface waves d u e to the blast , 
t r a n s m i t g r o u n d v i b r a t i o n s to the 
s t ruc ture . 

Figure 1 - Ground vibration due to 
blasting [8] 

G r o u n d v i b r a t i o n is m e a s u r e d i n m m / 
second. G r o u n d v i b r a t i o n can cause 
s t r u c t u r a l damage . V a r i o u s countr ies 
have d e v e l o p e d the i r o w n s tandards 
f o r g r o u n d v i b r a t i o n l i m i t s . H u m a n 
can perceive 100 t imes m o r e as 
c o m p a r e d to d a m a g e c r i t e r ia d u e to 
g r o u n d v i b r a t i o n . For e x a m p l e , 
d a m a g e cr i ter ia for concrete s t ruc ture 
is 50 m m / second of g r e o u n d 
v i b r a t i o n d u e to b l a s t i n g . Person can 
detect a n y g r o u n d v i b r a t i o n of 0.5 
m m / second. G r o u n d v i b r a t i o n is a 
m a j o r annoyance t o nearby h u m a n 
sett lements a r o u n d mines . For 
a t t e n d i n g a n y c o m p l a i n t d u e to blast 
g r o u n d v i b r a t i o n can be c h a l l e n g i n g 
task f o r a n y m i n e m a n a g e m e n t . 
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2.3 Airblast Over Pressue or 
Airblast ( A B O P ) 
I t is the air blast over pressure created 
d u e to blasts. These shock w a v e s are 
caused b y a c o m b i n a t i o n f r o m one to 
several factors : release of energy 
direc t f r o m the surface, a relase of 
i n a d e q u a t e l y c o n f i n e d gases a n d a 
shock f r o m a large free face, gas 
release pulse d u e to escaping of gases 
t h r o u g h r o c k fractures a n d pulse f r o m 
s t e m m i n g c o l u m n d u r i n g e ject ion of 
s t e m m i n g [19-22]. A i r overpressure 
f r o m b l a s t i n g consists of a w i d e range 
of frequencies , some of w h i c h are 
sensed b y the people as noise, w h i l e 
the l o w f requency c o m p o n e n t (< 20 
H z ) causes concussion. H i g h e r air over 
pressure is created w i t h m e t h o d s of 
b l a s t i n g such as plaster or p o p 
s h o o t i n g as secondary b l a s t i n g , use of 
d e t o n a t i n g cords . D o w n - t h e - h o l e 
i n i t i a t i o n sys tem such as N O N E L a n d 
electronic detonators reduce air o v e r 
pressure. 

2.4 Fragmentation 
I t is represented b y m e a n f r a g m e n t 
size or 80% of m a x i m u m f r a g m e n t 
size. F r a g m e n t size is i m p o r t a n t as i t 
affects d o w n s t r e a m p r o d u c t i v i t y of 
l o a d i n g , h a u l i n g a n d c r u s h i n g 
operat ions . F r a g m e n t a t i o n is affected 
m a i n l y b y r o c k mass p r o p e r t i e s , blast 
des ign a n d instaneous e n e r g y released 
d u r i n g b l a s t i n g [23-24]. 

3. Computentional techniques 
V a r i o u s c o m p u t e n t i o n a l technquies 
w h i c h are c o m m o n l y used f o r s o l v i n g 
c o m p l e x e n g i n e e r i n g a n d scientif ic 
p r o b l e m s are descr ibed b e l o w : 

3.1 Art if ic ial Neural Network 
( A N N ) 
Since 1980, A N N has become p o p u l a r 
to resolve c o m p l e x p r o b l e m s . A N N is 
a p a r t of A r t i f i c i a l In te l l igence , a l o n g 

w i t h Case Based Reasoning, E x p e r t 
Systems a n d Genetic A l g o r i t h m s . 
Classical stat ist ical theories - F u z z y 
Logic a n d Chaos t h e o r y are re la ted 
f ie lds . This m e t h o d o l o g y is i n s p i r e d b y 
h o w h u m a n b r a i n f u n c t i o n t o take 
a p p r o p r i a t e decis ions. Th i s is 
cons idered to be a n ' i n t e l l i g e n t t o o l ' , i n 
w h i c h the n e t w o r k ' learns ' to establish 
pat terns f r o m o l d , establ ished data. 
Based o n the p r e v i o u s l e a r n i n g , n e w 
i n p u t data is analysed b y the sys tem to 
p r e d i c t o u t p u t s [25] . Basically, the 
A N N is a n i n f o r m a t i o n process ing 
sys tem that is s i m i l a r to the h u m a n 
b r a i n i n s t ruc ture a n d f u n c t i o n s . 
D u r i n g the process of s t u d y i n g , 
m e m o r i z i n g a n d reasoning , the 
h u m a n b r a i n , creates a c o m p l e x 
n e t w o r k tha t are connected together 
f o r process ing v a r i o u s tasks. H u m a n 
b r a i n p e r f o r m s b y i n t e r c o n n e c t i n g a 
large n u m b e r of s i m p l e process ing 
u n i t s ca l led N e u r o n s , i n t o a p a t t e r n , 
capable of p e r f o r m i n g data process ing 
a n d k n o w l e d g e representat ions . 
S i m i l a r l y , the A N N at tempts a d i rec t 
m o d e l l i n g of the f u n c t i o n s of h u m a n 
b r a i n [26] . A N N can be precisely 
des igned f o r a n y specific p r o b l e m to 
be s o l v e d , u s i n g three f u n d a m e n t a l 
c o m p o n e n t s [27]: 

• Transfer F u n c t i o n 
• N e t w o r k A r c h i t e c t u r e 
• L e a r n i n g L a w 

I n o r d e r to i n t e r p r e t n e w data , the 
n e u r a l n e t w o r k needs to be t r a i n e d i n 
p a t t e r n r e c o g n i t i o n f i rs t . There are 
n u m b e r of m e t h o d s a n d a l g o r i t h m s 
avai lable f o r t r a i n i n g n e u r a l n e t w o r k s . 
Back P r o p a g a t i o n N e u r a l N e t w o r k 
( B P N N ) is m o s t c o m m o n l y u s e d a n d 
consists of 3 layers : i n p u t , h i d d e n a n d 
o u t p u t [28]. I n the process, the n e u r o n s 
i n the H i d d e n Layer u n d e r g o cer ta in 
changes. These changes d e p e n d o n the 
p r o b l e m to be s o l v e d a n d the n u m b e r 
of n e u r o n s tha t change are the same as 
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the n u m b e r of i n p u t a n d o u t p u t 
variables i n the p r o b l e m . A 'Transfer 
F u n c t i o n ' determines the changes 
t a k i n g place i n the neurons a n d the 
extent of the changes are d e t e r m i n e d 
b y 'biases' tha t are i n t r o d u c e d i n each 
of the layers. Biases are l i k e w e i g h t s , 
b u t have a constant n u m b e r of 1 . A l l 
neurons i n the B P N N , except for the 
h i p u t Layer , are cormected to a bias 
n e u r o n a n d a transfer f u n c t i o n . The 
transfer f u n c t i o n acts l i k e a f i l t e r f o r 
the s u m m a t i o n of the signals rece ived 
f r o m the d i f f e r e n t n e u r o n s . The 
transfer f u n c t i o n is de s i gne d to m a p 
the o u t p u t rece ived f r o m a set of 
neurons or layer of n e u r o n s , to the 
pre - recorded actual o u t p u t a n d 
establish a p a t t e r n . 

3.2 Support Vector Machine 
( S V M ) 
These are superv i sed l e a r n i n g m a c h i n e 
models that analyze data used f o r 
classif ication a n d regress ion analysis 
u s i n g l e a r n i n g a l g o r i t h m s . S V M 
t r a i n i n g a l g o r i t h m b u i l d s a n o n -
probabi l i s t i c b i n a r y l inear classifier. 
The s u p p o r t vector c l u s t e r i n g 
a l g o r i t h m appl ies the statistics of 
s u p p o r t vectors to classify u n l a b e l e d 
data. I n p a t t e r n r e c o g n i t i o n , the S V M 
a l g o r i t h m constructs n o n l i n e a r 
decis ion f u n c t i o n s b y t r a i n i n g a 
classifier to p e r f o r m a l inear 
separat ion i n some h i g h d i m e n s i o n a l 
space that is n o n l i n e a r l y re la ted t o 
i n p u t space. To general ize the S V M 
a l g o r i t h m for regression analysis , a n 
analog of the m a r g i n is cons t ruc ted i n 
the space of the target va lues . Several 
extensions of th i s a l g o r i t h m are 
possible. F r o m an abstract p o i n t of 
v i e w , i t is j u s t needed target f u n c t i o n 
that depends o n the vector . There are 
m u l t i p l e degrees of f r e e d o m f o r 
c o n s t r u c t i n g th is f u n c t i o n , i n c l u d i n g 
some f r e e d o m h o w to penal ize , or 

r e g u l a r i z e , d i f f e r e n t par ts of the 
vector , a n d some f r e e d o m h o w t o use 
the k e r n e l t r i c k . F i n a l l y , the a l g o r i t h m 
can be m o d i f i e d u s i n g u s i n g as p r i m a l 
object ive f u n c t i o n to get f i n a l results 
[31]. 

3.3 Art i f ic ia l Bee C o l o n y ( A B C ) 
Algor i thm 
I t is f o r o p t i m i z i n g c o m p l e x 
e n g i n e e r i n g p r o b l e m s t h r o u g h 
i n t e l l i g e n t e x p l o r i n g b e h a v i o u r of 
h o n e y bee s w a r m s w h i c h can be 
s i m u l a t e d [32] . C o l o n y bees are 
d i v i d e d to three categories: e m p l o y e d , 
o n l o o k e r s a n d scouts [33] . I n i t i a l l y , 
scout bees search h o n e y as f o o d 
source. C o n t i n u o u s o n l o o k e r bees are 
at h i v e d u r i n g searching p e r i o d . 
E m p l o y e d bees p e r f o r m " w a g g l e 
dance , " w h e n a h i g h q u a l i t y h o n e y is 
f o u n d . C o m m u n i c a t i o n a m o n g scout 
bees a b o u t the f o o d sources q u a l i t y 
occurs i n the d a n c i n g area a n d h o n e y 
as f o o d soruce is selected. I n the A B C 
a l g o r i t h m , a possible s o l u t i o n of the 
p r o b l e m can be o p t i m i z e d b y f i n d i n g 
the q u a n t i t y of nector i n a f o o d source 
w h i c h corresponds to the q u a l i t y of 
the s o l u t i o n [34] . 

3.4 Genetic Algor i thm 
Genetic a l g o r i t h m ( G A ) is a b r a n c h of 
A I a n d e v o l u t i o n a r y a l g o r i t h m s a n d is 
one of the m o d e r n approaches of 
n u m e r i c a l o p t i m i z a t i o n t h a t is based 
o n Charles D a r w i n ' s t h e o r y of 
" s u r v i v a l of the f i t t e s t " a n d " n a t u r a l 
se lec t ion" . T h i s m e t h o d w a s f i r s t 
d e v e l o p e d b y H o l l a n d [35] d u r i n g 
1960s a n d t h e n d e v e l o p e d b y 
G o l d b e r g [36] . "The process of G A 
a l g o r i t h m starts w i t h a r a n d o m 
g e n e r a t i o n of c h r o m o s o m e s . T h e n , the 
f i tness of i n d i v i d u a l c h r o m o s o m e s i n 
the g e n e r a t i o n w i l l be e v a l u a t e d . The 
select ion opera tor s i m i l a r to D a r w i n ' s 
n a t u r a l select ion tha t gives m o r e 
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chance to better so lu t ions a n d less 
chance to w o r s e so lut ions i n the next 
generat ion , w i l l be a p p l i e d o n the 
i n d i v i d u a l s . I n the f o l l o w i n g , b y 
a p p l y i n g genetic operators ( m u t a t i o n 
a n d crossover) o n the r e m a i n i n g 
c h r o m o s o m e s , the next genera t ion of 
c h r o m o s o m e s is created. Crossover is 
the m a i n opera tor tha t selects t w o 
p a r e n t c h r o m o s o m e s r a n d o m l y a n d 
swaps a segments of t h e m w i t h each 
other . N e w l y created c h r o m o s o m e s 
are k n o w n as c h i l d r e n . M u t a t i o n is 
another genetic operator tha t can 
select c h r o m o s o m e s r a n d o m l y i n the 
suggested range (e.g., 1 ? 0). Th i s 
process is repeated u n t i l the s t o p p i n g 
c o n d i t i o n s (the m a x i m u m n u m b e r of 

genera t ion or des i red v a l u e for the 
best s o l u t i o n ) are m e t [35-40] . 

4. IVIethodology 
Figure 2 i l lustates g r o u n d v i b r a t i o n 
a n d air overpressure as target blast 
p e r f o r m a n c e parameters to be 
p r e d i c t e d . The i n p u t parameters are 
selected based o n l i t e r a t u r e r e v i e w 
f r o m p r e v i o u s research re la ted to 
g r o u n d v i b r a t i o n a n d airblast . There 
are n i n e i n p u t parameters selected 
cons is t ing of hole d e p t h , charge per 
de lay , b u r d e n to spac ing r a t i o , 
s t e m m i n g l e n g t h , s u b d r i l l i n g , p o w d e r 
factor , R Q D %, distance f r o m blast , 
a n d n u m b e r of holes. A N N s t ruc ture is 
des igned w i t h one h i d d e n layer . 

Hole depth 

Chjrge per delay 

Burden to spacing ratio 

Stemming length 

Subdrilling 

Powder ficUxr 

RQD% 

Distance 

Number of hole* 

Input data Hidden layer Output 
Figure 2 - Example of A N N network predicting PPV and A O p 

PPV 

AOf 

A t least 100 data sets as i n p u t data 
parameters are selected w i t h 
c o r r e s p o n d i n g o u t p u t data . O n e of the 
a l g o r i t h m say genetic a l g o r i t h m ( G A ) 
is selected. R a n d o m data sets (60% of 
to ta l data set) are selected f o r t r a i n i n g 
data a n d R^ a n d R M S E va lues are 
d e t e r m i n e d u s i n g des igned A N N 

s t r u c t u r e . The same m o d e l is selected 
f o r t es t ing the data a n d R2 a n d RMSE 
values are d e t e r m i n e d . Based o n these 
values s u i t a b i l i t y of the m o d e l is 
d e c i d e d . The same process is repeated 
u s i n g another a l g o r i t h m say a r t i f i c i a l 
bee c o l o n y ( A B C ) . A m o n g t w o m o d e l s 
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best m o d e l is selected for p r e d i c t i o n . 
S imi lar process is a d o p t e d f o r 
p r e d i c t i o n of other blast p e r f o r m a n c e 
parameters of f l y r o c k a n d 
f r a g m e n t a t i o n . 

5. Discussion on Review of 
Prediction Results 
M a n y researchers have u t i l i z e d 
var ious c o m p u t e n t i o n a l techniques for 
p re sd ic t ion of blast p e r f o r m a n c e 
consist ing of f l y r o c k , g r o u n d 
v i b r a t i o n , a i rover pressure a n d rock 
f r a g m e n t a t i o n . These techniques are 
r e v i e w e d i n th i s paper . 

5.1 Flyrock Prediction 
Table 1 s h o w s p r e d i c t i o n of f l y r o c k 
d u e to b l a s t i n g u s i n g c o m p u t a t i o n a l 
techniques cons is t ing of A N N , A N N -
G A , A N N T C A , A N N - P C O , FIS a n d 
S V M . I n p u t r o c k mass parameters are 
r o c k d e n s i t y , rock mass r a t i n g a n d 
compress ive s t rength . I n p u t blast 
d e s i g n parameters are ho le d iameter , 
spac ing , b u r d e n , s p a c i n g - b u r d e n r a t i o , 
s t e m m i n g l e n g t h , ho le l e n g t h a n d ho le 
d e p t h . I n p u t explos ives re la ted 
parameters are p o w d e r factor , 
m a x i m u m charge per de lay a n d 
specific charge per de lay . 272 average 
n u m b e r of datasets ana lysed a n d R2 
v a l u e v a r i e d f r o m 0.89 to 0.98. 

Table 1- Prediction of flyrock due to blasting using computational techniques 

Ref. Technique 
I n p u t parameters 

N o . of 
datasets 

R2 Ref. Technique Rock 
Mass 

Blast d e s i g n Explos ives O t h e r 
N o . of 

datasets 
R2 

[411 A N N R D HD,BS,ST,SD P F , C 250 0.98 
[42] FIS R D HD,S,B,ST,SD PF,C 490 0.98 
[43] A N N HD,BS,ST,D,B,SD PF,C 192 0.97 
[44] A N N - G A R M R H D , S , B , S T „ S D PF,C 195 0.89 

[45] 
A N N 

HL,S,B,ST,D PF 245 
0.92 

[45] 
S V M 

HL,S,B,ST,D PF 245 
0.97 

[46] A N N R D HD,BS ,ST ,N,SD PF,C 39 0.97 

[47] 
A N N -

PSO 
R D S,B,ST,D,N,SD PF,C 44 0.94 

[48] A N N H D , S , B , D , C 310 0.98 
[49] S V M HL,S,B,ST.SD PF 187 0.95 

[50] A N N - I C A R D H D , BS, ST, 113 0.98 

[51] A N N 
R Q D , 

B, ST q 95 0.98 

[52] A N N H L , S, B, ST P F , C 230 
0.94 
0.95 

FIS 
A N N - A r t i f i c a l n e u r a l n e t w o r k , FIS-
F u z y interface system, G A - Genetic 
a l g o r i t h m , PSO- Particle s w o r m 
o p t i m i z a t i o n , I C A - I m p e r a i l i s t 
c o m p e t i t i v e a l g o r i t h m , S V M - S u p p o r t 
vector machine , PSO- Particle s w o r m 
o p t i m i z a t i o n , R D - Rock d e n s i t y , R M R -
Rock mass r a t i n g , R Q D - Rock q u a l i t y 

des ignat i on , Oc- C o m p r e s s i v e s t r e n g t h , 
H D - H o l e d e p t h , H L - H o l e l e n g t h , S-
Spacing, B- B u r d e n , D - H o l e d i a m e t e r , 
BS- Spac ing to b u r d e n r a t i o , ST-
S t e m m i n g l e n g t h , SD- Specific d r i l l i n g , 
N - N u m b e r of r o w s , PF- P o w d e r 
factor , C- M a x i m u m charge per d e l a y 
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5.2 G r o u n d Vibra t ion Prediction 

Table 2 i l lustrates p r e d i c t i o n of g r o u n d 
v i b r a t i o n d u e to b l a s t i n g u s i n g v a r i o u s 
c o m p u t e n t i o n a l techniques n a m e l y 
A N N , FIS, S V M , A N N - P S O a n d A N N -
FIS. Rock dens i ty , p r i m a r y v e l o c i t y , 
y o u n g ' s m o d u l u s are r o c k mass 
re la ted proper t i es . B u r d e n , spacing, 
hole d iameter , s t e m m i n g l e n g t h , ho le 
l e n g t h , spac ing b u r d n r a t i o , spac ing 
d iameter r a t i o are blast d e s i g n re la ted 

parameters . M a x i m u m charge per 
de lay , to ta l charge a n d p o w d e r factor 
are explosives re la ted paremeters . 
Distance f r o m blast face is i m p o r t a n t 
as g r o u n d v i b r a t i o n reduces w i t h 
increase i n distance. A v e r a g e n u m b e r 
of data sets u s e d w e r e 80. R^ v a l u e 
varies f r o m 0.85 to 0.99 f o r p r e d i c t i o n 
of g r o u n d v i b r a t i o n . 

Table 2 - Prediction of ground vibration due to blasting due to computational 
techniques 

Ref. Technique 
I n p u t parameters 

N o . of 
datasets 

R2 Ref. Technique Rock 
Mass 

Blast des ign Explos ives O t h e r 

N o . of 
datasets 

R2 

[53] A N N D I 44 0.98 
[54] FIS S T , N C D I 29 0.99 
[55] A N N H D , S T C D I 182 0.95 
[56] A N N C D I 130 0.92 

[57] A N N 
C D I 162 0.94 [57] 

FIS 
C D I 162 

0.90 
[58] FIS C D I 33 0.92 
[59] S V M c D I 32 0.89 

[44] S V M 
c D I 37 0.89 [44] 

A N N 
c D I 37 

0.85 
[60] FIS B, S, ST, N c D I 120 0.95 
[61] A N N C , T C D I 20 0.93 

[47] A N N -
PSO 

R D 
B, S, ST, D , 
SD 

C , P F D I 44 0.94 

[62] A N N - I C A V p , E BS, ST, C, PF D I 95 0.98 
[63] A N N H L , BS, ST, C D I 115 0.98 
For A N N , A N N - I C A , A N N PSO, FIS, S V M , B,S,ST,D,BS,HL,C,PF,TC refer Table 1. 
RD- rock d e n s i t y , V p - p r i m a r y v e l o c i t y , E- Y o u n g ' s m o d u l u s , D I - Distance f r o m 
blasting face. 

5.3 Air Over Pressure (Air Blast) n u m b e r of r o w s are blast des ign 
Prediction due to Blast ing parameters . M a x i m u m charge per 
A N N , A N N - P S O FIS a n d S V M are . de lay , p o w d e r factor are explosives 
c o m p u t e n t i o n a l techniques used f o r re la ted parameters , 
p r e d i c t i o n of air over pressure. R Q D is 
rock mass parameter w h i c h can affect 
A O p . Spacing, b u r d e n , h o l e d iameter , 
hole d e p t h , s t e m m i n g l e n g t h a n d 
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Table 3 - Prediction of air over pressure due to blasting due to computational 
techniques 

Ref. Technique 
Input parameters 

No. of 
datasets 

R2 Ref. Technique Rock 
Mass 

Blast design Explosives Other 
No. of 

datasets 
R2 

[64] A N N C D I 56 0.96 

[65[ 
A N N 

C D I 162 
0.92 

[65[ 
FIS 

C D I 162 
0.86 

[66] SVM C D I 75 0.85 

[67] A N N 
H D , S, B, N , D , 
ST 

PF 38 0.93 

[68[ ANN-PSO RQD H D , S, B, ST C PF D I 62 0.86 
(For A N N , A N N - F I S , A N N - P S O , S V M , B , S , ST, H D , D , C, PF refer Table 1 & Table 2 . ) 
R Q D - R o c k q u a l i t y des ignat ion . 

5.4 Prediction of Rock 
Fragmentation due to Blasting 
A N N , A N N - I C A , F I S a n d M V R A are 
c o m p u t e n t i o n a l techniques d e p l o y e d 
for p r e d i c t i o n of r o c k f r a g m e n t a t i o n . 
Rock dens i ty , b las tab i l i ty i n d e x , R Q D , 
GSI , m e a n b l o c k size are r o c k mass 
parameters . V a r i o u s rat ios cons i s t ing 
of b u r d e n to spac ing r a t i o , s t e m m i n g 
to b u r d e n r a t i o , b u r d e n to d i a m e t e r 

r a t i o , b e n c h h e i g h t t o d i a m e t e r ra t io i n 
a d d i t i o n a n d i n d i v i d u a l parameters 
are blast des ign parameters . M a x i m u m 
charge per de lay , p o w d e r factor are 
explos ives re la ted parameters . 
A v e r a g e n u m b e r of data sets are 2 3 3 
a n d R2 v a l u e v a r i e d f r o m 0 . 8 4 5 to 0 . 9 8 . 
M V R A s h o w e d least R^ v a l u e w a s least 
of 0 . 6 7 4 . 

Table 4 - Prediction of rock fragmentation due to blasting due to computational 
techniques 

Ref. Technique 
I n p u t parameters 

N o . of 
datasets 

R2 Ref. Technique Rock 
Mass 

Blast d e s i g n Explos ives O t h e r 
N o . of 

datasets 
R2 

[ 2 9 ] FIS R D B,S ,ST,N,SD,HD 4 1 5 0 . 9 6 

[ 3 0 ] A N N D , H D , B S , S T , N , C,PF 2 5 0 0 . 9 8 

[ 3 1 ] A N N B I D,B,S,ST,SD, C,PF 2 2 0 0 . 9 7 

[ 3 2 ] A N N B,S ,HD,SD, SC 1 0 3 0 . 8 5 

[ 3 3 ] 
A N N - I C A R Q D , 

X B 
B S , B / D , H / B , S T / B C 1 0 2 

0 . 9 4 9 
[ 3 3 ] 

A N N 
R Q D , 
X B 

B S , B / D , H / B , S T / B C 1 0 2 
0 . 9 4 1 

[ 3 4 ] 

A N N GSI, 
R Q D , 
X B 

B S , B / D , H / B , S T / B C, PF 7 8 

0 . 8 4 5 

[ 3 4 ] 
M V R A 

GSI, 
R Q D , 
X B 

B S , B / D , H / B , S T / B C, PF 7 8 
0 . 6 7 4 

(For A N N , A N N - I C A , R D , R Q D , B, S, BS, ST, N , BS, C, PF refer Table 1 , 2 a n d 3 ) 
M V R A - M u l t i v a r i a b l e regress ion analysis , B I - B las tab i l i ty i n d e x , X B - M e a n b l o c k size, 
GSI - Geologica l s t r e n g t h i n d e x . 

6. Conclusions 
E n v i r o n m e n t a l i m p a c t d u e to b l a s t i n g 
f l y r o c k , g r o u n d v i b r a t i o n , a ir o v e r 
pressure need to be p r e d i c t e d i n 

advance . Rock f r a g e m e n t a t i o n is 
i m p o r t a n t p e r f o r m a n c e i n d i c a t o r of 
b l a s t i n g for i m p r o v i n g p r o d u c t i v i t y i n 
m i n i n g o p e r a t i o n . Based o n v a r i o u s 
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researchers i n p u t parameters . A N N 
decides s t ruc ture con s i s t i ng of i n p u t 
layers, h i d d e n layers a n d o u t p u t . 
Processing of data is d o n e w i t h v a r i o u s 
a l g o r i t h m s . Best p r e d i c t e d v a l u e is 
selected f o r f u t u r e p r e d i c t i o n s . M o s t of 
the c o m p u t e n t a i o n a l techniques 
p r o v i d e g o o d v a l u e of p r e d i c t i o n w i t h 
R2 i n the range of 0.9 to 0.98. T h u s 
p r a c t i c i n g m i n i n g engineers can collect 
i n p u t data f o r i n d i v i d u a l blast f o r 100 
datasets a n d u t i l z e one of the 
c o m p u t a t i o n a l techniques f o r 
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