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Spectral Vector using ANN
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ABSTRACT

To identify the type of the shooting gun, the fre-
quency components of the gunfire sound has been
utilized as the input to an Artificial Neural Network
(ANN) model [1-2] with a promising recognition ac-
curacy. With this method, the required computa-
tional resource is large if the sampling frequency is
too high. In this research, the sampling frequency for
transforming the input gunfire sound into a digital
signal is varied from 44.1 kHz down to 4.41 kHz. 6
different types of gunfire sound are considered. Addi-
tionally, the effect of applying different types of signal
filtering is studied. It is found that only reducing the
sampling frequency on the input gunfire sound sig-
nal does not deliver a good performance on gunfire
sound classification. To obtain a good classification
accuracy, signal filtering has to also be applied. With
Chebyshev Type II filter and 4.41 kHz sampling fre-
quency, the classification accuracy is all 100% for the
practical range of SNR. This impressive classification
accuracy comes with a 10-times reduction on the com-
putational resource; that is, from the sampling fre-
quency of 44.1 kHz to 4.41 kHz. The findings from
this work can be applied to the gunfire sound classi-
fication system with limited computational resource.

Keywords: Gunfire Sound, Classification, Neural
Network, Sampling Frequency, Signal Filtering, Fast-
Fourier Transform

1. INTRODUCTION

Sound classification is very important in a variety
of applications; for example, heart sound classifica-
tion, lung sound classification, and so on. Consid-
ering the gunfire sound, it is seen that if there is
a way to identify the type of the shooting gun, it
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would be very beneficial in many situations; for ex-
ample, military service, patrolling duty along the bor-
der line, and so on. Furthermore, the location of the
shooting gun can then be determined if the identifica-
tion process is applied as a network. Currently, there
are many commercial gunfire-sound analysis systems.
Boomerang [3] is one of these systems. It was devel-
oped by DARPA and BNN Technology company in
order to build a remote gunfire sound detection sys-
tem using many large microphones in capturing the
sound. These microphones are put on high poles lo-
cated in the area of interest. The input sound from
these microphones is then passed through the system
so that the type and location of the gunfire sound can
be determined. It is seen that this particular system
is quite static; that is, the receiving devices are fixed
in terms of location. It cannot be applied to other
areas.

There are many techniques in analysing the gun-
fire sound. The muzzle blast is one key sound that
has been studied [4-5]. This sound is produced by
many factors while the bullet is shot from the gun;
for example, the gunfire powder ignition, the move-
ment of the bullet in the barrel, the length of the
barrel, and so on. Analysing this muzzle blast, it was
shown that the trajectory of the bullet and the lo-
cation of the shooting gun can be estimated. In [6],
many key features from the gunfire sound are consid-
ered; for example, muzzle blast, energy, zero-crossing
rate, frequency spectrum determined by MFCC (Mel-
Frequency Cepstral Coefficients), and so forth. These
features were then put in the decision process ex-
ploiting maximum likelihood algorithm in order to
identify the type of the shooting gun. It was found
that the least error in classification was obtained from
the case of applying LS-LDA (Least Square-Linear
Discriminant Analysis) to the system. To utilize
VLSI with low power consumption in gunshot detec-
tion, ROC (Receiver Operating Characteristic) was
adopted as the metric in measuring the performance
[7]. It was shown that to get a good performance,
Wavelet Transform has to be applied. However, the
complexity of such system was the drawback, which
led to a high cost in production.

Apart from identifying the type of gunfire, the lo-
calization of the gunfire has also been in the focus
of many research works. A technique called DOA
(Degree of Arrival) has been adopted [8] in order to
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receive the signal from the array microphone. The
input signal was estimated by using three methods;
that is, ES (Exhaustive Search), SCFL (Searching
Consistent Fundamental Loop), and ES-SCFL. It was
shown that the best was from ES-SCFL method in
terms of the localization accuracy. Additionally, in
[9], asynchronous localization from many nodes over
a network has been adopted in order to determine the
GPS coordinates of the gunfire. The shockwave and
muzzle blast characteristics were used in the process.
These two parameters were also adopted extensively
in [10-11] in order to estimate the loudness of the
gunfire so that the direction and the shooting angle
can be determined.

The techniques used in other sound analysis appli-
cations are also important. In analysing heart beats,
singular spectrum analysis was used in extracting the
respiratory signals from the electrocardiogram (ECG)
[12]. In [13], the abnormality of the heart beats was
studied using the spectrum of the signal. It is seen
that these spectral-based techniques can also be ap-
plied to the gunfire analysis since both are considered
as impulses. This spectral consideration has been
done also in gunfire sound classification as shown
in [1-2]. The frequency components of the gunfire
sound in the frequency range of interest were used
as feature vectors in an ANN model for performing
the classification process. An impressive classifica-
tion accuracy was achieved. However, in order to en-
able such classification system in a mobile device, the
required computational resources should be reduced.
One important parameter affecting the number of re-
quired resources is the sampling frequency since the
higher the sampling frequency, the larger the number
of frequency components. In this work, the sampling
frequency is reduced from its original sampling fre-
quency of 44.1 kHz down to 4.41 kHz. Additionally,
different types of signal frequency filtering; that is,
Butterworth, Chebyshev Type I, Chebyshev Type II,
and Elliptic filters, are considered. The gunfire sound
classification accuracy from different cases in terms of
sampling frequency and filtering is studied.

The organization of this paper is done as follows.
The related technology used in this work is shown in
Section 2. The proposed gunfire sound classification
system is described in Section 3. Then, in Section 4,
the results in terms of the classification accuracy and
the time required for different cases are given and
discussed. Finally, the research work is summarized
in Section 5.

2. RELATED TECHNOLOGY
2.1 Sampling Frequency

To transform the input gunfire sound from the re-
ceiving microphone into a digital signal, the sampling
process has to be done. In this process [14-15], the in-
put analog signal is sampled repeatedly with an equal
time difference, called sampling period (7s). The
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Fig.1: FEzxample of input analog signal and sampled
signal.

Fig.2: Example of signal decomposition into many
cosine signals.

number of samples in 1 second is called the sampling
frequency or fs;. Note that the sampling frequency
is just the reciprocal of the sampling period; that is,
fs = 1/T,. The input analog signal (S(t)) and its
samples (S;) are shown in Fig. 1. It is seen from the
figure that successive samples are apart by equal time
interval; that is, T.

2.2 Fourier Transform

Generally, any physical signal for a certain time
interval can be described as the combination of many
orthogonal functions with different frequencies and
amplitudes [16-17]. The frequencies of these orthog-
onal functions are in the factor of the fundamental fre-
quency of the considered signal. The theorem behind
this description is from Fourier Series. An example
on this is shown in Fig. 2. It is seen that the signal on
the left can be decomposed into many cosine signals
each with different frequencies and amplitudes. Note
also that, from the figure, it is also shown that the
amplitudes of these frequency components decrease
as the frequency increases.

To determine the frequency components of the
given signal, Fourier transform is normally required.
Dealing with the sampling data, to transform the in-
put time-domain samples into frequency ones, Dis-
crete Fourier Transform (DFT) is needed. This trans-
form is given in Eq. (1); that is,
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Fig.3: FExample of sinusoidal signal (solid line) and
the under-sampled signal (dashed line).

N-1
X(k) =Y x(n)e I ¥kn (1)

where z(n) is the time-domain sampled signal and N
is the total number of samples in one period.

From Eq. (1), it is seen that to determine the DFT
for a particular k£, many computations are needed.
Such process requires both time and computational
resources. To reduce these requirements, a technique
called Fast Fourier Transform (FFT) proposed by
Cooley and Tukey has to be applied. The Butter-
fly operation is adopted by FFT in order to reduce
the multiplication process. This transform is given
by Eq. (2); that is,

41 J-1
X(k) =Y aen)Wim + Z (2n + Wt
n=0
(2)
where
Wy =e I % (3)

From Eq. (2), it is seen that applying this FFT to
the input time-domain samples, the frequency com-
ponents can be determined faster.

2.3 Aliasing Effect

In transforming the analog signal into a digital one,
the sampling process is the first one to be considered.
There is a theory supporting this process; that is,
Nyquist sampling theorem. From this theorem, it is
mentioned that in order to perfectly recover the sam-
pled signal into its original format, the sampling fre-
quency has to be at least twice the highest frequency
of the input analog signal. However, if the sampling
frequency is less than this requirement, an impair-
ment in signal reconstruction is introduced [18-19].
This effect is called the aliasing effect.

An example of the aliasing effect is shown in Fig. 3.
The input sinusoidal signal is shown by the blue solid
line. The sampled signal is shown by the black dashed
line. It is seen that the sampled signal is different
from the original input signal since the sampling fre-
quency used in the sampling process is lower than
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Fig.4: Ideal and actual frequency response of low-

pass filters.

the Nyquist sampling frequency. If this sampled sig-
nal is used in any further applications, it will lead to
a wrong interpretation.

2.4 Digital Low-Pass Filter

From the previous discussion about the aliasing ef-
fect, it is seen that the key factor in preventing this
effect is the sampling frequency. However, if the sam-
pling frequency is too high, at least two drawbacks are
introduced; that is, the number of frequency elements
to be considered and the noise added to the system.
The first drawback will lead to a requirement on the
memory to be used in the computation. The second
drawback can then lead to a corrupted received signal
for which a wrong interpretation may be decided. To
reduce these two effects and not to allow the aliasing
effect to happen, a proper filtering is normally ap-
plied. Low-pass filter is used in order to allow only
the signal of interest, in terms of frequency represen-
tation [20-23]. The frequency response of a low-pass
filter is shown in Fig. 4. From the figure, it is seen
that ideally, only frequency components lower than
we (called the cut-off frequency) are allowed to pass
through the filter. Any components with frequency
higher than w, will not pass through the filter. Such
frequency response is shown by the red dashed line
in the figure. In practice, to obtain such response is
quite complex and costly. Generally, if the require-
ment in terms of the sharp cut-off is lessened, the fre-
quency response of the low-pass filter can then allow
some distortion at the passband and some frequency
components at the frequency slightly higher than the
cut-off frequency. This actual response is shown in
the figure by the blue solid line.

According to the actual frequency response of the
low-pass filter shown in Fig. 4, there are major 4
different designs of low-pass filter used in practice;
that is, Butterworth, Chebyshev Type I, Chebyshev
Type 11, and Elliptic filters. Examples of frequency
response of these 4 types of digital low-pass filter are
shown in Fig. 5.
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Fig.5: Frequency responses of 4 different types of
digital low-pass filter.

From Fig. 5, it is seen that the frequency responses
from different types of filter are different. For Butter-
worth filter, there is no ripple in both passband and
stopband. However, the response rolls off slowly from
passband to stopband; thus, some attenuation is in-
troduced in the passband and some positive gain (G)
is allowed in the stopband. Considering Chebyshev
Type I and 1II filters in the figure, it is seen that the
roll-off from passband to stopband is sharpened com-
pared to that of the Butterworth filter. However, in
Chebyshev Type I, an equiripple behaviour occurs in
the passband; while, in Chebyshev Type II, this rip-
ple happens in the stopband. For the elliptic filter,
both passband and stopband exhibit the equiripple
behaviour. Among these 4 types of low-pass filter,
elliptic filter owns the sharpest roll-off in terms of
changing gain from passband to stopband. Applying
these filters to a signal, the output would surely be
different.

2.5 Artificial Neural Network (ANN)

Currently, Artificial Intelligence (AI) and Machine
Learning have been widely adopted in an automatic
classification system. There are many models pro-
posed and done in this area. One important model
used in practice is the Artificial Neural Network or
ANN [24-26]. ANN was developed by imitating the
biological neuron networks in a human brain. The
information is passed through nodes in a layer. Such
information is then processed and then passed to the
following layer as shown in Fig. 6. From the figure,
the input data called feature vectors are fed into the
input layer containing many nodes. The data are
then processed and passed to the next layer with a
weight multiplying to the passing data. This weight
represents the importance of a particular input and
it is adjusted adaptively. This process is further done
in many layers (called hidden layers) depending on

hidden layer 1

hidden layer 2

Fig.6: General structure of an ANN.
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Fig.7: Proposed gunfire sound classification system.

the design of the network. At last, the data from the
hidden layers are passed to the output layer at which
the final output feature is produced.

ANN is a supervised-learning system; that is, the
answer of the work is known and the system is trying
to adjust itself so that with the given input, it can fi-
nally get the correct answer or at least get the answer
with a minimum error as set by the system. Along
this process, weights associated with different layers
are adjusted adaptively using the back-propagation
method. This process of the ANN model is called
the training process. Such process has to be done
repeatedly in order to reduce the error between the
final output and the known answer by modifying the
parameters in the model. To get a better model for
a particular classification application, the number of
input data and the number of runs (called epochs) in
the training process have to be large enough.

3. PROPOSED CLASSIFICATION SYSTEM

In this section, the classification system proposed
in this work is given. Actually, the classification
model used in [1-2] is adopted. An input gunfire
sound is classified into one of 6 different gun types;
that is, AK-47, AK-15, Shotgun, 9-mm, .38 caliber,
and .45 caliber. The proposed classification system
is shown in Fig. 7. It is seen that this figure can
be divided into 3 main parts; that is, the input sig-
nal preparation part (to make the captured gunfire
sound into the digital format), the feature extraction
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part (to prepare the feature vector for ANN), and
the classification part (to determine the gun type).
The feature extraction and the classification process
are identical to that from [1-2]. The major task in
this research is to study about techniques in selecting
the feature vector as the input to the feature extrac-
tion process. The aim is to reduce the computations
and memory required in FFT process while not af-
fecting the classification performance. Two solutions
are proposed. The first solution is done by only per-
forming a down sampling process to the input digital
signal. The second solution is to apply both signal fil-
tering and down sampling. These two solutions, the
feature extraction, and the classification process are
described next.

3.1 Solution#1: Down Sampling

From Fig. 7, the proposed gunfire sound classifica-
tion system is shown. First, the input gunfire sound
is captured and windowed into only a 1-second time
interval. The sampling rate used is set to be 44,100
Hz; that is, there will be 44,100 samples available.
To reduce the number of samples, a down sampling
process is added to the system. This is the key block
added to the first solution (Solution#1), as shown by
the big red arrow in the figure. At this block, 44,100
input samples are sampled down by a factor of k. For
example, with £ = 1, 2, and 4; the number of sam-
ples at the output of this block will be 44,100, 22,050,
and 11,025 samples, respectively. It is seen that with
higher values of k, the number of samples is reduced;
thus, the number of input elements to be processed in
the succeeding block (that is, FFT block) is lessened.
This will then reduce the number of computations
and required memory. For this solution, 5 values of k
are chosen; that is, 1, 2, 4, 5, and 10. Consequently,
the output of the down sampling block will contain
44,100, 22,050, 11,025, 8,820, and 4,410 samples, re-
spectively. Note that using k& higher than 10 will re-
sult in an under-sampling effect; that is, part of the
required signal will be strongly distorted.

3.2 Solution#2:
Sampling

Signal Filtering and Down

As discussed in Section 2, the aliasing effect could
happen if the sampling rate is not high enough.
Hence, in this solution, in order to prevent such effect
that might be caused by the down-sampling block, a
digital low-pass filter is placed precedingly. 4 different
low-pass filters are considered; that is, Butterworth
filter, Chebyshev Type I filter, Chebyshev Type II fil-
ter, and Elliptic filter. The cut-off frequency of these
filters is set according to the number of output sam-
ples from the down-sampling block.

Down-Sampling Samples (Solution#1 or #2)

¥

Fast Fourier Transform

]

| Use only 0 — 2kHz Spectral |

¥
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v
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Fig.8: Flow of the feature extraction part.

3.3 Feature Extraction

As mentioned previously, the feature extraction
in this work is the one used in [1-2]; that is, the
Frequency Spectral Representative Bin (FSRB) is
adopted. The diagram of this part is also shown in
Fig. 7. The output samples from the down-sampling
block are passed to the FFT block in order to trans-
form the time-domain samples into the frequency-
domain samples (frequency spectrum of the signal).
Since the frequency of the gunfire sounds covers
mainly from 0 to 2,000 Hz, only the frequency-domain
samples from 0 to 2,000 Hz are selected. These sam-
ples are divided into 10 bins each covering a band-
width of 200 Hz [2]. In each bin, the average ampli-
tude of the samples in the bin is determined. The
average amplitudes from these 10 bins are then nor-
malized to be between 0.0-1.0. These 10 normalized
amplitudes are sent to the ANN as the feature vector
in the classification process. The flow of the feature
extraction part is given in Fig. 8.

3.4 Classification

The ANN model used in this work is shown in
Fig. 9 [1]. Tt consists of 4 layers; that is, Input Layer,
Hidden Layer 1, Hidden Layer 2, and Output Layer,
respectively. The input of Input Layer is the feature
vector containing 10 normalized average magnitudes
from 10 bins, as described in the previous Subsection.
The feature vector is passed to the input layer which
consists of 10 nodes, as shown in the figure. The out-
put of Input Layer is passed through 2 hidden layers;
that is, Hidden Layer 1 (containing 20 nodes) and
Hidden Layer 2 (containing 10 nodes). The activa-
tion function used for these 2 hidden layers is Sig-
moid function. The output from Hidden Layer 2 is
passed to Output Layer at which only 1 node with
Tansig function is deployed. The output from this
ANN model is just a number. This output, rang-
ing from 0.0 to 1.0, will be used in classifying the
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Fig.9: Structure of the proposed ANN model in the
classification part.

gun type of the given gunfire sound. For example,
to classify the given gunfire sound to be AR-15 gun,
the output of ANN model has to be in the range of
0.2. Note that the maximum displacement allowed
for each case is set to be 0.01; that is, for defining
the input gunfire sound to be AR-15 gun, the output
of the ANN model has to be between 0.19 to 0.21.
Similarly, this maximum displacement is used for the
other 5 types of gun. And, if the output of the ANN
model is not at these ranges, the given input sound
will be classified as non-gunfire sound.

4. RESULTS AND DISCUSSION

To study the performance of the proposed solu-
tions on gunfire sound classification, the classifica-
tion accuracy will be determined. As discussed, in
this work, 6 different types of gun are studied; that
is, AK-47, AR-15, Shotgun, 9-mm., .38-Caliber, and
.45-Caliber. 10 gunfire sounds from each of these gun
types are collected. There are then 60 gunfire sounds.
For each sound, some noises are added so that an ad-
ditional 10 sounds are produced. Totally, there are
660 gunfire sounds to be used in the training pro-
cess of the gunfire sound classification system. Af-
ter the training process, the parameters in the ANN
model are set accordingly. This trained ANN model is
then tested with the testing gunfire sounds. The test-
ing gunfire sounds are determined from varying the
signal-to-noise ratio of the 60 original gunfire sounds
from 30 dB down to -10 dB by adjusting the noise
power to the sound. The average gunfire sound clas-
sification accuracy is then determined.

4.1 Solution#1 Results

In this Subsection, the performance of the pro-
posed Solution#1 (that is, the sampling down solu-
tion) is studied. The average classification accuracy
from different values of sampling frequency is deter-
mined for the signal-to-noise ratios of 30, 25, 20, 15,
10, 5, 0, and —5 dB, respectively. 5 different sam-
pling frequencies are chosen; that is, 44,100, 22,050,
11,025, 8,820, and 4,410 Hz. The obtained average
classification accuracies for these cases are shown in

100
80
60
40
20

30 25 20 15 10 5 0 -5 -10
SNR (dB)

Classification Accuracy (%)

= ®= 44,100 Hz ==@==22,050 Hz 11,025 Hz 8,820 Hz =8==4,410 Hz

Fig.10: Average gunfire sound classification accu-
racy obtained from Solution#1.

Fig. 10.

From Fig. 10, it is seen that among 5 different
curves of the obtained average gunfire sound classifi-
cation accuracy, at the SNR higher than 20 dB, these
5 different sampling frequencies can deliver an im-
pressive accuracy of 100%. However, as the SNR de-
creases, the obtained accuracy decreases. The decre-
ment of the accuracy varies depending on the sam-
pling frequency applied. It is seen that the best ac-
curacy curve is from the case of using 44,100 Hz sam-
pling frequency. For this case, the classification accu-
racy is 100% for SNR of 30 dB down to 10 dB, and
decreases to 98%, 92%, 71%, and 50% for the lower
SNRs. This accuracy curve is approximately 20%
higher than those from the other 4 cases, at the SNR
lower than 0 dB. At the SNR of -5 dB, the obtained
classification accuracy can be listed in a descendent
order as 72%, 49%, 39%, 26%, and 20% for sam-
pling frequencies of 44,100 Hz, 22,050 Hz, 11,025 Hz,
8,820 Hz, and 4,410 Hz, respectively.

It is clearly seen that reducing the sampling fre-
quency (proposed in Solution#1) degrades the perfor-
mance of the gunfire sound classification. To view the
reason behind this degradation, the output frequency
spectrum from FFT block (shown in Fig. 7) has to be
considered. The frequency spectrum of AK-47 gun-
fire sound is selected as an example in explaining this
degradation and is shown in Fig. 11. 5 different fre-
quency spectra are shown in the figure corresponding
to 5 different sampling frequencies.

From Fig. 11, it is seen that for 5 different sampling
frequencies, the frequency spectra are different. As
the sampling frequency decreases, the effect of alias-
ing becomes stronger. For example, comparing the
spectrum for sampling frequency of 44,100 Hz with
that of 4,410 Hz sampling frequency, it is seen that
the spectra are significantly different. Many notice-
able differences in various frequency ranges of inter-
est are given in the figure. For example, at the fre-
quency range of 0 to 400 Hz, the obtained spectrum
of 4,410 Hz case is strongly lifted up for the frequency
of 0 to 100 Hz when comparing to that from the case
of using 44,100 Hz sampling frequency. Note that
even though there is no red circle mark on the case
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Fig.11: Frequency spectra of AK-47 gunfire sound
at SNR of 0 dB: for different sampling frequencies.

of 22,050 Hz sampling frequency, there are still some
noticeable differences when comparing its spectrum
in the 700 Hz frequency range to that from the case
of 44,100 Hz sampling frequency. It is seen from the
figure that, as the sampling frequency is further re-
duced, the obtained spectrum is significantly different
when comparing to that from 44,100 Hz sampling fre-
quency. The reason behind this effect is that once the
sampling frequency is not high enough, the aliasing
effect becomes significant. Additionally, in the situa-
tion where more noise is added to the input gunfire
sound (that is, with the case of low SNRs), this effect
can majorly corrupt the obtained frequency spectrum
of the signal.

44,100 Hz

bin

1 2 3 4 5 6 7 8 9 10
bin

Aliasing Effect

bin

bin

4,410 Hz

1 2 3 4 5 6 4 8 9 10
bin

Fig.12:  FSRB feature vector of AK-47 gunfire
sound at SNR of 0 dB: for different sampling frequen-
cies.

To view such effect shown in Fig. 11 on the classi-
fication process, the input feature vector to the ANN
model has to be studied. The corresponding feature
vectors of AK-47 gunfire sound for SNR of 0 dB with
different sampling frequencies are shown in Fig. 12.
As mentioned previously, in this work, the frequency
spectral representative bin (FSRB) with 10 bins is
adopted. The frequency range of interest is from 0
to 2,000 Hz. The frequency components in each bin
covering 200 Hz bandwidth are averaged out in ampli-
tude. The average amplitudes from these 10 bins are
then normalized and included in the feature vector.

From Fig. 12, comparing between the feature vec-
tor of the case with 44,100 Hz sampling frequency
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to that with 22,050 Hz sampling frequency, it is seen
that at bin#8 to bin#10, these two feature vectors
are slightly different; that is, the amplitudes from
the case of 22,050 Hz sampling frequency is slightly
higher. Additionally, at bin#4, the amplitude from
the case of 22,050 Hz sampling frequency is slightly
higher. These variations in the input feature vec-
tor can result in the degradation to the classification
accuracy achieved by the ANN model. When the
sampling frequency is further reduced, it is seen from
the figure that the obtained feature vector is increas-
ingly different from the one obtained by 44,100 Hz
sampling frequency. The average amplitudes in these
bins are levelled up compared to those obtained from
the case of 44,100 Hz sampling frequency. And, as
seen from the figure, as the sampling frequency is fur-
ther reduced, the number of noticeably different bins
is increased. These differences are from the effect of
aliasing when sampling frequency is not high enough.

From the result shown in this Subsection, it is seen
that applying Solution#1 (that is, only reducing the
sampling frequency) does not deliver a good perfor-
mance in terms of the classification accuracy when
compared to the performance obtained from the case
of using 44,100 Hz sampling frequency, as seen from
Fig. 10. In the next Subsection, the results from ap-
plying the second solution, Solution#2, will be given.

4.2 Solution#2 Results

In order to both keep the performance of the gun-
fire sound classification and reduce the amount of
memory used in the classification system, in this sec-
tion, the result from applying both signal filtering and
down-sampling processes is given. As seen from the
previous Subsection, reducing the sampling frequency
alone does not provide a good classification perfor-
mance. Conversely, it strongly degrades the obtained
classification accuracy because of the aliasing effect.
To prevent such effect, in this section, an additional
process; that is, signal filtering, is done prior to the
down-sampling process. 4 different types of low-pass
filter are adopted; that is, Butterworth, Chebyshev
Type I, Chebyshev Type II, and elliptic filters. The
cut-off frequency of these low-pass filters is set ac-
cording to the sampling frequency to be used in the
following process. The obtained classification accura-
cies of applying different low-pass filters for 22,050 Hz
sampling frequency is shown in Fig. 13.

From Fig. 13, with 22,050 Hz sampling frequency,
the classification accuracy curves from different low-
pass filters are given. It is clearly seen that the worst
curve is from the case of without filtering (shown by
the solid blue line with circular markers). A signifi-
cant increment in classification accuracy is obtained
by applying a low-pass filter to the signal before pass-
ing it to the down-sampling process, as seen from the
other 4 accuracy curves in the figure. At the SNR
equal or lower than 5 dB, an increase of at least 10%
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in classification accuracy is gained when comparing
the accuracy from these 4 low-pass filtering cases to
that from the case of no-filter. This improvement is
achieved by applying the low-pass filtering prior to
the down sampling process, preventing any possible
aliasing effect to the output signal. Similar to the
result shown in Fig. 13, with other sampling frequen-
cies, the classification accuracy obtained from the
case of using a low-pass filter is superior to that ob-
tained from the case of no filtering. These are shown
by Figs. 14 to 16.

It is seen from these figures that the lowest classi-
fication accuracy curve is from the case of not using
filtering. Once filtering is applied, an improvement on
the classification accuracy can be obtained. For ex-
ample, at the SNR of -5 dB, at least 20%, 25%, and
40% increase in classification accuracy are achieved
for the cases with sampling frequencies of 11,025 Hz,
8,820 Hz, and 4,410 Hz, respectively. At this point,
from the results shown in Figs. 13 to 16, it can be con-
cluded that applying low-pass filtering prior to down-
sampling can help reduce the aliasing effect and, thus,
increase the classification performance of the system.

Considering the effect of applying different types
of low-pass filter to the system, it is seen from Figs. 13
to 16 that the obtained classification accuracy varies.
These low-pass filters seem to provide similar perfor-
mance in terms of the classification accuracy. How-
ever, if the figures are viewed carefully, it can be seen
that the classification accuracy curve from the case
of using Chebyshev Type II is better than that from
the other 3 cases (that is, the cases with low-pass
filtering). This can be explained by considering the
responses of these filters as shown in Fig. 5. For But-
terworth filters, there is a large attenuation in the
passband near the cut-off frequency, this leads to a
loss of the signal frequency components at that par-
ticular range of frequency. And, there is an allow-
able gain at the frequency higher than the cut-off fre-
quency, this means that the unwanted signal outside
the bandwidth of interest can affect the signal. For
Chebyshev Type I filters, a ripple in the passband is
allowed. This ripple can result in a degradation of
the frequency spectrum in the band of interest. Sim-
ilar effect is delivered by elliptic filters. Among these
4 types of low-pass filters, Chebyshev Type II is the
only filter that allows most of the frequency spectrum
of the signal to pass through the filter. Even though
there are some ripples in the stopband, for the case of
Chebyshev Type II filters; the gain allowed for these
ripples is very low; that is, at least 10 dB compared
to the highest gain of the passband region. Hence, the
effect of the unwanted signal outside the passband is
limited.

From the explanation given, it is seen that the fre-
quency response of the filter affects the achieved clas-
sification accuracy. And, with this point, it can be
seen that Chebyshev Type II is the most suitable to
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be used as the low-pass filter in the proposed clas-
sification system. Additionally, from Figs. 13 to 16,
the best classification accuracy is obtained from the
case of using Chebyshev Type II with a sampling fre-
quency of 4,410 Hz. This classification accuracy curve
is given and compared to the accuracy curve from
[2], as shown in Fig. 17. Note that the accuracy ob-
tained from [2] is the one with sampling frequency of
44,100 Hz as also shown in Fig. 10.

From Fig. 17, it is seen that the gunfire sound clas-
sification accuracy from both cases are almost iden-
tical. A slightly higher accuracy is obtained by the
accuracy from [2] at the SNRs of 0 dB and -5 dB.
While, at the SNRs of 5 dB and —10 dB, the classi-
fication accuracy from applying Chebyshev Type II
low-pass filter with a sampling frequency of 4,410 Hz
is higher. The differences in accuracy from both cases
at the low SNRs is not significant. It can then be
viewed that using a low-pass Chebyshev Type II filter
with a sampling frequency of 4,410 Hz can deliver the
same gunfire sound classification accuracy as offered
by the classification system with 44,100 Hz sampling
frequency. This is a significant finding since, with
this proposed low-pass filtering and down-sampling
system, the required amount of memory is lessened
by 10-fold compared to what is required by [2]. Ad-
ditionally, much less computational time is needed.

5. CONCLUSION

Two proposed solutions are studied in order to
help reduce the computational resources in a gunfire
sound classification system while keeping the classi-
fication accuracy as high as possible. The first solu-
tion is to apply only down-sampling process to the
system. And, the second one is to apply both low-
pass filtering and down-sampling to the system. In
this work, 6 different gunfire sounds are used; that
is, AK-47, AR-15, Shotgun, 9-mm., .38-Caliber, and
.45-Caliber. An ANN model is adopted as the model
for performing the classification process. The fre-
quency spectral representative bins (FSRB) is used
in feature vector selection with 10 bins from the in-
put frequency spectrum ranging from 0 to 2,000 Hz.
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The gunfire sound samples are captured and sampled
first with 44,100 Hz sampling frequency. According
to the first solution, the sampled signal is then down
sampled again to the other 4 different sampling fre-
quencies; that is, 22,050 Hz, 11,025 Hz, 8,820 Hz, and
4,410 Hz. This down sampling is done in order to re-
duce the amount of required memory in the FFT pro-
cess at the feature extraction block. It is first found
that applying only the down sampling does not offer
a high classification accuracy. Actually, performing
solely the down-sampling process leads to a degra-
dation on the classification accuracy because of the
aliasing effect, which introduces some unwanted sig-
nals into the frequency band of interest. The second
solution is then studied. It is found that applying a
low-pass filter prior to the down-sampling process can
help improve the classification accuracy since most of
the unwanted signal outside the band of interest is
filtered out. It is found also that applying Chebyshev
Type IT and 4,410 Hz sampling frequency can deliver
a very good classification performance while reducing
the required amount of memory by 10-fold compared
to that from the system with 44,100 Hz sampling fre-
quency. The results shown in this work can certainly
be applied to a classification work on gunfire sound
with a small device at which the computational re-
source is limited.
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