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Abstract 
G r o u n d v i b r a t i o n a n d a ir -b last over pressure are t w o s i g n i f i c a n t undes irables , 
a m o n g m a n y e n v i r o n m e n t a l r i sks , i n o p e n - p i t m i n i n g . G a i n i n g c o n t r o l over the 
g r o u n d v i b r a t i o n s generated b y r o c k blasts h a d been d i f f i c u l t m a i n l y d u e to the 
complex i t i es i n v o l v e d w i t h loca l geo logy a n d p r o p e r t i e s of the blast . A c c o r d i n g l y , 
ex i s t ing e m p i r i c a l equat ions are o n l y capable of m a k i n g v a g u e a p p r o x i m a t i o n s o n 
the v i b r a t i o n frequencies based o n site-specific parameters a n d a t t e n u a t i o n factor. 
Therefore , the avai lable m o d e l s cannot be genera l ized t o d i f f e r e n t g e o - m i n i n g 
e n v i r o n m e n t s t o o b t a i n s u f f i c i e n t l y re l iable forecasts f o r g r o u n d v i b r a t i o n a n d a i r -
blast overpressure . Hence , th i s s t u d y a t t e m p t s to e m p l o y a n A r t i f i c i a l N e u r a l 
N e t w o r k ( A N N ) based f e e d - f o r w a r d b a c k - p r o p a g a t i o n a l g o r i t h m t o t r a i n a m o d e l , 
u s i n g a s upe r v i s e d l e a r n i n g technique to forecast possible g r o u n d v i b r a t i o n 
frequencies. T he m a i n i n p u t parameters i n c l u d e d i n the m o d e l are noise leve l , 
n u m b e r of boreholes per s ingle blast, d e p t h a n d d i a m e t e r of a borehole , charge per 
hole , n u m b e r of delays of the Electric Detonators (ED) i n a s ingle blast, b u r d e n a n d 
spacing. A i r blast overpressure a n d the g r o u n d v i b r a t i o n levels w i l l be the o u t p u t 
b y A N N m o d e l . The m o d e l w a s v a l i d a t e d u s i n g 50 datasets, w h i c h w e r e o b t a i n e d 
f r o m a q u a r r y site. A f t e r adequate t r a i n i n g , the m o d e l can d e t e r m i n e Peak Part ic le 
V e l o c i t y (PPV) a n d f requency of G r o u n d V i b r a t i o n s (GV) f o r n e w i n p u t parameters 
w i t h a s tat is t ical ly s ign i f i cant conf idence l e v e l . 

Kejrwords : A N N , PPV, Rock b l a s t i n g . Surface m i n i n g 

1. Introduction 
Blas t ing operat ions i n opencast m i n i n g 
have been p r e f e r r e d as a n 
economica l ly feasible m i n i n g m e t h o d . 
These operat ions are c a r r i e d o u t e i ther 
as c o n t r o l l e d b l a s t i n g or as p r o d u c t i o n 
b las t ing . C o n t r o l l e d blasts are 
p r i m a r i l y e m p l o y e d t o generate cracks 
for the blast p r o p a g a t i o n or at the 
latter stages to t r i m of f the benches. 
P r o d u c t i o n blasts are u s e d t o e x p a n d 

the i n i t i a l l y d e v e l o p e d cracks a n d s p a n 
the d a m a g e thereby increas ing the 
y i e l d of the aggregates. Increas ing 
d e m a n d f o r aggregates o u t w e i g h s the 
e n v i r o n m e n t a l concerns, s u c h as the 
g r o u n d v i b r a t i o n s , noise a n d air 
p o l l u t i o n , t h a t emerge f r o m these 
b l a s t i n g operat ions . H o w e v e r , d u e to 
the p r o p e r t y damages a n d safety 
reasons, the effects of g r o u n d 
v i b r a t i o n s o n the s u r r o u n d i n g 
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e n v i r o n m e n t have been closely 
m o n i t o r e d b y re levant author i t i e s . 
The g r o u n d v i b r a t i o n (GV) can be 
measured i n terms of the peak par t i c le 
ve loc i ty (PPV), w h i c h is cons idered as 
a v i b r a t i o n i n d e x tha t defines the 
s t ruc tura l damage [1] . A v a i l a b l e 
e m p i r i c a l re la t ionships suggest tha t 
the m a x i m u m charge used per de lay 
a n d the distance f r o m the free face 
m a i n l y g o v e r n the PPV [2] . O t h e r 
parameters such as blast geometry , 
rock s t rength , a n d d i s c o n t i n u i t y 
condi t ions are n o t i n c l u d e d i n these 
e m p i r i c a l equat ions ; h o w e v e r , PPV 
va lue seems to be affected b y the 
v a r i a b i l i t y of these parameters . O n the 
other h a n d , f o u r i m p o r t a n t sources can 
cause air pressure w a v e s i n b l a s t i n g 
operat ions: the air pressure pulse , 
w h i c h results f r o m disp lacement of the 
rock at the bench face as the blast 
progresses; the r o c k pressure pulse , 
w h i c h is i n d u c e d b y g r o u n d v i b r a t i o n ; 
the gas release pulse , w h i c h results 
f r o m the escape of gases t h r o u g h r o c k 
fractures; a n d the s t e m m i n g release 
pulse, w h i c h results f r o m the escape of 
gases f r o m the blast hole w h e n the 
s t e m m i n g is ejected [3] . These a ir 
pressure waves are genera l ly d e f i n e d 
as air blast overpressure ( A B O P ) , 
w h i c h is q u a n t i f i e d i n terms of s o u n d 
a n d measured i n decibels (dB) or 
Pascals (Pa). Blast g e o m e t r y , explos ive 
charge w e i g h t per delay, the distance 
be tween the free face a n d the 
m o n i t o r i n g p o i n t , geological 
d iscont inui t ies , b l a s t i n g d i r e c t i o n , 
surface t o p o g r a p h y , a n d v e g e t a t i o n 
p r e d o m i n a n t l y g o v e r n the m a g n i t u d e 
of A B O P [4] . 

I n the recent years, there has been a 
g r o w i n g interest i n the m i n i n g 
i n d u s t r y to e m p l o y r o b u s t 
c o m p u t a t i o n a l m o d e l s to redef ine the 
classical e m p i r i c a l re la t ionships such 

as the ones used to p r e d i c t P P V a n d 
A B O P . I n th i s r e g a r d , a r t i f i c i a l n e u r a l 
n e t w o r k ( A N N ) techniques s h o w m o r e 
compl iance . I n m i n i n g a n d 
geotechnical i n d u s t r y , A N N has been 
used f o r o p t i m i z i n g the t u n n e l d e s i g n 
[5] , p r e d i c t i n g an iso t ropic p r o p e r t i e s 
of r o c k [6] , a n d e v a l u a t i n g the s t r e n g t h 
characteristics of rocks [7 ] . A N N has 
also been a p p l i e d to p r e d i c t PPV 
[8,9,10] a n d A B O P [11]; h o w e v e r , the 
o p t i m u m n e t w o r k archi tecture tha t 
m a x i m i z e s the accuracy l eve l has n o t 
been f u l l y u n d e r s t o o d . Th is p a p e r 
a t tempts to d e v e l o p d i f f e r e n t A N N 
based forecast ing m o d e l s f o r G V a n d 
A B O P e m p l o y i n g b las t -des ign 
parameters , a n d the distance of the 
m o n i t o r i n g locat ions f r o m the blast as 
i n p u t parameters . The p r e d i c t i o n 
accuracy of each m o d e l is c o m p a r e d to 
i d e n t i f y the best pract ice . 

2. IVIethodology 

2.1 Data collection 
The data w a s a c q u i r e d for the s t u d y 
f r o m a n o p e r a t i o n a l q u a r r y site 
a p p r o x i m a t e l y located 1.5 k m a w a y 
f r o m P a d u k k a t o w n i n the W e s t e r n 
Province , Sr i L a n k a . D o m i n a n t r o c k 
t y p e of the q u a r r y is i d e n t i f i e d as 
C h a n o k i t i c Gneisses c o m p r i s i n g 
G a r n e t a n d Q u a r t z . The data h a d been 
a c q u i r e d f o r t w o m o n t h s of o p e r a t i o n 
t i m e f r o m January t o F e b r u a r y 2018. 
The m i n e site has t w o locat ions t o 
r e c o r d the v i b r a t i o n data . The distance 
f r o m the blast hole to the o b s e r v a t i o n 
p o i n t (L m ) , n u m b e r of delays of the 
electric d e t o n a t o r i n a s ingle blast 
(EDn) , W a t e r G e l ( w ) , A N F O w e i g h t 
(wa) , charge per ho le (c) w e r e 
r e c o r d e d as the i n p u t data . M a x i m u m 
d e p t h of the borehole , the hole 
d iameter , average spacing, a n d the 
average b u r d e n w e r e observed to be 
constant values of 3 m, 38 m m , 1.30 m 
a n d 1.10 m respect ively . A B O P a n d 
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G V w e r e r e c o r d e d u s i n g a 
c o m p u t e r i z e d seismic a n d s o u n d 
r e c o r d i n g i n s t r u m e n t (Blastmate 
d i g i t a l s e i s m o g r a p h , m a d e i n Canada) . 
The m e a n (p) a n d the s t a n d a r d 
d e v i a t i o n (o) 500 records are g i v e n i n 
Table 1 . 

T a b l e 1 - T h e i n p u t parameters 
obtained from the quarry site 
I n p u t parameter \i a 
ED^ 18 2.9 
W a t e r G e l (kg) 2 2.0 
A N F O (kg) 17 3.3 
L ( m ) 300 30.8 
D (m) 52 9.3 
Charge per Blast H o l e (kg) 1 0.2 
G V ( m m / s ) 1 1.0 
A B O P (dB) 100 8.9 

data w e r e n o r m a l i z e d {X„orm) to o b t a i n 
a p o s i t i v e d i s t r i b u t i o n i n the range of 0 
to 1 to increase the c o n v e r g i n g 
accuracy, a n d hence the l e a r n i n g 
speed of the A N N m o d e l (Eq. 2). I n 
Eq.(2), Xmin a n d Xmax are the m i n i m u m 
a n d m a x i m u m values of the i n p u t data 
respect ively . 70% of the data samples 
(350 nos.) w e r e used to t r a i n the A N N 
m o d e l w h i l e 15% w a s used to v a l i d a t e 
the m o d e l . Separated 15% of the to ta l 
data w e r e used as r a n d o m test i n p u t s 
after the m o d e l c a l i b r a t i o n to ensure 
tha t the n e u r a l n e t w o r k w o u l d p r e d i c t 
the o u t p u t s at the o p t i m u m accuracy. 
Six n e u r o n s w e r e u s e d i n the i n p u t 
layer ; each i n p u t w a s connected to a 
n e u r o n . The n e t w o r k archi tecture is 
g i v e n i n F i g u r e 1 . 

2.2 ANN approach 
A r t i f i c i a l N e u r a l N e t w o r k s c o m p r i s e a 
co l lec t ion of code blocks tha t c o n t a i n 
i n s t r u c t i o n s m i m i c k i n g the 
m a t h e m a t i c a l f u n c t i o n a l i t y of a 
b i o l o g i c a l n e u r o n . A s ingle code b l o c k 
o f t e n r e f e r r e d to as a n e u r o n , can o n l y 
p e r f o r m a s ingle d e f i n e d m a t h e m a t i c a l 
o p e r a t i o n o n g i v e n i n p u t var iables to 
y i e l d a s ingle or m u l t i p l e o u t p u t 
variables . The n e u r o n s can s tat is t ica l ly 
o p t i m i z e the w e i g h t s that q u a n t i f y the 
in f luence of each i n p u t o n c a l c u l a t i n g 
the g i v e n o u t p u t var iables (eq. 1) b y 
m i n i m i z i n g the s t a n d a r d error . 

X = Y.XiWi-e E q . ( l ) 

w h e r e n is the n u m b e r of i n p u t s , a n d x, 
a n d w, denote the va lues of the i * 
i n p u t a n d w e i g h t , respect ively . 0 
represents the a l l o w a b l e biases-
( q u a n t i f i e d as the s t a n d a r d error ) i n 
the m o d e l . 

The i n p u t parameters a n d the o u t p u t 
parameters w e r e selected as 
represented i n F i g u r e 1 . The col lected 

Xnorm = / ' " ' ' f Eq.(2) 

The c o m p o n e n t s of a n e u r a l n e t w o r k 
f a l l i n t o three m a i n categories: the 
a c t i v a t i o n f u n c t i o n , the n e t w o r k 
archi tecture , a n d the l e a r n i n g l a w [7]. 
The a c t i v a t i o n f u n c t i o n a n d the 
l e a r n i n g l a w g o v e r n the m a t h e m a t i c a l 
o p t i m i z a t i o n of a g i v e n n e u r o n . 
T y p i c a l a c t i v a t i o n f u n c t i o n s i n c l u d e a 
l inear f u n c t i o n , s i g m o i d , or h y p e r b o l i c 
tangent . E m p l o y i n g a n a p p r o p r i a t e 
a c t i v a t i o n f u n c t i o n can s i g n i f i c a n t l y 
i m p r o v e the q u a l i t y of the A N N 
m o d e l i n i n f o r m a t i o n process ing 
o p e r a t i o n . The l e a r n i n g l a w is d e f i n e d 
to m i n i m i z e the s t a n d a r d error of the 
m o d e l [12]. 

T h e n e t w o r k archi tec ture defines the 
accuracy of a n A N N i n i d e n t i f y i n g the 
c o m p l e x corre la t ions b e t w e e n the 
i n p u t a n d o u t p u t var iables . The A N N 
n e t w o r k has three categories of n e u r o n 
layers: i n p u t , o u t p u t a n d h i d d e n 
layers. The a c t i v a t i o n f u n c t i o n projects 
the data f r o m the i n p u t layer to the 
h i d d e n layer (or layers) , w h i l e the f i n a l 
h i d d e n layer projects the i n f o r m a t i o n 
to the o u t p u t neurons . 
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Activation I Output 
function ^ function 

J . 

Linear Sigmoid Hyperbolic--
tangent 

Figure 1 - A conceptual A N N 
architecture w i t h the layers a n d 
activation functions 

The p r e d i c t i v e c a p a b i l i t y of a n A N N 
m o d e l ( learning) comes f r o m the 
t r a i n i n g m e t h o d tha t is used to 
statist ical ly m a t c h the r e l a t i o n s h i p 
be tween the g i v e n o u t p u t s a n d the 
i n p u t variables . The t r a i n i n g m e t h o d 
i n w h i c h b o t h the i n p u t data a n d 
o u t p u t data are f e d to the m o d e l is 
cal led the superv i sed t r a i n i n g . A m o n g 
m a n y d i s t inc t a l g o r i t h m s , feed 
f o r w a r d b a c k p r o p a g a t i o n (BP) stands 
o u t as the m o s t ef f ic ient , general , a n d 
s imple a l g o r i t h m u s e d for s u p e r v i s e d 
t r a i n i n g of m u l t i l a y e r e d A N N s (e.g.,[5, 
6]) . 

This s t u d y e m p l o y e d the BP t r a i n i n g 
m e t h o d avai lable i n M A T L A B n e u r a l 
n e t w o r k too lbox . The n o r m a l i z e d 
i n p u t data w e r e f e d to the i n p u t layer . 
Each of the six neurons d e t e r m i n e d its 
net w e i g h t e d i n p u t (eq. 1). W e i g h t e d 
i n p u t s w e r e t h e n presented to the 
h i d d e n layer to c o m p u t e the actual 
o u t p u t s , its w e i g h t s , a n d the o p t i m u m 
v a l u e of the m a t h e m a t i c a l f u n c t i o n . 
The dif ference b e t w e e n the p r e d i c t e d 
values a n d the actual data v a l u e w a s 
q u a n t i f i e d u s i n g the m e a n squared 
error (MSE). A N N w o u l d m i n i m i z e 
this error u s i n g the l e a r n i n g a l g o r i t h m 

[12] b y f e e d i n g the ad jus ted w e i g h t s 
b a c k w a r d , a n d t h e n f o r w a r d , f o r 1000 
epochs u n t i l the o p t i m u m m o d e l v a l u e 
w a s achieved. 

3. Results 
I n th i s s t u d y , f o u r c o m b i n a t i o n s of 
s i g m o i d a n d h y p e r b o l i c - t a n g e n t 
l e a r n i n g a l g o r i t h m s w e r e used i n the 
h i d d e n layer a n d the o u t p u t layer to 
evaluate the o p t i m u m c o m b i n a t i o n . 
These a l g o r i t h m c o m b i n a t i o n s w o u l d 
adjust the w e i g h t s of the h i d d e n layer 
a n d the o u t p u t layer to account f o r the 
m i n i m u m error . 

Classical regress ion analysis m e t h o d s 
p e r f o r m e d o n the col lected data 
y i e l d e d s i g n i f i c a n t r o o t m e a n squared 
errors . F r o m the f o u r regress ion types , 
l inear regress ion s h o w e d the 
m i n i m u m er ror (Table 2); h o w e v e r , 
th is m e t h o d e x c l u d e d the var iables 
w i t h m i n i m u m c o r r e l a t i o n . W h e n the 
least corre la ted var iables are e x c l u d e d 
f r o m the analysis , t w o t r u n c a t e d 
e m p i r i c a l r e la t ionsh ips (Eq. 3 a n d 4) 
b e t w e e n t w o i n p u t var iables ( Y l : PPV, 
Y2: A B O P ) c o u l d be establ ished. 

T a b l e 2 - T h e accuracy comparison of 
the three different regression 
analyses 
Regression type R M S E (Yl) R M S E (Y2) 
Linear 0.84 8.94 
Quadratic 1.56 10.51 
Cubic 11.77 70.65 

ABOP(dB)=0m4xDB+0.284>^£D+82.007 Eq.(3) 

PPV = -0.015XDB Eq.(4) 

F i g u r e 2 s h o w s the convergence of the 
M S E to the m i n i m u m v a l u e f o r 
t r a i n i n g , v a l i d a t i o n a n d test data u s e d 
i n th is s t u d y . The v a l i d a t e d A N N 
m o d e l pred ic t s the o u t p u t at a n o m i n a l 
M S E v a l u e of <6%. The p r e d i c t e d 
o u t p u t values a n d the i n p u t va lues 
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f o l l o w a l inear regress ion (F igure 3) 
w i t h 93% of the i n p u t data g o v e r n i n g 
the s t a n d a r d d e v i a t i o n of the 
n o r m a h z e d o u t p u t (i.e., = 0.93). The 
s t r e n g t h of the c o r r e l a t i o n i d e n t i f i e d 
b y the A N N exceeds the e m p i r i c a l 
l inear regress ion r e l a t i o n s h i p . 

1000 

1000 Epochs 

Figure 2 - A performance graph of a n 
A N N model containing s i g m o i d 
learning algorithm i n both h i d d e n 
an d output layers 

0.5 1 
N o r m a l i z e d i n p u t 

Figure 3 - T h e c o r r e l a t i o n of the input 
and output parameters predicted by 
the o p t i m u m A N N m o d e l 

The success of a n A N N can be d e f i n e d 
as the percentage of s tat is t ica l ly 
s ign i f i cant p r e d i c t i o n s generated b y 
the m o d e l . F o u r d i f f e r e n t l e a r n i n g 
a l g o r i t h m c o m b i n a t i o n s i n v e s t i g a t e d 

i n the analysis y i e l d e d d i f f e r e n t 
success values (F igure 4). W h e n the 
o u t p u t layer w a s assigned w i t h a 
s i g m o i d l e a r n i n g f u n c t i o n , a 
c o m p a r a t i v e l y better accuracy c o u l d 
be o b t a i n e d . H y p e r b o l i c - t a n g e n t 
f u n c t i o n s seem to p r e d i c t the o u t p u t s 
w i t h lesser accuracy. 

HI Test samples , D Training samples 

3 
a,-
3 

O 

H-T 

S • H-T 

Hidden layer 

S: Sigmoid H - T : Hyperbolic tangent 
F i g u r e 4 - T h e success percentage i n 
p r e d i c t i n g a r a n d o m p o o l o f test data 
a n d v a l i d a t i o n data ( " S " denotes 
s i g m o i d f u n c t i o n a n d " H - T " denotes 
H y p e r b o l i c - t a n g e n t f u n c t i o n ) 

4. Discussion 
The scope of th i s s t u d y w a s to d e v e l o p 
a n i n s i g h t i n t o the a p p l i c a b i l i t y of 
A N N techniques o n forecas t ing the 
PPV a n d A B O P . Th is w a s 
a c c o m p l i s h e d w i t h a c o m p a r i s o n of 
the p r e d i c t i o n accuracy of c o m m o n l y 
used l e a r n i n g a l g o r i t h m s . W h e n a 
s i g m o i d f u n c t i o n is e m p l o y e d i n the 
o u t p u t layer , a h i g h e r n u m b e r of 
p r e d i c t i o n s l ie near the observed 
values . N o n e of the t y p i c a l l y u s e d 
statist ical techniques c o u l d y i e l d 
e m p i r i c a l equat ions t h a t s h o w 
stat is t ica l ly s ign i f i c ant accuracy. The 
A N N techniques can u p d a t e the 
w e i g h t s , a n d hence u p d a t e p r e d i c t i o n s 
d y n a m i c a l l y . The accuracy of the A N N 
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models i n c o r p o r a t e d i n th is s t u d y 
c o u l d be f u r t h e r i n v e s t i g a t e d u s i n g a 
larger p o o l of data . 

The u n d e r l y i n g geo logy betv^^een the 
t w o m o n i t o r i n g locat ions w a s 
assumed to be i d e n t i c a l to m i n i m i z e 
the v a r i a b i l i t y of the m o d e l . H o w e v e r , 
this a s s u m p t i o n c o u l d in f luence the 
m o d e l accuracy since the s t r e n g t h of 
the rock can s i g n i f i c a n t l y alter the P P V 
as w e l l as the A B O P . Th is l i m i t a t i o n 
c o u l d be addressed i n c l u d i n g the 
s t rength data such as R Q D of the 
s u r r o u n d i n g r o c k a n d also e m p l o y i n g 
the geological m a p of the q u a r r y area. 

A t the i n i t i a l stage, l inear regress ion 
analyses w e r e p e r f o r m e d o n the i n p u t 
a n d o u t p u t parameters to i d e n t i f y a n 
e m p i r i c a l r e l a t i o n s h i p ; h o w e v e r , the 
results s h o w e d a w e a k e r c o r r e l a t i o n 
be tween the i n p u t a n d o u t p u t 
variables . This i l l - c o r r e l a t i o n s h o w n b y 
the regression analysis a d d i t i o n a l l y 
s u p p o r t e d e m p l o y i n g A N N 
techniques i n th is s t u d y . Hence , the 
A N N m o d e l s w e r e t r a i n e d to i d e n t i f y 
the r e l a t i o n s h i p b e t w e e n the i n p u t a n d 
o u t p u t variables . 

5. Conclusions 
• The s t u d y reveals a p p l i c a b i l i t y of 

A N N l e a r n i n g a l g o r i t h m s i n 
p r e d i c t i n g the PPV a n d A B O P for 
the selected q u a r r y site, w h i c h 
p r o d u c e m e t a l aggregates, w h i l e 
present ing a c o m p a r i s o n b e t w e e n 
f o u r c o m b i n a t i o n s of h i d d e n layer-
o u t p u t layer f u n c t i o n 
arrangements . 

• The d y n a m i c c a p a b i l i t y w a r r a n t e d 
b y A N N s f u r t h e r endorses the i r 
a p p l i c a b i l i t y i n m i n i n g - r e l a t e d 
act ivit ies , w h i c h suffer f r o m h i g h 
v a r i a b i l i t y i n the u n d e r l y i n g 
geology. Hence, the r o b u s t 
c o m p u t a t i o n a l p o w e r fac i l i ta ted 

b y the A N N techniques can be 
successful ly i n t e g r a t e d to 
accurately p r e d i c t the nuisance 
a f termaths of r o c k b l a s t i n g (PPV 
a n d A B O P ) w h i l e c o n t i n u o u s l y 
u p d a t i n g the p r e d i c t i o n m o d e l 
w i t h n e w observat ions . 

• I t is r e c o m m e n d e d to c o n d u c t 
f u r t h e r research o n d e v e l o p i n g a 
r i g o r o u s A N N archi tec ture tha t 
comprises c u s t o m - d e s i g n e d 
l e a r n i n g a l g o r i t h m s to o p t i m i z e 
the b l a s t i n g appl i ca t ions . A 
m o d i f i e d A N N a p p l i c a t i o n as such 
w o u l d shed l i g h t o n i m p r o v i n g 
the s o c i o - e n v i r o n m e n t a l i m p a c t of 
opencast m i n i n g w h i l e g i v i n g n e w 
di rec t ions to the p r o d u c t i o n 
des ign . 
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