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DISCRIMINATION BETWEEN EARTHQUAKES AND CHEMICAL
EXPLOSIONS USING ARTIFICIAL NEURAL NETWORKS
BY
AJIT KUNDU, Y. S. BHADAURIA AND FALGUNI ROY

ABSTRACT
An Artificial Neural Network (ANN) for discriminating between earthquakes and
chemical explosions located at epicentral distances, Δ <50 from Gauribidanur Array (GBA)
has been developed using the short period digital seismograms recorded at GBA. For training
the ANN spectral amplitude ratios between P and Lg phases computed at 13 different
frequencies in the frequency range of 2-8 Hz, corresponding to 20 earthquakes and 23
chemical explosions were used along with other parameters like magnitude, epicentral
distance and amplitude ratios Rg/P and Rg/Lg. After training and development, the ANN has
correctly identified a set of 21 test events, comprising 6 earthquakes and 15 chemical
explosions.
INTRODUCTION
Right after the underwater nuclear explosion on 24th July 1946 at Bikini Islands by the United
States of America, whose seismic data was provided to seismologists, it had been realized
that seismology would play an important role in identification and yield estimation of
underground nuclear tests. Since then enormous amount of research has been conducted
world over to develop methods of discriminating between earthquakes and underground
nuclear explosions using seismograms. Starting with the development of teleseismic
discrimination techniques which require the source station distance (also called epicentral
distance, Δ) to be in excess of 1000 km, the focus has now shifted to develop regional (Δ <
1000 km) discrimination methods. Development of broad band monitoring instruments and
installation of several new global seismic stations, has contributed a great deal towards this
effort. However, unavailability of seismic data corresponding to underground nuclear
explosions at local and regional distances (Δ < 1000 km) from most of the monitoring
stations poses a major hurdle in the development of regional discriminants. Incidentally at
local and regional distances from many seismic stations several sub surface chemical
explosions are conducted regularly as part of industrial activity and mining. As a result a vast
number of seismograms of such events are available at various stations which may be
gainfully utilized for development of regional discriminants.
-----------------------------------------------------------------------------------------------------Email: ajitkun@barc.gov.in
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It is well established that no single discriminant whether teleseismic or regional is
sufficient to discriminate all the earthquakes from underground explosions (see e.g. Douglas,
1981; Roy and Basu, 1994). Several discriminants have to be applied in combination so as to
identify the events with high degree of confidence. Multi parameter identification techniques
based on Artificial Neural Network (ANN) have been found to be very effective (see e.g,
Lippman, 1987; Michael et al, 1990; Roy, 1998) for the purpose of event identification.
The present paper deals with the development of an ANN for discriminating between
local earthquakes and chemical explosion signals recorded at Gauribidanur array (GBA).
ARTIFICIAL NEURAL NETWORKS
Artificial Neural Networks are computational systems consisting of a large number of
simple processing units or neurons, which are interconnected in a parallel structure
(Rumelhart et al, 1986; Lippman, 1987). The parallel computational architecture of an ANN,
besides resembling the biological brain, has potential in application areas like seismic
discrimination where multiple hypotheses are pursued in parallel, where the number of input
parameters is often large, and where well defined solutions are not available. An ANN learns
to solve a problem by training on examples of real data.
The elementary functional blocks of an ANN are the artificial neurons (also called
units, processing elements or nodes) which are interconnected with each other through
‘weights’. The architecture of a single neuron is shown in Fig.1.

Fig.1 Architecture of a single neuron
The weighted sum, s, of n number of inputs (x1,x2,….,xn) is given by
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……. (1)
where, w1,w2,…,wn are the weights corresponding to each input.
The result s is then passed through a nonlinear transfer function (also called the squashing
function) to obtain the output f(s) of the neuron. The nonlinear transfer function is usually the
sigmoid function defined as:

…….(2)
Besides being differentiable the advantage of using sigmoid function is that irrespective of
the numerical values of input function it provides the output values in the range of zero and
one. The architecture of a complete three layer ANN is shown schematically in Fig.2.

Fig.2 Architecture of an artificial neural network
In general an ANN has an input layer, i.e. the layer of neurons through which the
input data enters the network, one or more intermediate layers, also known as hidden layers,
and an output layer which produces the output response of the network. We have used a type
of ANN called the Multi-Layered Perceptron (MLP) which is also known as the ‘back
propagation network’ (see e.g, Dowla et al, 1990). In MLPs the concept of learning is
synonymous with error minimization. When a machine learns to execute a task, it essentially
minimizes the error between its output and the desired output which is known to it a-priori.
The back propagation learning algorithm is used in the network to minimize the error at each
of the intermediate computational stages (hidden layers). The error through every stage of the
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network is minimized in the least-square sense. This whole process of adjusting the weights
to minimize the error between actual output and the desired output is called ‘adaptation’ of
weights. Once proper weights have been adapted using the training data set the ANN is said
to have learnt to perform a particular task and these weights are called ‘knowledge’ of the
ANN.
The steps involved in the learning process of ANN and back propagation of error are
as follows:
Step 1. Initialize the weights in the network. Set all weights in the network to some small
positive and negative random values (typically between -0.35 to 0.35).
Step 2. Present to the ANN the inputs and the desired outputs. Present a new input vector
(xp1, xp2,…,xpk) comprising k parameters computed from each of the p seismic events and
corresponding desired output (Dp) as the training set. The desired output, Dp with one neuron
in the output layer, for example, might be 1 or 0 for a given event.
Step 3. Compute the actual outputs of the network. This is accomplished by forward
propagating the input through the network by multiplying with weights and summing (see
eqn. 1) and then transferring through the sigmoid function (eqn. 2).
Step 4. Calculate the error term for each unit. The error term, δk for kth neuron of the
output layer is:
δk = Opk .(1- Opk).[( Dpk - Opk)]

…..(3)

where, Opk is observed output of the kth neuron for pth event and Dpk is the desired output of
the same neuron for the same event. For the hidden layer the error term is computed as:
δk = f(s).(1- f(s)). ∑j δj . wj …….(4)
where f(s) is the output of the kth neuron of the hidden layer, s is the weighted sum of the
inputs presented to it (obtained using eqn. 1) and j is index for output neurons.
Step 5. Adapt the weights in the network. Starting from the output units of the network and
working backwards layer by layer adapt the weights as:
wk← wk + η.x.δk + α.wk-1

……(5)

where, x is the input to the neuron having weight wk, η is the learning rate, α is the
momentum constant and wk-1 is the previous weight. A learning rate of 0.2 and momentum
constant of 0.5 were used for training the ANN.
Step 6. Compute the network error. The overall error E, of the network is computed as
E = ½ ∑p ( ∑k (Dpk - Opk)2 )
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…..(6)

where Opk is the observed network output of the kth neuron of the output layer for the pth
pattern of inputs and Dpk is the desired output for the same.
Step 7. Repeat the iteration by going back to Step 2. The learning algorithm consists of
presenting to the network all the events of the training set and then adapting the weights. This
process is repeated until the error at the output of the network is sufficiently small.
DATA USED FOR TRAINING THE ANN
In order to train the ANN short period seismograms corresponding to 43 events (20
shallow focus earthquakes and 23 subsurface chemical explosions) occurring in a distance
range of 27-532 km around GBA were collected and analyzed using a software package
ViSWAS (see, Bhadauria and Roy, 2011). The magnitudes of these events were between 1.2
and 4.5. The location and few other parameters such as Rg/P, Rg/Lg, M and Δ are listed in
Table-1.

Table-1: Data used for training the ANN
Evt.
No.

Date

Origin
Time

Lat(0)

Lon(0)

Rg/P

Rg/Lg

M

∆(0)

Event Type

1

14/11/2009

13:04:16.0

16.77

73.76

13.66

0.78

4.5

4.69

Earthquake

2

24/11/2009

16:48:54.0

15.92

80.15

1.83

0.42

2.0

3.43

Earthquake

3

12/12/2009

16:25:37.0

18.06

75.15

7.86

0.56

4.2

4.78

Earthquake

4

06/01/2010

00:10:37.0

16.04

75.10

4.86

0.96

2.0

3.34

Earthquake

5

08/01/2010

10:55:30.0

14.67

78.78

1.06

0.60

1.9

1.99

Earthquake

6

10/01/2010

09:24:32.0

15.57

78.38

3.33

0.73

1.9

2.08

Earthquake

7

23/01/2010

01:45:25.0

10.76

76.20

2.82

0.63

2.3

2.71

Earthquake

8

31/03/2010

11:38:35.0

14.69

78.86

1.03

0.52

1.2

1.70

Earthquake

9

31/03/2010

18:50:59.0

13.36

75.87

1.01

0.99

2.2

1.56

Earthquake

10

27/02/2010

05:20:53.0

14.23

78.62

1.84

0.64

2.6

1.27

Earthquake

11

10/03/2010

17:38:03.0

13.81

74.46

1.56

0.61

2.5

2.89

Earthquake

12

03/06/2010

06:18:14.0

14.72

75.36

1.38

0.48

2.4

2.53

Earthquake

13

20/06/2010

21:51:38.0

17.13

74.11

2.48

0.33

3.4

4.69

Earthquake

5

14

05/07/2010

10:48:43.0

16.28

76.07

1.58

0.54

2.2

2.89

Earthquake

15

12/08/2010

10:29:30.0

13.00

80.70

2.72

0.85

2.1

3.61

Earthquake

16

15/09/2010

19:05:25.0

14.85

77.97

1.52

0.95

2.8

1.27

Earthquake

17

22/09/2010

06:32:23.0

12.15

80.99

2.21

0.77

2.1

3.79

Earthquake

18

03/12/2009

08:48:41.0

12.64

77.37

2.32

1.84

2.3

1.05 Ch.Explosion

19

02/01/2010

08:04:18.0

15.53

78.47

1.80

2.38

1.6

2.08 Ch.Explosion

20

02/01/2010

11:26:38.0

14.51

78.53

1.79

1.03

1.5

1.34 Ch.Explosion

21

03/03/2010

13:32:39.0

14.39

76.84

9.56

4.01

1.6

0.97 Ch.Explosion

22

04/01/2010

14:33:56.0

14.71

78.21

4.10

1.50

1.9

1.27 Ch.Explosion

23

06/01/2010

08:47:18.0

15.52

76.38

1.16

1.35

1.7

1.99 Ch.Explosion

24

09/01/2010

10:37:30.0

15.26

77.50

2.02

1.15

1.7

1.56 Ch.Explosion

25

22/01/2010

08:15:55.0

15.16

76.69

3.08

1.01

1.7

1.63 Ch.Explosion

26

23/01/2010

08:24:36.0

15.12

76.78

5.66

2.92

1.4

1.56 Ch.Explosion

27

24/01/2010

12:40:36.0

13.29

78.67

2.20

1.07

1.4

1.27 Ch.Explosion

28

26/01/2010

09:58:37.0

13.81

78.81

2.50

1.53

1.6

1.34 Ch.Explosion

29

27/01/2010

11:18:45.0

14.49

78.14

9.01

6.08

1.9

1.05 Ch.Explosion

30

28/01/2010

07:35:53.0

14.88

78.36

3.25

1.06

1.6

1.48 Ch.Explosion

31

28/01/2010

08:09:12.0

15.23

76.85

2.93

1.32

1.6

1.63 Ch.Explosion

32

29/01/2010

07:51:54.0

15.09

76.55

2.27

1.48

1.5

1.63 Ch.Explosion

33

30/01/2010

12:49:32.0

15.73

77.92

2.29

2.20

1.5

2.08 Ch.Explosion

34

31/01/2010

01:42:11.0

14.37

78.05

4.41

4.30

1.5

0.90 Ch.Explosion

35

31/01/2010

13:51:01.0

12.10

78.68

2.25

1.65

1.5

1.99 Ch.Explosion

36

31/01/2010

07:35:49.0

14.86

77.73

1.39

1.06

1.6

1.19 Ch.Explosion

37

04/02/2010

05:36:06.0

15.00

78.18

1.87

1.08

1.5

1.48 Ch.Explosion

38

02/10/2010

22:59:28.0

17.58

74.69

3.95

0.33

3.0

4.69

Earthquake

39

03/10/2010

01:20:42.0

17.65

74.63

6.58

0.29

3.2

4.78

Earthquake

40

06/10/2010

12:51:57.0

12.98

75.23

1.28

0.44

2.5

2.26

Earthquake

6

41

24/03/2010

00:56:45.0

13.73

77.83

4.35

1.01

2.1

0.39 Ch.Explosion

42

04/04/2010

09:54:37.0

13.80

77.66

5.99

1.02

1.7

0.24 Ch.Explosion

43

24/09/2010

12:57:27.0

12.85

77.10

3.98

1.05

1.5

0.90 Ch.Explosion

Using a data set of 68 events, recently Bhadauria et al. (2011) have observed that at
GBA ,for a given set of data, the Rg/Lg amplitude ratio for chemical explosion seismograms
was greater than unity while it was always less than unity for natural earthquakes. Using
these observations they have developed a near online system which locates and identifies the
chemical explosion and earthquake signals with high degree of confidence. However, as
shown by Bhadauria et al. (2011) the separation between earthquakes and chemical
explosions using Rg/Lg amplitude ratio alone may not be 100 percent for all the events. On
the other hand, the ANN based method presented in this paper which, besides the Rg/Lg
ratio, relies on number of other parameters like P/Lg spectral amplitude ratios at different
frequencies (to be discussed later), event magnitude, distance and Rg/P ratio is expected to be
more reliable than the single parameter based approach presented by Bhadauria et al. (2011).
Typical single channel waveforms of some of the events of training set listed in
Table-1 are shown in Fig.3. Onsets of relevant phases are also marked along each trace. It is
seen from Fig.3 that as expected the earthquake and chemical explosion signals show
predominant Lg and Rg phases, respectively.

Fig.3 Typical seismograms of earthquakes and chemical explosions of the training set.
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It is seen from Fig.3 that identification of Rg phase in earthquake seismograms and
that of Lg phase in explosion seismograms is sometimes difficult. To facilitate unambiguous
identification of these seismic phases a facility has been provided in ViSWAS to
automatically mark the most probable region of onset of these phases based on the Δ
estimated from S-P time interval. As soon as the command corresponding to any one of these
phases is clicked, two vertical lines, as shown in Fig.4, encompassing the most probable onset
region of that phase appear on the plot thus helping the analyst to pick the phase onset
correctly (see Bhadauria and Roy, 2011).

Fig.4. Typical seismogram of a chemical explosion and identification of seismic Rg and
Lg phases using ViSWAS. Green and yellow vertical lines indicate the probable time
interval of expected onset of Lg and Rg phases.
SPECTRAL PARAMETERS USED FOR TRAINING THE ANN
A vast number of regional discrimination techniques have been developed and tested
for identification of chemical or nuclear explosions from earthquakes. Broadly speaking these
discriminants may be grouped in three categories namely (i) based on time domain amplitude
ratios between different seismic phases (e.g. Bennett and Murphy, 1986; Wuster, 1993;
Plafcan et al, 1997) (ii) based on spectral amplitude ratios between different seismic phases in
different frequency bands (e.g. Taylor et al, 1989; Walter et al, 1995) and (iii) study of coda
portion of seismograms (e.g. Su et al, 1991; Hartse et al, 1995). Each of these discriminants
falling under above three groups had different degrees of success in different geological
settings. No single discriminant was found to be the most promising one for all the regions of
the world.
In view of above we decided to combine some of the promising discriminants from
each of the first two categories mentioned above and present them as input to ANN. Besides
four parameters mentioned in Table-1 above, we used P/Lg spectral amplitude ratios at 13
different frequencies lying in the frequency band of 2-8 Hz. The frequency interval between
adjacent readings was chosen as 0.5 Hz. The choice of the frequency band was governed by
the shapes of the spectra of P and Lg phases as explained below.
Figs.5(a) and 5(b) show the plots of typical seismograms due to earthquake and
chemical explosion signals, respectively, as recorded by GBA. The spectra of P and Lg
phases identified in these seismograms are also shown on top of each trace in Figs.5(a) and
8

5(b). For both earthquakes and chemical explosions we have chosen time windows of 5 sec
and 10 sec for P and Lg phases, respectively. For convenience of computation of P/Lg
spectral amplitude ratios the time series corresponding to P and Lg phases were padded with
zeros to make them of uniform length before computing the spectrum.

In order to utilize the spectral shapes of P and Lg phases of earthquakes and chemical
explosions for the purpose of discrimination, we compute P/Lg spectral amplitude ratios in
frequency band of 0-10 Hz. The separation between adjacent bands is chosen as 0.5 Hz.
Logarithm of these ratios are plotted as a function of frequency in Fig. 6 for all 43 events of
the training set. To pictorially demonstrate spectral P/Lg ratios due to earthquakes and
chemical explosions, simultaneously on a single plot (Fig. 6), the ratio values corresponding
to earthquakes, at any frequency f Hz, have been plotted at (f-0.1) Hz while those for
explosions have been plotted at (f+0.1) Hz.

9

Fig.6 Spectral amplitude ratio between P and Lg phases as a function of frequency.
It is seen from Fig.6 that in the frequency range of 2-8 Hz (shown between two
vertical lines) the spectral bands of P/Lg ratios for earthquakes and chemical explosions are
better separated from each other as compared to those at other frequencies. At other
frequencies, both below 2 Hz and above 8 Hz, the spectral bands of P/Lg ratios from
earthquakes and explosions are almost merged with each other indicating negligible
separation between the two. Based on this observation we decided to compute spectral P/Lg
ratios in the frequency band of 2-8 Hz at an interval of 0.5 Hz, thus getting a total of 13
values of spectral P/Lg ratios for each event.
TRAINING THE ANN
A total of 17 parameters for each of the 43 events of the training set listed in Table-1
were computed as described above and used to train the three-layer ANN. Since there are a
total of 17 input parameters the input layer had 17 neurons. The hidden layer had 200 neurons
while the number of neurons in output layer was set to one. The number of neurons in hidden
layer has been decided on the basis of a trade-off between desired accuracy and computation
time (number of iterations).
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For training the ANN we start with random weights assigned to all the neurons, feed
forward the input parameters corresponding to all the events of the training set and compute
the output error using eqn.7. This error is back propagated and weights are adjusted in such a
way that the error is minimum in the least square sense. This completes first iteration and the
process is repeated till the desired output error is achieved. Fig.7 shows the variation of
output error with number of iterations. As an illustration the variation of output error for first
forty iterations only has been shown in Fig.7.

Fig.7 Output error (arbitrary unit) as a function of number of iterations.
It is seen from Fig.7 that the output error falls rapidly in first few iterations before
hitting a plateau up to about iteration number 30 then again falling. This type of variation in
output error through a number of local minima values before reaching the global minima
value is characteristic of ANN. To accelerate the fall of output error with number of iterations
the momentum constant (α = 0.5) has been used (see eqn.5) during the training of ANN. Once
the desired value of overall minimum error is achieved, all the connection weights are saved
and the ANN is said to have been trained. An ANN having the same architecture weights will
effectively perform the task for which it was trained.
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RESULTS AND DISCUSSION
In order to evaluate the performance of the ANN another set of 21 events (not used
for the training) comprising 6 earthquakes and 15 chemical explosions were selected. The
values of the same parameters as used for training were computed for these events also using
the same software ViSWAS. These values were presented to the input layer of the trained
ANN and the output of the network was monitored. Table-2 lists these events with their
parameters and output of the trained ANN.
Table-2: Test events identified correctly by ANN
Event
No.

Date

Origin
Time

Lat(0)

Lon(0)

M

∆(0)

ANN Output

1

27/09/2010 07:04:05.0

12.04

80.93

2.2

3.88

Earthquake

2

03/10/2010 20:25:14.0

13.06

78.57

2.8

1.27

Earthquake

3

08/10/2010 07:28:48.0

13.10

75.39

2.7

2.08

Earthquake

4

07/07/2010 16:52:04.0

14.81

78.46

1.3

1.48

Earthquake

5

20/07/2010 11:23:13.0

17.32

79.35

3.1

4.05

Earthquake

6

07/08/2010 07:39:22.0

11.06

81.18

3.1

4.5

Earthquake

7

05/02/2010 13:06:09.0

14.52

78.80

1.5

1.56

Ch. Explosion

8

11/02/2010 12:27:57.0

13.09

77.52

1.3

0.61

Ch. Explosion

9

16/02/2010

13.23

78.05

1.4

0.75

Ch. Explosion

10

21/02/2010 07:58:07.0

14.43

78.50

1.5

1.27

Ch. Explosion

11

21/02/2010 11:30:37.0

13.05

77.97

1.6

0.83

Ch. Explosion

12

23/02/2010 14:04:35.0

13.67

77.83

1.3

0.39

Ch. Explosion

13

19/03/2010 11:04:23.0

15.12

77.00

1.9

1.48

Ch. Explosion

14

19/03/2010 13:58:22.0

12.79

77.42

1.5

0.90

Ch. Explosion

15

25/03/2010 05:53:05.0

15.07

78.21

1.4

1.56

Ch. Explosion

16

01/04/2010 05:53:09.0

15.00

78.33

1.7

1.56

Ch. Explosion

17

15/09/2010 08:56:46.0

16.30

78.54

1.5

2.80

Ch. Explosion

13:02:41

12

18

21/09/2010 09:13:38.0

14.98

78.35

1.6

1.56

Ch. Explosion

19

23/09/2010 07:49:54.0

14.43

76.19

1.6

1.41

Ch. Explosion

20

24/09/2010 11:19:03.0

14.42

78.11

1.6

0.97

Ch. Explosion

21

29/09/2010 07:44:12.0

14.08

76.04

1.6

1.41

Ch. Explosion

Comparison of the ANN output with actual knowledge of the event type revealed that
the ANN has correctly identified all the 21 test events.
Although several techniques of source discrimination have been proposed in literature
(see, e.g. Pomeroy, et al, 1982; Taylor, et al, 1989; etc.) none of them, individually, may be
good enough to separate all the earthquakes from all the explosions (both nuclear and
chemical) at all the regions of the world. To identify a source with high degree of confidence
it is always advantageous to use several discriminants in combination (Douglas, 1981, Roy
and Basu, 1994, Roy,1998,). The main advantage of using ANN for source discrimination
lies in the fact that several discriminants may be applied together (through input layer) in
combination to carry out the task of event identification efficiently. It has been found by
examination of the weights of a trained ANN (see, e.g. Dowla, et al, 1990) that many times
during the learning process, the ANN can itself develop complex algorithms of source
discrimination which may be used later.
Another advantage of using an ANN for regional source discrimination is that the
effects of crustal structure and other geological conditions on the seismograms recorded at
the station are automatically taken care off. This happens because for the given source station
path these effects remain more or less invariant and if events from these regions have been
included in the training set, any new event from these regions will be identified correctly.
Further, once the ANN starts functioning, the events identified by it may be used to augment
the training set which will increase the confidence level of identification by the ANN.
CONCLUSIONS
A three layer backpropagation –feedforward ANN has been developed to discriminate
between earthquakes and chemical explosions located at distances less than 532 km around
GBA. A total of 17 parameters computed from short period seismograms corresponding to 20
earthquakes and 23 chemical explosions recorded at GBA have been used to train the ANN.
After training, the ANN has correctly identified a set of 21 test events comprising 6
earthquakes and 15 chemical explosions. The ANN will be implemented in ViSWAS
software package for use at seismic data center of BARC.
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