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Abstract— Most security systems detect abnormal events 
using visual clues. However in some cases, we can obtain 
more accurate and efficient data from audio information. 
This study analyzes the acoustical properties of audio signals 
for audio surveillance systems and presents a novel feature 
extraction method. The purpose is to detect unusual and 
unsafe sounds such as gunshot, dog barking, and breaking 
glass using pitch range based feature parameters. Support 
Vector Machines (SVMs) are used as a recognition algorithm 
to evaluate the performance of the proposed feature 
parameters. Recognition rates are found in the range of 79 to 
92%. 

Keywords- audio surveillance systems; feature 
extraction;  pitch range; SVMs.   

I.  INTRODUCTION  
Audio surveillance application systems enjoy a renewed 

interest when applied to the field of pattern recognition, 
and this is due to its importance in both public and private 
environments. In homeland security, most systems are 
based on visual clues to detect an abnormal event, and 
most of time this is not enough to detect and prevent a 
potential danger.  Audio surveillance systems can play a 
key role in future security systems. In practice, the use of 
audio sensors in surveillance and monitoring applications 
has been proven to be quite useful for the detection of 
abnormal events such as gunshot and screams that cannot 
be detected by video surveillance systems [1-7]. It is clear 
that an audio surveillance system can make the 
environment safer with or without video surveillance 
systems. 

Typically, an audio surveillance system includes two 
major components: 1) feature extraction and 2) pattern 
recognition. This is depicted in Fig.1. In feature 
extraction, audio data is processed in order to obtain low- 
level information (feature set) to represent the data 
proficiently. Feature vectors are used to perceive 
abnormal sounds by a pattern recognition method.  

The extraction and selection of the feature set of audio 
signals are important since they significantly affect the 
recognition performance of the pattern recognition 
method. The mel-frequency cepstral coefficients (MFCC), 
the linear predictive coefficients (LPC), and energy are 
the most frequently used feature parameters. 
 

   

 
Figure 1. Overview of an audio surveillance system 

 
MFCC vectors are used as a powerful feature extraction 

for speech recognition algorithms. The procedure for 
extracting MFCC vectors from speech results in the loss 
of much information important to the structure of the 
original speech. MFCC vectors are extracted in 
accordance with the ETSI Aurora Extended Front End 
standard [8]. During the MFCC extraction procedure, 
phase information is lost in the magnitude operation. Due 
to the non-uniform spacing of the mel-scale filterbank 
channels, the lowest frequency filterbank channels have 
the best frequency resolution of 64 Hz. For higher 
frequency filterbank channels, the frequency resolution is 
worse [9]. This issue may have negative effects on the 
recognition system which classifies non-speech audio 
signals such as gunshot, screams, glass breaking, dog 
barking, engine, and etc., since those signals have high 
frequency components.  

MFCC vectors are used in audio surveillance systems 
in order to detect abnormal events in previous studies. A 
gunshot detection system based on MFCC, its derivatives 
and spectral moments, was reported [1].  

The Gaussian Mixture Model (GMM) has been used as 
a classifier. 10% fall rejection rate and less than 5% fall 
detection rate were reached. Another study has used the 
MFCC feature set and Hidden Markov Model (HMM) 
method to detect abnormal events - explosions, gunshot, 
and screams as an atypical event and subway noise as a 
typical event- in a noisy environment [5]. They reported 
93.3% correct classification accuracy in detecting 
abnormal events. It is very predictable to have a high 
accuracy rate since the typical event (subway) has very 
different structural differences than the abnormal events, 
explosion, gunshot, and scream.    
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LPC analysis is another widely used feature extraction 
method in recognition systems. It performs well for 
speech signals similar to MFCC. Its performance is 
degraded with noise-like audio signals. In a typical LPC 
analysis, the acoustic speech signal is sampled at sF  
points per second and the resulting discrete signal is 
divided into overlapping analysis frames. The data in each 
frame are Hamming-windowed, pre-emphasized, and 
submitted to a thp -order LPC analysis. The analysis 
yields a set of p real coefficients ]...,,,[ 21 paaa  which best 

predict the data value )(ns  from the p previous 
values )(),...,1( pnsns −− . Thus 

∑ −=
=

p

k
k knsans
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∑ −−=
=
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where )(~ ns  is the predicted data and )(nE  is the 
prediction error. 

The LPC feature set has been used in a previous audio 
surveillance study along with MFCC, energy, and 
Perceptual Linear Prediction Coefficients (PLPC) [4]. 
Audio event detection in a public transport vehicle has 
been studied. It has 5 scenarios including fights between 
two people or more, two men and women, violent robbery 
scene, purse snatching and the snatching of mobile items. 
The aim was to detect hand labeled shouts in these 
scenarios. Support vector machines (SVM) and GMM 
methods were performed. Recognition rates of 75 to 98% 
have been achieved for shout detection and non-shout 
event detection, respectively.  

There are a number of popular pattern recognition 
methods such as HMM, GMM, Neural Networks (NN), 
and SVM. Generally, all of these methods are very 
functional. However there are some significant differences 
among them, primarily computation time and complexity.  

In this study, we propose an audio surveillance system 
based on pitch-range (PR) feature extraction using the 
SVM method. Our purpose is to detect abnormal events 
like glass breaking, gunshot and dogs barking. The feature 
selection portion of this study follows a different path 
from the other audio surveillance methods. 

II. FEATURE EXTRACTION  
Pitch analysis of audio signals is useful for many 

purposes. Applications include automatic music 
transcription, speech separation, structured audio coding, 
and music information retrieval [10]. Pitch is a perceptual 
feature of sound. Its perception plays an important part in 
human hearing and understanding of different sounds. In 
an acoustic environment, human listeners are able to 
recognize the pitches of several real-time sounds and 
make efficient use of the pitch to acoustically separate a 

sound in a mixture [11].  However, noise-like non-speech 
audio signals such as street noise, rain, the sound of a fan, 
scream, gunshot, or glass breaking do not have a constant 
pitch value but a range of values.  

Pitch tracking in real-time situations usually involves 
additional steps beyond frame-by-frame pitch detection to 
enhance the quality of the measured pitch [12]. The ACF 
technique generates the instantaneous pitch for the input 
signal which will invariably contain some tracking errors. 
Most noticeable, if the input signal changes pitch during 
an analysis frame, the resulting pitch measurement may be 
misleading. Since non-speech audio signals may change 
their acoustical characteristics in time, we focus on the 
“pitch range” of the noise signal instead of the pitch itself. 

Non-speech audio signals can be classified according to 
how rapidly they change over time. As part of this study, 
we extracted PR- based feature sets which characterize 
different events efficiently for classification purposes. 
Using the autocorrelation function (ACF), the pitch range 
was calculated.  

The ACF is written as Eq. (3), where )(nx is the signal 
and N is the window size. It measures the extent to which 
a signal correlates with a time offset (τ ) version of itself. 
Because a periodic signal will correlate strongly with 
itself when offset by the fundamental period, we can 
expect to find a peak in the ACF at the value 
corresponding to a period.  

∑ +=
−

=

1
)()()(

N

on
nxnx ττφ .   (3) 

Feature sets include two parameters which are 
concentrated using the maximum, minimum, mean, and 
standard deviation values of the pitch range. 
Feature 1: It is the ratio of the maximum and minimum of 
the pitch range, )(ip where Mi <<1 . 
 

)}(min{/)}(max{1_ ipipfeature = . (4) 
 
Feature 2: It is the ratio of the standard deviation and 
mean value of the pitch range.  
 

pipstdfeature /)}({2_ = .  (5) 
 
where p is the mean and std is the standard deviation 
of )(ip . 
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III. SUPPORT VECTOR MACHINES 
During the last decade, SVMs were found to be able to 

cope with hard classification problems in text 
categorization, hand-written character recognition, image 
classification, bio-sequence analysis, noise reduction etc. 
SVMs are called as nonparametric classifiers and are more 
effective than other conventional nonparametric classifiers 
such as the RBF neural networks, nearest neighbor (NN), 
nearest center (NC), and the k-NN classifier in terms of 
classification accuracy and stability to parameter setting 
[14]. 

 Since SVM’s maximize the margin, they are also 
known as maximum margin classifiers. One of the key 
advantages of SVMs is that they are able to cope with 
learning in high dimensional spaces with very limited 
training examples. They are based on structural risk 
minimization (SRM) where the aim is to find a classifier 
that minimizes the boundary of the expected error [13]. In 
other words, it seeks a maximum margin separating the 
hyper-plane and the closest point of the training set 
between two classes of data. Fig.2 shows a classification 
of a series of points into two different classes of data, 
Class I and Class II. 

For a given training set 
( ){ } ( )ll

iii YXyxS ×⊆= =1, where n
i RXx ⊆∈  is the 

input vector and { }1,1 −=∈Yyi is the target variable, 
SVMs attempt to adjust the boundary where the distance 
between the boundary and the nearest data point in each 
class is maximal. Then, the boundary is placed in the 
middle of this margin. The margins are defined by the 
nearest data points and represented in Fig.2.  

 
Figure 2. An example of classification of two classes by SVM. The 

hyperplane separates the training data [14]. 
 
Finding the boundaries that maximize the margins for a 

SVM classifier involves a classic optimization process. 
When the data are linearly separable, the goal is to find a 
hyperplane that maximizes the margin. Hyperplanes, 
denoted by ),( bw , where nRw∈ and Rb∈ , consisting of 
all Xx ∈ satisfying 0=+= bxwy , can achieve the 
separation purpose. w is defined as the boundary or 
weight vector, and b is defined as the offset or bias.  

The value of y must be 1± at the margins, where the 
SVs are located: 

1
1

±=+=∑
=

bwxy
N

i
i .   (8) 

The decision function can be written to classify any data 
as belonging to either Class I or II. This equation states 
that w  and b should be such that the two classes fall on 
the appropriate side of the SV lines: 

)()(
1

bwxsignxf
N

i
i += ∑

=

.   (9) 

The margin,
w

M 2= , can be obtained by minimizing w . 

If the only possible way to access the feature space is via 
dot products computed by the kernel, then Eq. (9) cannot 
be solved directly since w lies in that feature space. We 
can avoid the explicit use of w by forming the dual 
optimization problem of Lagrange. Hyperplane can be 
derived as, 

 bxxyxH ii
l

i i +=∑ =
,)(

1
*α ,   (10) 

where kii
l

i ik xxyyb ,
1

*∑ =
−= α  for any k  given in 

.0 * Ck << α  
The slack variables ( )),,0max( bxwy iii +−= γξ  

measure the amount by which the training set fails to have 
margin γ , and take into account any misclassification of 
the training data. Therefore, the training process becomes 
more suitable in most classification cases by tolerating 
some misclassified points [14].  
The kernel functions determine the characteristics of the 
model and choosing different kernel functions may affect 
the performance of the classifier. The two most popular 
kernel functions are known as Gaussian radial basis 
functions (GRBF) kernel and polynomial kernel. 
• GRBF kernel: 

⎟
⎟
⎠

⎞
⎜
⎜
⎝

⎛ ′−−
=′

22
exp),(

σ
xx

xxK ,  (11) 

• Polynomial kernel: 
qxxxxK ),1(),( ′+=′ ,   (12) 

where σ and q are adjustable parameters of the kernels.  
 

IV. DATABASE 
Noise samples are taken from the Freesound Project 

database. The Freesound Project is a collaborative 
database of Creative Common licensed sounds [15]. 
Typical of surveillance applications the dog barking, 
gunshot, and glass breaking sounds with background noise 
were re-sampled at a 96 kHz sampling frequency to form 
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our database. All sounds in the database have a 16 bits 
resolution which enables good time resolution and a wide 
frequency band to cover harmonic as well as impulsive 
sounds. The selected sound classes, the number of test and 
training data and the profile of the feature set are given in 
Table I and Table II, respectively.  

TABLE I.  DATABASE 

 
To calculate pitch range, each sound was processed using 
15 milliseconds rectangular windows with 99% overlap. 
Glass breaking sounds include window and bottle 
breaking situations. The mean value of the feature_1 for 
this type of sound is calculated to be 7.3 which is the 
highest in the three classes. Standard deviation value of 
the feature _2 of glass breaking sounds is calculated 
significantly lower than that of the other classes. Gunshot 
is classified as an impulsive sound. Its frequency 
bandwidth is extended, because of sharp temporal attacks. 

 
 

TABLE II.  THE PROFILE OF THE FEATURE SET 

 
This feature has been reflected in the range of the 

feature _1. This class of sounds has the widest range 
which is between 1.73 and 7.86 in our calculations. 
Barking dog sounds include different dog breeds such as 
the poodle and bulldog. The range of the feature _1 has 
been found to be 1.76-1.96.  

V. RESULTS 
The PR- based feature set outlined in Section 2 was 

evaluated for our database using SVMs by means of the 
audio surveillance system. The feature set of the database 
is depicted in Figure 3.a. Figure 3.(b,c,d). shows the SVM 
classifier applied to a gunshot, dog barking, and glass 
breaking test set of nonlinearly separable data by using a 
polynomial function. 
. 
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Figure 3. (a) Representation of the three groups using two feature parameters and polynomial function, the classification of (b) dog barking, (c) glass 

breaking, and (d) gunshot. 
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To evaluate the performance of the classifier, the confusion 
matrix has been calculated. Polynomial and RBF kernel 
functions are the two most popular functions used in SVMs. 
Both functions were used in this study. The recognition rates 
for polynomial and RBF functions are presented in Table III 
and Table IV.  

TABLE III.  CONFUSION MATRIX BY USING POLYNOMIAL FUNCTION 
(%) 

 D. Barking Gunshot G. Breaking 
D. Barking 92 6.4 1.6 

Gunshot 13.5 79 6.5 
G. Breaking 0 17.6 82.4 

 

TABLE IV.  CONFUSION MATRIX BY USING RBF FUNCTION (%) 

 D. Barking Gunshot G. Breaking 
D. Barking 92 6 2 

Gunshot 14 76.7 9.3 
G. Breaking 0 23 77 
 

The accuracy rate of the polynomial function for the 
barking dog was found 92% which is same as the one 
obtained by using RBF. Accuracy rates using the polynomial 
function for gunshot and glass breaking were calculated as 
79% and 82.4%, respectively.  Overlap between glass 
breaking and gunshot caused lower accuracy rates. 

 

VI. CONCLUSIONS 

We present in this paper preliminary results of our work 
towards evaluating the performance of the PR-based feature 
set of events for audio surveillance application systems. We 
have used SVMs with polynomial and RBF functions as a 
pattern recognition method. The PR-based feature set has been 
shown to be successful and effective for gunshot, dog barking, 
and glass breaking events. Recognition rates were calculated 
in the range of 79-92%. The use of the classifier for other 
events and pattern recognition methods is currently underway. 
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