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Abstract—This paper presents the simulation of
audio surveillance system in a public transport vehicle
that detects event like screams and gunshots by
classifying signals as normal or in crisis condition using
adaptive neuro fuzzy inference system (ANFIS). Audio
signals were divided into frames and represented by its
feature. Feature is extracted using mel frequency
cepstral coefficients. Eight audio files were used in the
simulation where half of the files represent the normal
condition and another half denotes the crisis condition.
One hundred data sets from each file were used in
training and another 100 data sets from each file were
used in validation. The fuzzy inference system was
created using the data centers produced using
subtractive clustering given the range of influence.
Different values of range of influence near the default
value of 0.5 were simulated in order to observe the
accuracy of the system. The system’s validation accuracy
is greater than 82% except for one file under normal
condition that simulated a very high speed bus passing
by.
Index Terms— audio classification, ANFIS, audio
event detection, adaptive neuro fuzzy inference system

I. INTRODUCTION
Event detection in a surveillance system is an important
feature of an intelligent transport system that monitors
safety and security concerns. Surveillance systems typically
use audio, video or both. One aspect of audio surveillance
monitors possible occurrence of a crime that may include
audio events such as screams and gunshots. In the case that
at least one of the event occurs the system may locate the
position of the source and steer the video camera to monitor
further details.
Audio classification techniques for event detection are
important processes in the analysis of audio signals. Various
methods to classify signals have been developed. The two

main steps of audio classification are feature extraction and
classification. Feature extraction is done in order to reduce
the amount of data to be processed. Features can be
extracted from audio signals in time, frequency of
coefficient domains. One of the most well known feature of
an audio signal in coefficient domains is mel frequency
cepstrum coefficient (MFCC). MFCC has been used as
feature vector in audio classification and speaker
recognition. Buket D. et. al. (2012) classifies non-speech
normal and abnormal audio events using MFCC and
artificial neural network classifiers. Normal audio events
include engine noise and rain while abnormal audio events
include glass breaking, dog barking, scream, gunshots.
The study of Liu, et. al (2002) classify audio clips using
content-based technology using fuzzy logic system.
Features were extracted from sound signals. Features were
extracted from time, frequency, and coefficient domains.
Time domain features include root mean square, silence
ratio, zero-crossing. Frequency domain features include
spectral centroid, bandwidth, and pitch.
Coefficient
features such as mel-frequency cepstral coefficient and
linear prediction coefficient are widely used. There are
various classifiers that have been used for sound
classification such as Gaussian maximum a posteriori
(MAP), Gaussian mixture model, spatial partitioning
scheme based on a k-d tree and a nearest neighbor classifier.
Liu, M. et al classify audio signals using content-based
technology. Features were extract
The paper is organized as follows: section 2 presents
the extraction of audio features using MFCC; section the
concept of ANFIS; sections 3, 4, 5 are the simulation,
results and conclusion, respectively.
II. AUDIO FEATURE EXTRACTION
The first step in audio processing is feature extraction.
The audio feature used is Mel Frequency Cepstral
Coefficient (MFCC). This is the most popular and widely
used feature extraction technique in speech processing
particularly speech recognition. The technique is based on

the model of how sounds are generated in human. This
technique was introduced by S.B. Davis, and P. Mermelstein
in 1980 (Muda, L. et al., 2010).
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Figure 1. Steps in Computing MFCC

Pre-emphasis is the process of passing the signal to a
filter in order to emphasize the energy of higher frequencies.
2. Framing - the signal is divided into frames with a
duration of 20 msec. The voice signals is divided into frames
of N samples with a separation of M samples. Usually M <N
and the typical value of M is 100 and N=256.
3. The process of windowing is necessary to correct the
problem called leakage in the power spectrum of a nonperiodic signal. This is applied in order to determine the
frequency content of the signal. In this step hamming
window is used with the equation defined by
𝑤(𝑛) = 0.54 − 0.46 cos (

2𝜋𝑛
𝑁−1

) ,0 ≤ 𝑛 ≤ 𝑁

(1)

4. Fast Fourier Transform
The N sample signal is converted to frequency domain
represented by Y(w). Y(w) = X(w)H(w) = x[n] * h[n], where
h[n] and H(w) represent the transform pair of the vocal tract
impulse response, x[n] and X[w] represent the transform pair
of the sample signal, and the symbol * represents
convolution operation.
5. The spectrum is fed into the array of mel filter banks.
Each filter has a center frequency called mel frequency
computed as,
𝑓
𝑚𝑒𝑙 𝑓𝑟𝑒𝑞𝑢𝑒𝑛𝑐𝑦 = 2595 log(1 + 700)
(2)
The output of mel filter bank is the sum of the spectral
components. The aggregate of the output forms an array
called mel spectrum.
6. Discrete cosine transform (DCT) is applied to mel
spectrum. The output coefficients of DCT is called the Mel
Frequency Cepstrum Coefficients (MFCC). There are twelve
coefficients obtained in this process. This forms the feature
vector of the audio signal.
III. ADAPTIVE NEURO FUZZY INFERENCE SYSTEM (ANFIS)
Fuzzy inference system (FIS) is the process of
formulating the mapping from the given input and output
using fuzzy logic. There are two known types of FIS:
mamdani and sugeno. ANFIS is a fuzzy inference system

that utilized neuro adaptive learning techniques in
contructing fuzzy models. It is a sugeno-type fuzzy
inference system which was first introduced by Jang in 1993.
Sugeno-type fuzzy inference system is more compact and
computationally efficient than mamdani-type (Mashrei,
2012). Its output is a function of weights computed as,
𝑜𝑢𝑡𝑝𝑢𝑡 =

∑𝑛
𝑖=1 𝑤𝑖𝑧𝑖
∑𝑁
𝑖=1 𝑤𝑖

.

(3)

In a conventional fuzzy inference system (FIS)
commonly referred to as mamdani-type FIS, the input is
mapped to output using membership functions provided by
the expert. This is a limitation of mamdani type, it requires
an expert knowledge. ANFIS resolve this weak point. The
network type structure of ANFIS is similar that of neural
network. The neural network maps the input to the desired
output by adjusting the weights of the network using a
learning algorithm. It utilize neural network to adjust the
parameters of the membership functions.
The output of ANFIS is illustrated in Figure 2 for a twoinput sugeno-type fuzzy inference system. An equivalent
figure is shown in Figure 3 for a two-input ANFIS based on
neural network. ANFIS network structure similar to that of a
neural network, which maps inputs through input
membership functions and associated parameters, and then
through output membership functions and associated
parameters to outputs. The parameters of the membership
function is adjusted through learning or training process.
The learning process uses either back propagation or
combination of least square estimation.
ANFIS structure based on neural network consists of
five layers (Khoshsaadat, A., et al. , 2012). In the first layer,
each node generates a membership grade of a linguistic
label. In the second layer, each node has an output known as
"firing strength" of each rule of fuzzy logic. In the third
layer, the output of each node is the ratio of the strength of
each rules to the sum of all the rule strengths. The output in
this layer the normalized firing strength. Lastly, in the fifth
layer, the output is the sum of the overall incoming signals.

Figure 2. Two input sugeno-type fuzzy inference system (Matlab )

squash factor, acceptance ratio and rejection ratio. Initially,
these were set to the default value 0.5, 1.25, 0.5 and 0.15,
respectively. Also simulated are the different values of
range of influence represented by r: 0.49, 0.50, 0.51, 0.52,
and 0.53. The range of influence is varied near the default
value of 0.5 in order to observe its effect on the accuracy of
designed NFIS with other parameters held constant.
The maximum required error in training was set to 0.005
and the maximum epoch was set to 3000 that means the
trainings stops when one of these setting is reached.
Table 2 .MFCC parameters

Analysis Frame Duration
(ms)
Analysis Frame Shift (ms)

Figure 3 Structure of 2-input ANFIS (Khoshdaat, et al.,
2014)
IV.

SIMULATION

To simulate the normal and crisis condition in a public
transport bus, 8 audio files were downloaded from the
internet. The description of the files are shown in Table 1.
The audio signals were edited to remove idle positions or
silent part in the files. The first four files represent the crisis
condition of the public transport bus.
Table 1. Audio files used in the simulations
Audio
File
1
2
3
4
5
6
7
8
Total

Audio signal

Frames

Garan gun
Machine gun
Crowd panic
Gunshots and crowd panic
Bus inside noises 1
Bus passed by
Bus load passenger and go
Bus inside noises 2

378
628
5227
1991
12290
4443
8309
19439

Training
Data
100
100
100
100
100
100
100
100
800

Checking
Data
100
100
100
100
100
100
100
100
800

The simulations and processing were done using
MatlabTM software. The audio signals were read and the steps
in Figure 1 were performed. The MFCC parameters used in
obtaining MFCCs is shown in Table 2. The number of
frames obtained in each file is indicated in Table 1 under
column “frame”. Twelve MFCCs were obtained in each
frame representing the feature vector. One hundred sets of
MFCCs were used for training the ANFIS and another 100
for validation. They were selected randomly. The first four
audio files represent the signals in crisis condition, and the
output in this case is set to 1. The other four audio files
represent the signals in normal condition and its output is set
to -1.
Subtractive clustering was used to determine the cluster
centers and the number of clusters for the generation of FIS.
The important parameters of subtractive clustering are the
range of influence represented by the radius of the circle r,
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RESULTS

The designed ANFIS for 12 inputs has a structure
shown in Figure 4. It has 12 inputs and 1 output. Each
input corresponds to each of the 12 MFCCs.

Figure 4. ANFIS structure for 12 inputs
The number of rules generated is dependent on the
range of influence set in generating the FIS using
subtractive clustering. The number of rules generated
using a given range of influence is shown in Table 3.
As the range of influence increases, the number of rules
decreases.

Table 3 Number of rules given the radius of
influence set in subtractive clustering.
Radius of influence
0.49
0.50
0.51
0.52
0.53

Number of rules
38
36
31
28
27

The result of the validation for each audio file is
shown in Table 4. The output of ANFIS is crisp, a real
number. In the tabulation of results, when the output is
greater than 1, it is classified as crisis condition
otherwise, it is classified as normal condition. The
same result is plotted in Figure 5.
Figure 5. Validation accuracy for different values
of range of influence

Table 4. Accuracy of validation
audio file

1
2
3
4
5
6
7
8
Average

0.49
(%)
74
96
97
96
100
6
99
100
83.5

Range of influence ( r)
0.5
0.51
0.52
(%)
(%)
(%)
82
89
89
92
97
100
98
98
98
100
98
100
100
100
100
9
16
16
95
97
96
100
100
100
84.5
86.875 87.375

0.53
(%)
88
87
95
100
100
13
97
100
85.5

It can be observed in Figure 5 that most of the validation
result has an accuracy greater than 82 %. There is one audio
files whose validation accuracy is very low, that is audio file
6. This audio file is a sound of a very high speed bus that
passed by. This is supposed to be classified as normal
condition but the system can identified it as crisis condition.
This implies that the feature of this sound is closely similar
to gunshots or gun sounds and panic crowd. In the actual or
real time implementation of this system, this error can be
corrected by including a timer in the system. If the system
detects a crisis condition it may send a status that a crisis
condition occurs only after a few seconds to avoid false
detection. The audio files 5 and 8 containing inside bus
noises were perfectly validated. This implies that inside bus
noises containing passenger talking and some occasional
coughs of passengers are very different from crisis
conditions containing gunshots and panic crowd.
Moreover, the results shows that the validation accuracy
varies with range of influence, the parameter of subtractive
clustering. The best value of the range of influence with
other parameters held constant is 0.52. This entails that in the
actual implementation of the system, the range of influence
can be tuned in order to get the optimum validation accuracy.

VI.

CONCLUSION AND RECOMMENDATION

The ANFIS was able to detect the crisis and normal
condition simulations. The result of the validation accuracy
of ANFIS is greater than 82% except for the audio file that
contains the sound of a very high speed bus that pass by.
This sound is identified by the system as in crisis condition
where in fact the data is classified as normal condition. To
improve the accuracy in the actual implementation of ANFIS
for audio classification it is important to gather as many data
as possible for training so that it represents the data that
ANFIS was trained for.
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