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1. Executive Summary 

This document describes the audio analysis carried out in APIDIS. This audio 
analysis aims to   recognize audio events, in particular the whistle of the referee, 
and to estimate arrival angle of a sound using multiple microphones.  
For audio event detection, we study and employ multiple features: Zero Crossing 
Rate (ZCR), Short Time Energy (STE) and   Mel-Frequency Cepstral Coefficients 
(MFCC) features.  
The position of the source emitting a sound is estimated by computing the 
Generalized Cross Correlation function-Phase Transform (GCCF-PHAT). 
Moreover use of precedence effect and multi-band frequency analysis is 
proposed to reduce the effect of reverberation. 
.  
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2. Introduction  

The use of multiple sensors and modalities for feature extraction is of great 
interest for many applications, ranging from surveillance to sports scenarios. In 
audiovisual fusion, audio sensors can overcome some of the limitations of visual 
sensors, such as bad lighting and visual occlusions. Furthermore, audio can be 
used to detect several events such as crowd cheering and whistling.  
These limitations make a network of heterogeneous sensors consisting of  
cameras and microphones a desirable solution in the APIDIS framework. Each 
sensor in such a network can be a Stereo Audio and Cycloptic Vision (STAC) 
sensor ([28]) consisting of a camera mounted between a pair of microphones (see 
Figure 1). 
 

 
Figure 1: Stereo Audio and Cycloptic Vision (STAC) sensor. 

 
The audio-visual sensor networks (with camera and microphone arrays) have 
been used in a variety of sensor configurations. Figure 2 shows a summary of 
these configurations, which range from a single microphone-camera pair to single 
or stereo cameras with stereo, circular arrays or linear arrays of microphones. 

Camera-microphone pairs are used for speaker detection in environments with 
limited reverberation under the assumption that the speaker is facing the 
microphone [14], [8]; single or stereo cameras with multiple microphones are 
used in meeting rooms and teleconferencing [9]. In particular, STAC  sensors are 
suitable for wide area monitoring, are used to perform audio-visual tracking with a 
probabilistic graph model and fusion by linear mapping [1] or with particle filters 
(PF) [17].  

       (d)                     (e)            (f)                 (g)

   (a)                    (b)                   (c) 

Figure 2: Examples of sensor configurations for audio-visual analysis (filled circles 
indicate microphones; empty circles indicate cameras – single or stereo): (a) single 
microphone-camera pair; (b-c) STAC sensors; (d-e) circular microphone array with single 
camera; (f) triangular microphone array with single camera; (g) linear microphone array 
with single camera 
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3. Related Work 

The detection of sport audio events has recently gained much attention from the 
research community.  
In [31] short-time energy, MFCCs and signal entropy are employed for speech 
detection and ball-hit sounds detection are used in a baseball scenario.  
In [32] a Support Vector Machine was employed to train sound recognizers 
(applause, speech and whistles). It was assumed that those sounds are closely 
related to some events under specific sport game rules.  
 
After detection of a target the next step is to estimate its direction. This estimation 
of the direction of arrival can be done by using audio only [15], [23], [25], [26] or 
by using audio and video simultaneously [3], [4], [5], [6], [7], [11], [14], [24], [29]. A 
summary of state-of-the-art algorithms is presented in Table 1. 
 

Table 1: Multimodal tracking algorithms. (Key: PF=Particle Filter, KF=Kalman Filter, 
DKF=Decentralized KF, LDA=Linear Discriminant Analysis, TDNN=Time Delay Neural 

Networks, GM= Graphical Models, MFA=Multi-Feature Analysis, HCI=Human Computer 
Interaction). 

 
Sensor types Algo. Application Ref. 

Stereo camera and circular microphone 
array PF  Multi-modal user 

interface systems [9]

2 cameras and 4 microphone arrays PF  Indoor multiple 
person tracking [6]

Camera and 10 element uniform circular 
microphone array PF  Outdoor 

surveillance [5]

Panoramic camera and 4 omni-
microphones MFA Face detection [14]

Wide-angle camera and a microphone 
array I-PF Meeting rooms [10]

PTZ camera and 2 microphones PF  Teleconferencing [18]
Camera and a microphone TDNN Lip reading, HCI [8]

PF  Surveillance and 
teleconferencing 

[3], [27], [17], 
[24], [2]

GM Indoor 
environment [1]Camera and 2 microphones 

TDNN Surveillance [30]
KF, DKF Smart rooms [13], [20],  
LDA Smart rooms [19]Multiple camera and microphone arrays 
PF  Multimodal 

meeting room 
[12], [11], [4], 
[29], [16]
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4. Acquisition settings 

As the first multi-camera video data acquisition campaign was done for video 
only, the first audio data acquisition campaign was performed in a lab 
environment (see section 3 of D3.1). The purpose of this acquisition was to 
generate sample scenarios that are similar to the one in a basketball court in 
order to gain an understanding of the type of audio data and the challenges it may 
produce.  

This acquisition campaign provides us with the data containing desired events to 
be analysed and on which the algorithms can be developed for later testing on 
real data. 

The main event that is of interest in this data set is the detection of the referee’s 
whistle. For this purpose we extract multiple features from the audio signals, as 
described in the following section.  
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5. Audio Event Detection  

To detect the referee’s whistle, we have extracted and analyzed multiple features 
from the audio signal being received by each microphone. Out of these features 
we selected the three most discriminative: Zero Crossing Rate (ZCR), Short Time 
Energy (STE) and Mel-Frequency Cepstral Coefficients (MFCC) features. In the 
following section we describe the selected features. 

5.1. Zero Crossing Rate (ZCR) 

The Zero Crossing Rate is the rate of sign-changes of a signal. The rate at which 
zero crossings occur is a simple measure of the frequency content of a signal and 
it is calculated as 

 tytysign
T

ZCR 
T

t
∑
−

=

−=
1

1
))1().((1 , 

where y  is a signal of length T  and the indicator function  is the algebraic 
sign of its argument A.  

)(Asign

5.2. Short Time Energy (STE) 

The short time energy is the mean square of samples in each frame which is 
weighted with a Hamming window h  and it is calculated as )(n
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where y  is a signal of length T .  

Figure 3, shows the extracted short time energy, for both the whistle signal and a 
non whistle signal. The non-whistle signal in this case consist of speech, shouting 
and silent segments. 

 

   

 

 (a) (b) 

 Figure 3- Comparison of short time energies between (a) whistle signal and (b) non-whistle signal

5.3. Mel Frequency Cepstral Coefficients (MFCC) 

The Mel-Frequency Cepstral Coefficients are proved to be effective in speech 
recognition and modelling the subjective pitch and frequency content of audio 
signals. The frequency bands are positioned logarithmically (on the Mel scale) 
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and approximate the human auditory system's response more closely than the 
linearly spaced frequency bands of FFT or DCT.  

The MFCCs are computed from the FFT power coefficients that are filtered by a 
triangular pass filter bank as follows: 

( )∑
=

−=
K

k
kn kknY

k
 C

1
)5.0(cos)(log2 π , 

where  is the output of the  filter bank. and  Yk  k th Nn ,...,1=  with  is the 
number of MFCCs dimensions. The temporal variation and acceleration of 
MFCCs are also used in our experiments. 

N

5.4. Audio Event Classification 
We segment the original audio signals into 40ms per frame as the basic unit (25 
frames per second at 44100 HZ). Each frame is described by its observation of 
the low-level features extracted. The features of one frame are first normalized 
and combined into a vector. Then we use Subspace LDA to classify the samples 
into three classes: whistle; crowd uproar; and normal segments. In the dataset 
that was acquired the crowd uproar was classified when there was speech from 
more than one target. Normal segments where labelled when no audio events of 
interest occurred.  
 
To evaluate the accuracy of the proposed algorithm we use precision and recall. 
Precision is regarded as a measure of exactness, whereas recall is a measure of 
completeness and are given as 
 

PositiveFalsePositiveTrue
PositiveTrue
+

=Precision  

 

NegativeFalsePositiveTrue
PositiveTrue
+

=Recall . 

 
The precision and recall for the event class (whistle) on sample test sequences is 
given in Table 2. The results for whistle detection performed on the in-house data 
set are encouraging. However the algorithm failed to recognize the audio signal 
when the whistle event was of a very short duration. This limitation is due to the 
fact that the energy ratio within the whistle frequency range might not be the peak 
due to the other dominant sounds or noises. A similar consideration is valid when 
a whistle event occurs while another whistle event is in progress.   
  

Table 2 Whistle detection using multiple features 
 True 

Positive 
False 

Positive 
False 

Negative 
Precision (%) Recall (%) 

Test Sequence 1 33 5 4 86.84 89.18 
Test Sequence 2 23 8 4 74.19 85.18 
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6. Audio Source Localization 

We have studied and developed algorithms for audiovisual localization and 
tracking [3], [28], [22]. Audio measurements are derived from a multi-band 
generalized cross correlation that is used for audio source localization. To 
improve the localization accuracy, we employ reverberation filtering based on 
onset detection. The proposed algorithm is capable of detecting and localizing an 
active audio source. 

6.1. Audio detection 
 
Let the site be monitored by a set }{ N1 M,...,M M =  of  microphone pairs, where 

. We assume that the sound field of multiple microphone pairs  
overlap each other. Let each target generate a sound which is received at the 
microphones after a certain attenuation and delay. Let  be a sound wave 
generated by the source containing  samples, where  is the audio 

sampling frequency and  is the number of video frames per second.  

N
)M,(M  i2i1i =M iM

(t)y

vs nf /
sf

vn

This signal reaches the Stereo Audio Cycloptic Vision (STAC) sensor (Figure 1), 
at a certain arrival angle θ . It is assumed that the source is at a distance from the 
STAC sensor, thus by the time the sound waves reach the microphones they can 
be considered parallel.  

Let the audio signals received at two microphones be defined as 

111

^
 Wn) y(t γ(t) y ++=  

222

^
 W) ny(t γ(t) y +++= τ ,  

 
where 1γ  and 2γ  are the attenuation factors; is the delay, in samples, occurred 
for the signal to reach the first microphone ; 

n

1iM τ  is the extra delay, in samples, 
for the signal to reach the second microphone  and  ,  are the process 
noise added to the signal which is assumed to be zero mean Gaussian with unit 
variance.  

2iM 1W 2W
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Figure 4: Source-receiver geometry for a STAC sensor in the far field. The distance 
between the microphones  and  is denoted by  and the arrival angle by θ . The 

sound wave has to travel an additional distance of  to reach microphone . 
1iM 2iM L

θL sin 2iM

The audio signals received at a microphone couple ( , ) at each time step 
(

1iM 2iM
Figure 5) are used to compute the time difference of arrival (TDOA) τ  of the 

audio signal for estimation of arrival angle θ  for target localization. 

 
Figure 5: Sample spectrograms from (a) microphone 1 (Mi1) and (b) microphone 2 (Mi2). The 
signal at Mi2 is delayed and attenuated. 

 
Figure 6: Filtering results on an audio signal. The original signal is shown in blue and the 
filtered signal is shown in green. 

The position x  of the sound source can be estimated by computing the cross-

correlation 21  of 1  and 2  using the Generalized Cross Correlation 
function-Phase Transform (GCCF-PHAT). To reduce the effect of reverberation in 
the source localization process, we exploit the precedence effect and Multi-Band 

)( yyR
−

y y
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Frequency Analysis. The GCCF-PHAT  is estimated only on ensemble of 
frames that are classified as onset  using the precedence effect.  

)( 11 yyR
−

)(tF

F

)(tF O

Onset frames  are frames containing a significant signal component and a 
limited or absent reverberation component caused by the signal itself. These 
onsets are located at the beginning of a signal audio block (the audio segment 
between two salient segments of the audio signal). A frame  is considered a 
signal frame if the SNR at both microphones is larger than a threshold. Assuming 
that the frame under analysis is the first frame of an onset , the subsequent 

)(tF O

)1(O

T  frames are processed if identified as signal frames; whereas the signal frames 
from  to the first null frame are considered reverberant frames and 
therefore discarded. 

)( TtF +

y
y

B B B

The multi-band frequency analysis is based on the observation that low 
frequencies are less subject to reverberation than high frequencies and that the 
effects of correlated noise, located in a single frequency band, can be reduced by 
evaluating the signal in different frequency bands [21]. The two audio signals  
and  are divided into three different frequency bands: a low frequency band 
( ), a middle frequency band ( ), and a high frequency band ( ). The 
frequency band division is computed using three different 36-coefficient band-
pass linear phase FIR filters, frame-by-frame, for onset frames. The cross-
correlation function is then estimated for each frequency band.  

1

2

1 2 3

The final estimation of the GCC is obtained by a weighted combination of the 
three sub-band cross-correlations. The weights are chosen such that higher 
frequency components contribute less than the low frequency ones.  

A peak is retained if it is simultaneously located in the same position in the three 
GCCs. Peaks that appear in a single band only are reduced proportional to the 
weight associated. The resulting improvements compared to the plain GCCF-
PHAT can be seen in Figure 7. The green line shows the distance between the 
ground truth and the results obtained with the proposed approach. The blue line 
shows the distance between the ground truth and the GCC-PHAT result. It can be 
seen that error for the proposed system (green line) is much smaller than that of 
the GCC-PHAT (blue line).  
 

 
Figure 7: Deviation from the ground truth for source localization using the GCC-PHAT 
transform (blue) and the proposed method (green) 
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7. Conclusions 

The sports scenario contains several interesting situations which can either be 
identified by an action from the referee such as a whistle or by cheering of the 
crowd. Such changes in audio activity can be detected and localized to assist in 
identifying the best view. To this end, based on a in-lab data acquisition campaign 
as a proof of concept, we demonstrate audio event detection for sport events and 
direction of arrival estimation on this dataset. 
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