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Abstract 
In order to overcome the communication difficulties among 
passengers due to a large amount of background noise in a car 
driven at high or even moderate speed, so-called In-car-
communication (ICC) systems are recently used. Such ICC 
systems improve the signal-to-noise ratio (SNR) within the 
car compartment by recording, processing, and playing back 
the desired speech signal of the talking passenger over 
loudspeakers located close to the listening passengers. 
However, due to the acoustic directionality of the human 
head, ICC systems record a distorted speech signal with a 
degraded intelligibility and quality when the talking 
passenger turns his/her head. This contribution proposes first 
investigations towards an acoustic head orientation estimation 
of the speaking passenger within a noisy car compartment. 
The estimated head orientation cues would permit the 
improvement of speech enhancements technologies of the 
ICC systems such as appropriate equalization and 
corresponding residual noise adjustments (time- and 
frequency selective floor within noise suppression schemes). 
Our algorithm is based on using power ratio between the 
microphones signals as input feature vector for an artificial 
neural network (ANN) whose output is the estimated head 
orientation. The performance has been evaluated at different 
conditions and reported effective and robust results.  

1. Introduction 
In automotive environments, usually there is a high amount of 
background noise when driving at high or even moderate 
speed, which can make the communication among the 
passengers very difficult. Head directivity is another problem 
which can impair the communication inside a car since the 
talking passengers are facing the windshield and do not face 
each other as in normal conversations. Therefore, the signal 
to noise ratio (SNR) inside the car cabinet will be very bad 
and the communication partners will start to increase their 
vocal effort (the so-called Lombard effect) to compensate this 
bad SNR situation. Furthermore, the passengers may start to 
change their head orientation and lean towards each other to 
reduce the distance between them and hence increasing the 
conversation intelligibility. However, these actions are 
uncomfortable for long-time conversations and at the same 
time has a safety risk if the driver does them. In-car 
communication (ICC) systems are a solution for this problem 
[1].  However, the ICC solution has some challenges resulting 
from the closed acoustic loop operation and the high amount 
of disturbing noises (wind, engine, tire noise, etc.) which 
require various signal processing techniques in order to 
overcome these challenges and ensure system stability (such 
techniques include echo control [2], feedback cancellation 
[3], noise reduction [4], beamforming [5] etc.).  

Furthermore, the directionality of human head acoustic field 
creates another challenge for the ICC systems. According to 
[6], the speech signal is attenuated by  with respect 

to the head direction of the speaking person and this 
attenuation is larger at the higher frequencies. For this reason, 
the passenger dedicated microphone is recording a degraded 
low quality and less intelligibility speech signal when the 
talking passenger turns his/her head and this degradation is 
directly proportional with the angle of the head orientation 
(assuming  is pointing to the best microphone). Therefore, 
by estimating the head orientation of the speaking passenger 
it would be possible to equalize the microphone signal 
proportionally with the estimated angle to compensate for the 
frequency selective attenuation resulting from the head 
turning. 

A lot of research have been done to estimate the source 
orientation for applications such as smart room voice 
commanded devices [7], robots [8], voice-controlled 
wheelchairs for disabled people [9], and speech acquisition in 
reverberant environments [10]. However, no attentions have 
been given to estimate the head orientation of the speaker in 
automotive environment where there is low SNR scenarios 
and the speech signal buried in mixture of stationary and non-
stationary background noises. Usually, large arrays of 
hundreds of microphone units have been used in the 
estimation of source orientation [11, 12]. Using large 
microphone arrays may make the orientation estimation 
robust and reliable against undesired additions to signal 
intensity such as reverberation and microphone directivity 
characteristics but at the same time makes the solution 
expensive and not suitable for automotive applications.  

Recently, source orientation estimation has been investigated 
using small microphones arrays [13] but only for smart 
room’s commanded devices where there is no or little 
background noise. In this contribution, however, we aim to 
find a practical head orientation estimation approach using 
few number of microphones (e.g. only 3 channels) for 
automotive environments. Estimating head orientation 
measures in an automotive environment is not trivial task 
especially with low SNR scenarios and the presence of other 
speaking passenger within the car compartment. The ultimate 
goal of our approach is to be robust enough to provide precise 
and continuous real-time angle estimation for the passenger 
head orientation in a car driven in diverse automotive 
environment with a mixture of different background noises 
and with low SNR scenarios (up to ).  

The paper is organized as follows: Sec. 2 describes our model 
approach, the details of pre-processing, feature extraction and 
the neural network estimator approach of the head orientation. 
Sec. 3 presents the details of the experimental setup while the 
experimental results, discussions and evaluations can be 
found in Sec. 4. Finally, a short conclusion is shown in Sec. 
5. 
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2. Model Approach 
In this section, we describe our algorithm for head orientation 
estimation. Fig. 1 depicts the complete process of the 
proposed algorithm.  

 
Figure 1: The proposed system top view,  is the frame index. 

2.1 Pre-processing  
To overcome the bad conditions inside the car and to achieve 
an accurate estimation of the head orientation in term of 
azimuth, the microphones input signals should pass through a 
set of pre-processing steps to enhance the signals quality 
before extracting the feature vector. Fig. 2 shows the block 
diagram of the pre-processing stage.  

 
Figure 2: Pre-processing block diagram. 

All the pre-processings were performed in the time-frequency 
domain  which is generated by applying an analysis 
filterbank on the discrete input signal , where ,  and  
represent the channel index, frame index and the frequency 
subband index respectively. For ease of notation, the 
explanation will be for a single channel indicated by dropping 
the subscript  (it will be used only when necessary). The 
parameters for the filterbank in this study were: frame 
length , overlap =  , window= Hanning, and the 
fast Fourier transform length . 

2.1.1 Noise estimation and reduction  
A suitable noise estimation is needed in order to efficiently 
suppress the background noises which can affect the extracted 
feature in the latter stage and hence the estimation accuracy. 
A robust extended noise estimation (RENE), proposed and 
evaluated in [14], was used. The noise estimation  is 
modeled as the weighted sum of the smoothed input 
magnitude spectrum  and the slow changing noise 
pre-estimator   as following: 

 +    
 

(1) 

where  is the probability weighting for a speech pause. 
The estimated noise   is employed by computing 
Wiener filter coefficients to reduce the additive car 
noise signals and produce an enhanced version of the input 
signal spectrum  as following:  

 (2) 

2.1.2 Voice activity detection (VAD) 
The VAD has a direct impact on the performance of our head 
orientation estimator. A simple threshold based voice activity 
detector was used in our approach to detect the speech 
presence. The idea behind this detector is to use the estimated 
noise  as a reference and compare it with the smoothed 
input magnitude spectrum   multiplied by a certain 
SNR threshold . Whenever the smoothed input 
magnitude spectrum is larger than the estimated noise 
reference, the decision flag  is set to 1 otherwise it set 
to 0. This process is performed framewise for every subband 
where each flag represents the decision output at 
frame  in subband .  

 (3) 

The SNR threshold  has been set to . The final 
decision of the VAD for the frame is determined by 
comparing the number of active flags  within the 
frame against another threshold as following: 

 (4) 

where 1 and 0 represent the presence and absence of the 
speech respectively,  has been set to 5 in this study. 
Only the speech frames are preserved which indicated by  
superscript above the frame index .  

2.1.3 Smoothing  
Smoothing is used to reduce the variance within the 
magnitude of the enhanced input speech  and it is 
performed along the time axis for every subband using a first 
order IIR filter as following: 

 (5) 

where  is the smoothing constant. 

2.2 Feature extraction 
After the pre-processing stage, the smoothed magnitude of the 
enhanced input speech signal for each channel  was 
decomposed into  Mel frequency bands using a Mel 
filterbank in order to reduce the feature vector dimensionality.  
Fig. 3 shows a block diagram of the feature extraction stage. 

 
Figure 3: Feature extraction block diagram. 

With center frequencies from  to  spaced on 
Mel scale, the power ratio were computed for each Mel band 
as following: 

 (6) 

 
where  is the Mel band index and   is the mean of 
the power over the total number of channels  which 
is given by: 
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 (7) 

 represents the feature vector which is used as the 
input of the head orientation estimator in the next stage. By 
using the power ratio related feature, we expect that our head 
orientation approach can model the radiation pattern of the 
human head and can estimate its orientation. 

 2.3 Head orientation estimator 
The estimation of the head orientation estimation is performed 
using an artificial neural network (ANN) which is a massive 
parallel distributed structure of interconnected elements 
called “neurons”. Each neuron is equipped with a bias and a 
non-linear activation function while the interconnections 
between the neurons are equipped with weights. By adjusting 
these biases and weights in the training phase, the network can 
learn to estimate the angle of the head orientation correctly if 
provided with enough training data. In this paper, the ANN 
was fully connected in a feedforward configuration with two 
hidden layers (45 and 30 neurons respectively), both equipped 
with non-linear sigmoid activation function, and one output 
layer with one neuron corresponding to the angle of the head 
orientation which equipped with a linear activation function. 
This is the best structure which was found empirically. The 
feature data was divided into three data sets: training 70%, 
validation 15%, testing 15% and the network was trained 
using Bayesian regularization backpropagation algorithm. 
Dividing the feature data into three sets allow for early 
training stopping to avoid network overfitting. Cross-
validation was also preformed to ensure that the network does 
not overfit to the training data and to ensure its ability for 
generalizing correct angle for fresh data that it has not seen 
before.   

3. Experimental setup 
All the experiments were conducted in an acoustically 
isolated room. An artificial head (HMS II.3 from HEAD 
Acoustics GmbH) was used to simulate the speaker which 
placed on a turntable stand with  of freedom  above 
the ground. Three microphones were placed around the head, 

 above the ground and  away from the head. The 
head was rotated at azimuths within the range  in 
the horizontal plane with steps of  (resulting of total 13 
angles) and in different positions (the distance between each 
two successive positions is ). Fig. 4 shows the 
experimental setup and a schematic diagram which illustrates 
all head orientations and positions used in this study. For each 
head orientation and position,  minute clean speech 
consisting of a set of male and female samples selected from 
the TIMIT database was played back using the head and the 
corresponding response was recorded through three 
distributed microphones around the head. A sampling 
frequency of  was used for playback and recording. 
The recorded signals were down sampled to  and car 
noise was added at different SNRs ( , , , 
and ) to simulate speech signals uttered in a car driven 
at different speeds. A neural network was trained separately 
for each position and another single neural network was 
trained for all the positions. 

 
Figure 4: Experimental setup: (A) actual setup, (B) schematic 
diagram showing the used orientations and positions. 

4. Results 
Three cost functions were used to evaluate the performance 
of the ANN head orientation estimator system, mean 
magnitude error ( ), error variance (  and Pearson 
correlation ( ). The first criterion   measures the average of 
the magnitude error between the correct angles  and their 
estimated counterpart . It is computed as: 

 (8) 

The second criterion  quantifies how much the estimated 
angles vary around their mean and it is computed as: 

 (9) 

The last criterion  measures the linear correlation between 
the estimated and the correct angles, which has a value 
between  and it is computed as: 

 (10) 

where  represents the total number of speech frames, the 
best head orientation estimator is the one with low mean 
magnitude error, low variance error and high Pearson 
correlation. Tab. 1 and Tab. 2 summarize the performance of 
the ANN head orientation estimator system in terms of these 
three cost functions for different SNR scenarios.  

Table 1: Performance of the ANN in terms of , and  for 
single position training (middle position). 

SNR Cost functions 
 in  in   

 0.15 0.82 1 
 0.50 0.76 0.9999 
 0.76 1.33 0.9996 
 0.79 1.4 0.9996 

 

Table 2: Performance of the ANN in terms of ,  and  for all   
the positions training. 

SNR Cost functions 
 in   in   

 0.39 1 0.9998 
 0.61 1.41 0.9997 
 0.85 1.63 0.9995 
 1.69 2.81 0.9986 
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Figure 5: Error histogram for 10, 5, 0 and -5 dB SNR scenarios, 

single position (middle position).  

 
 

 
Figure 6: Error histogram for 10, 5, 0 and -5 dB SNR scenarios, all 
positions. 

5. Conclusion  
In this work, we proposed pre-studies for an acoustic head 
orientation estimation method for ICC systems. An ANN was 
employed to estimate the angle of the head orientation using 
the extracted feature vector after pre-processing the input 
signals. The method was tested and evaluated under various 
SNR conditions and head positions. The results of the analysis 
were promising showing that the system provides robust 
performance in estimating the head orientation angle 
precisely with only less than  mean magnitude error at the 
worst case (  scenario). The next step is to deploy and 
investigate the performance of our method in real car 
environment with real time processing. 
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