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ABSTRACT 

 

This paper addresses the issue of automatic audio and speech analysis in public transport. For 

many years, automatic surveillance systems aimed at detecting and identifying abnormal or 

critical situations using video analysis tools. Nevertheless, deployed in embedded areas, these 

video systems are placed in unfavourable situations characterised by mobility constraints. 

Many researchers leaded works on audio scene analysis, in particular on sound classification, 

on automatic speech or emotion recognition and on speech localization and separation. 

However, audio analysis systems are quite often studied in favourable acoustic situations 

Although many efforts are leaded on speech enhancement and on audio signals separation, 

these topics are still nowadays a real challenge in complex acoustic environment like public 

transport vehicles. In this paper, we present our last developments on speech signal 

localisation. The final goal of the developments is to improve, with a localisation system, the 

audio/speech signal separation and the extraction of some speech features in order to achieve 

emotion identification and speech recognition. The algorithm takes into account the acoustic 

modelisation of space and on the properties of spatial and frequential diversities of different 

audio sources. 

These works are carried out within two projects: BOSS (On Board Wireless Secured Video 

Surveillance - Eureka-celtic) and SURTRAIN (ANR-Predit). 
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1. INTRODUCTION 

 

For many years, automatic surveillance systems have aimed at detecting and identifying 

abnormal or critical situations using video analysis tools (Bruyelle et al., 2006; Cuppillard et 

al. 2003). Nevertheless, deployed in embedded areas like train, bus or metro, these video 

systems are placed in unfavourable situations characterised by mobility constraints. For 

example, occlusions or colour and luminance variations appear and it becomes difficult to 

ensure the efficiency of the system. Often, when situations are related to a specific audio or 

speech activity, to complement a video perception of the environment by an audio analysis is 

a solution (Vu et al., 2006). Many researchers leaded works on audio scene analysis, in 

particular on sound classification, on automatic speech or emotion recognition. (Rouas et al., 

2006;  van Hengel and Andringa, 2007, Clavel et al. 2008).  

However, audio analysis systems are quite often studied in favourable acoustic situations: 

processing only one audio speech at a time, disturbed by a low-level noise environment, and 

possibly pre-processed with a manual signal segmentation/speech features extraction. The 

main difficulty in the speech signal enhancement in real context is the variability of 

concurrent signals and their no-stationary nature.  Although some works like Manohar and 

Rao (2006) attempt to meet the problems of some no-stationary noise, they cannot under no 

circumstances meet equally the problem of “cocktail party”: mixture of many speech signals.  

In this context of acoustic environment, researches based on the blind sources separation are 

lead since many years. These works showed that in the linear mixtures (Comon, 1994; Bell 

and Sejnowski, 1995; Hyvärinen and Oja 1997, Cardoso, 1999) or more complex mixtures 

like convolutive mixture (case with reverberations) (Dapena et al., 2001; Parra and Alvino, 

2002; Pham et al. 2003; Babaie-Zadeh and Jutten, 2005) the separation of the sources was 

possible under some indetermination (mainly indetermination of sources identification). In 

spite their good performances of separation, these algorithms suffer from indetermination of 

sources identification to rebuild correctly in the time the signals and need imperatively as 

many observations (microphones in the audio case) as source signals. In real acoustic 

environment the last point is not often verified (especially in transport environment) and the 

“classic” algorithms of blind source separation fail in cases named under-determined cases. 

Facing this problem of the number of sources, the researches on the source separation took an 

interest in the variability of acoustic signals, more precisely in sparing nature in the time 

domain (all sources are not always present at the same time), in the frequency domain (for 

simultaneous sources, there is no frequential overlap) in the space domain (the sources are not 

all at the same position in an area). Thus, works like Yılmaz and Rickard (2004), Abrard and 

Deville (2005), Benaroya et al. (2006), Lesage et al. (2006), Mouba and Marchand (2006), 

use these properties of the acoustic signal to perform sources separation in under-determined 

cases. Moreover, it can also be noted that these properties avoid to rebuild correctly the 

sources as show Parra and Alvino (2002) in an overdetermined case. Most recently, works 

like Mandel et al. (2007) used more explicitly concepts of localisation of audio sources in a 
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sources separation study. It consists in, firstly, determining the potential sources using a 

localisation analysis and, secondly, using this explicit spatial information to separate the 

sources. 

In the way of audio sources localisation, many papers have been recently showed. In a case of 

localisation of one source we can cite the works of Brainstein and Silverman (1997) 

(unsupervised algorithm in a reverberant context using two microphones), McCarthy and 

Boland  (2008) (unsupervised algorithm in a simulated reverberant context using six 

microphones), Smaragdis and Boufounos (2007) (supervised algorithm using mainly two 

microphones in a synthetic and real environment), Jwu-Sheng et al. (2007) (supervised 

algorithm using six microphones in a bus environment). Some papers interested in a complex 

case of the multiple (from one to three sources) simultaneous sources: Potamitis et al. 2003 

(using two microphones array of ten microphones in a reverberant environment),  Valin et al. 

(2006) (using array of eight microphones in reverberant environment), Roman and Wang 

(2008) (using two microphones in an anechoic environment). Although these works meet 

some problems of localisation (multiple sources, real reverberant environment), they use often 

a low level noise excepted in the paper of Jwu-Sheng et al. (2007).  All these papers are based 

on the array processing concepts using parameters relative to the time delays of the sources on 

an microphones array: Time Difference Delay Of Arrivals (TDOA) or the Interaural Time 

Delay ITD in a case of two microphones. However, as shows Birchfield and Gangishetty 

(2005), the position can be characterized by the level difference (Interaural Level Difference 

ILD in a case of two microphones) of the audio observations. In Smaragdis and Boufounos 

(2007) and Roman and Wang (2008) in complement of the time delay information but it is 

weakly exploited regarding the distance between the microphones (10 cm in maximum). Note 

that the sources separation algorithms use without sometimes saying it explicitly, the ITD and 

the ILD characteristic to rebuild perfectly the audio sources. 

As in that Smaragdis and Boufounos (2007), we propose in this paper to use a supervised 

location model to estimate the position of audio source in a train coach. The location model is 

defined as a statistical model based on the level difference and on the time delay difference 

between microphones. We show that it's possible to estimate a position with quite great 

distance between microphones. The objective of this work is to realise a robust localisation 

algorithm in transport environment to compute a speech signal enhancement in real and very 

complex environment.  

This paper is organized as follows. Chapter 2 presents the framework of our studies beginning 

and a context description (section 2.1.). This is followed by the definitions of the feature 

localisation used (section 2.2.) and the location model (section 2.3.). The Chapter 2 ends with 

a description of the position detection algorithm (section 2.4.). In Chapter 3, we will present 

the experimental procedure with its generalities (section 3.1.), and its evaluation phase 

(section 3.2.). The results are presented in the Chapter 4. Finally, the Chapter 5 is dedicated to 

the conclusions and perspectives. 
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2. FRAMEWORK 

 

As shown in the introduction, the localisation of sources is function of the acoustic 

environment. The principle is to define precisely the location in the space. In our study, the 

objective is to determine the location of a speaker among P reference areas, each one defined 

by an acoustic model. In this way, our algorithm is realised in two steps: A first phase 

allowing to learn the P acoustic models of the P areas. Once P models acoustic are built, the 

second phase consist in detecting the area where the speaker is set. This is performed in 

analysing the response of the P learned model in function of signals of M microphones. 

We begin this Chapter with a brief description of a reverberant context in order to present the 

acoustic location features characterizing a given position in function of the signal provided by 

microphones. From this location feature, we define a location parameter used to build a 

location model. 

 

2.1. Context description 

 

Let sα(t) an acoustic signal emitted at position α and yαi(t) the signal received on the 

microphone i. In anechoic environment, the received signal yαi(t) at the microphone i is sα(t) 

attenuated by coefficient ( )d

αic  and delayed of ( )d

αiτ : 

 

  (1) 

 

In this simple case, one says commonly that the signal follows the “direct path”. In closed 

environment (indoor), reflections of signal are added to the received signal. One speaks here 

of “multiple paths” transmission. The result becomes:  

 

  (2) 

 

where  represents convolution operator. ( )d

αih  and ( )R

αih represent respectively the transmission 

filters of the direct and multiple paths (R is the number of multi-path): 

 

  (3) 
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where δ(•) is the Dirac function. Each parameter of these twin filters is function of the 

distance between the audio source and the microphone. 

 

2.2. Location feature definition 

 

In frequency space, the equation (2) becomes: 

 

  (4) 

 

Considering one sound source at a position α and two microphones i and j (c.f. figure 1). In 

computing the rapport of two microphones, we have 

 

  (5) 

 

where ||x(f)|| and φx(f) represent respectively the module and the phase of the complex number  

x. We suggest to define, as parameter of modelisation, a location parameter based on (5). 

Thus, knowing the distance between the microphones and the position to model, the location 

parameter is defined like this: 

 

 

Figure 1: Schema of the different paths of the audio speaker 

at a position α in a reverberant room. 
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  (6) 

We compute it by: 

 

  (7) 

 

With 

 

  (8) 

   

where dαi is the distance between the position α and the microphone i, and c is the speed of 

sound equal to 340 m/s.  TF[•] is the Fourier transform operation. Finally, in order to obtain a 

better representation (better dynamic level) of the location parameter for the modelisation, we 

use the logarithm of (6): 

 

  (9) 

 

The location parameter Lθi,j,α(f) defined, we will see in the following the definition of the  

location model. 

 

2.3. Location model definition 

 

Based on the principle of Smaragdis and Boufounos (2007), we model a position α using the 

probability distribution of the complex parameter Lθi,j,α(f). We estimate it by a multi-gaussian 

distribution. Let two microphones (i and j) knowing the position α, the probability of Lθi,j,α(f) 

is: 

 

  (10) 

 

where N(x; μ, σ) represents the gaussian probability density of a complex variable x with a 

variance σ and a mean μ. G is the number of gaussian kernels and p(g) the weight of the 

gaussian kernel g in the mixture. The parameters p(g), μg and σg are estimated using the 

Expectation-Maximisation algorithm (Dempster et al., 1977) on a learning data set. More 

precisely, we have modified this algorithm in a same sense that (Mouba and Marchand, 2006) 

with an adaptation to the time-frequency space. 
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In the case where M microphones are available (M≥2 ), we propose to characterize a position 

α by computing the following model: 

 

  (11) 

 

where we set the hypothesis that the variables Lθi,j,α(f)  are i.i.d. (independently and identically 

distributed). On the first hand, this choice improves the intrinsic model for the position α. On 

the other hand, it increases the discrimination between positions, more specially for 

symmetrical point of view. 

 

2.4. Localisation of one source 

 

Now we consider that the learning phase has been realised and that we have P location 

models related to P positions α. The phase of localisation is based on the principle of the 

maximum a posteriori (M.A.P.). Thus, knowing the location models we can estimate the 

position of a sound source at the time t like this: 

 

  (12) 

 

where Lθi,j,α(t,f) is the location parameter computed at the time t.   

 

Of course, we consider in (12) that each position α is equiprobable. If we place in the case 

where only one sound source is present at the time t, thus Lθi,j,α(t,f) characterizes only one and 

same position for all f [0,F] (F is the maximum frequency used). Under the hypothesis that 

Lθi,j,α(t,f) are independent between them for all f, we estimate the position like follows: 

 

  (13) 

 

In order to increase the robustness, we propose to take a decision at the time t on many 

consecutive frames. In consequence, the position estimation is realised like: 

 

  (14) 

 

Tm being the number of decision frames. Of course, the equation (14) is valid by considering 

the process i.i.d. in the time domain. 
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3. EXPERIMENT PROCEDURE 

 

3.1. General considerations 

 

The experiments presented in following are realised for the localisation of only one acoustic 

source.  Two reverberant contexts have been considered: a real room at the laboratory and in a 

train coach (respectively named in the follow “the classic context” and the “train context”). 

The position is defined in function of the M=6 microphones placed as shown in the figure 2(a) 

and 2(b). 

For all different experiments the time length of the analysis window is equal to Tw = 20 ms, 

the location parameter being computed at every t = 10 ms (50% of temporal overlapping). The 

sample frequency is Fe = 48000 Hz and we use a maximum frequency Fmax = 8000 Hz for the 

location model. In this frequency wide band, the energy of the consonants being rather weak, 

we choose to localise a speech signal using the voiced part of the speech signal. In this 

context and to compare the results of the localisation with the real position, all the test records 

were labelled manually. 

For both contexts a phase of learning position model has been realised with a data set 

dedicated to this. It consists in recording of one speaker at each position turning him self from 

0 to 360 degrees many times. The probabilistic model of each position was learned with the 

E.M. algorithm.  In the “classic context”, two speakers have been recorded: first one for the 

learning step and the second one for the test step. Altogether that comes between 200 and 400 

frames for each step. In the “train context”, we have only one recorded speaker for all 

positions: we used 2/3 of frames for the learning step and the last 1/3 for the test step. 

 

                

       (a) (b) 

Figure 2: Microphone positions in two acoustic contexts. 

(a): Classical reverberant room, (b): Train coach. The numbers 

correspond of the number label of the microphones and the positions. 
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Knowing that for this record the number of frames for each position was about equal to 210 

frames, that comes to about 140 frames for the step learning and to about 70 frames for the 

test step. 

 

3.2. Evaluation phase 

 

The evaluation consists in comparing the position labels estimated of all test frames with the 

reference positions labelled manually. Then, the rate (in percent) of the real position αn 

estimated as a position ˆ
mα  was computed like this: 

 

  (15) 

 

This evaluation rate is computed for all positions tested in function of all probable positions. 

It is presented in a table named the confusion matrix like (c.f.  Table. 1). The results are 

perfect when the entries outside the main diagonal are all zero and the diagonal entries 

themselves are equal to 100%. 

 

Table 1: Confusion matrix definition. 

 

 

 

4. RESULTS 

 

We present in the table 2 and 3 the results of the localisation estimation for respectively the 

“classic context” and “train context”. The localisation has been performed with different 

parameters: Firstly, we used two different lengths of time for the detection phases: Tm=1 or 5 

frames in (14). Secondly, we didn't use all possible couples of microphones as is describe in 

(11) and we tested two configuration: one time with one couple: Lθ4,3,α(t,f) and a second time 

with six couples: [Lθ2,1,α(t,f), Lθ6,5,α(t,f), Lθ3,1,α(t,f), Lθ5,3,α(t,f), Lθ4,2,α(t,f), Lθ6,4,α(t,f)]. 

Whatever the context, the estimations performed with only one decision frame (Tm=1) and 

only one parameter Lθ4,3,α(t,f) are weak: from 39.5 % to 57.2 % in the classical room (table 

2.a) and from 38.5 % to 85.2 % in the train coach (table 3.a). The results differences, between 

the both contexts are mainly due to the different positions of the microphones: In the train 

coach the microphones are farther than in the classical room and allowing a best 

discrimination of positions. 
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If we increase the couples number (from one to six) of the location parameter, the results are 

improved in both contexts (with Tm still equal to one):  in the “classic context” (table 2.b) the 

gain of the good detection is in the mean equal to 36.5 % and it may be equal to 52.6 %. In 

“train context” (table 3.b), the gain of the good detection is in the mean equal to 28 % and it 

may be equal to 60 %. The increase of the couples number allow mainly to decrease some 

ambiguity existing between some positions. 

Now, when we increase the number of decisions frames Tm=5 and using one couple, we can 

see  (table 2.c and table 3.c) that the good results increase about from 10 % to 15 % in the 

mean considering the two contexts. This decision pattern allows to decrease the estimation 

error due to the default of the model and to increase their robustness to the noise or the signals 

variability. 

 

Table 2: Localisation for only one speaker in reverberant room environment. (a) and (b) were 

performed with one parameter location and respectively with one and five decision frames. (c) 

and (d) were performed with six location parameters and respectively with one and five  

decision frames. 

   

 (a) (b) 

   

 (c) (d) 

 

Table 3: Localisation for only one speaker in train environment. (a) and (b) were performed 

with one parameter location and respectively with one and five decision frames. (c) and (d) 

were performed with six location parameters and respectively with one and five  decision 

frames. 

   

 (a) (b) 
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 (c) (d) 

 

Finally we consider the case where Tm=5 with a couples number of the parameter is equal to 

six. In this case, whatever the context (table 2.d and table 3.d), the results increases again with 

a minimum of good decisions rate equal to 86,6% (table 2.d) and a maximum equal to 100%. 

 

 

5. CONCLUSIONS AND PERSPECTIVES 

 

In this paper we present a method that aims at localising an audio source using a microphone 

array. The goal is to estimate coarsely the position of the each source by determining the area 

where the source is standing. The microphone array is placed above the sources and one area 

is defined for each microphone. This problem is studied from a classification point of view 

where each class is modelling using a Gaussian Mixture Model during a training step. The 

model is fitted on the distribution of the features regarding to ILD and ITD computed in the 

frequency space and taking into account multi-path phenomenon due to reverberant 

environment. 

We have evaluated our method in a laboratory and in a real-life context only for speech 

signal. The real-life environment is represented by a noisy train coach where six microphones 

have been installed on the ceiling. The results are quite promising particularly when 

classification decision is made by processing several consecutive temporal audio frames and 

when speaker are perceived by several couples of microphones. When several speakers 

appear, good performances are reached only if time-frequency signatures of speakers are 

different (temporal-frequency parsimony) and when they don’t speak simultaneously 

(temporal parsimony). 

In the future, we plan to extend this localisation method on other kind of signal (not only 

speech). And we will focus on how to use it to separate and enhance each audio source. In the 

speech context, the goal will be to evaluate the performance of emotional state detector 

(studied in BOSS project) on enhanced speech signal. 
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