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Abstract

In this paper we try to answer with justifications the question 
posed in the title! We have used for this purpose a speech 
recording hardware; an acoustic artificial head, which 
accurately imitates human head, shoulder, and outer ears. It 
offers excellent level of realism and clarity in audio 
recording. Special speech corpuses are prepared under 
different noise conditions using the artificial head in normal 
office environment and anechoic chamber. Then the speech 
corpuses are used to evaluate the performance of a text-
independent speaker identification system using two types of 
features. Identical corpuses using two-microphone array for 
recording are also prepared and used for assessing the 
performance of the same speaker identification system.  
The results show that using the artificial head for recording 
improves the identification rate under different noise 
conditions. This confirms that human ears and head structures 
have a role in improving human ability to recognize people 
from their voice.   

Index Terms: speaker identification, acoustic artificial head 
(HMS �.3) 

1. Introduction
Speaker identification continues to attract more attentions 
nowadays especially in security applications. So far, feature 
analysis and modelling paradigms are heavily investigated. In 
feature analysis, the short-time spectral analysis Mel-
frequency cepstrum coefficient (MFCC) is dominating. While 
in modelling, the Gaussian Mixture Models (GMM) and 
maximum likelihood pattern classification have taken the 
leading roles [1]. The current speaker identification systems 
show very good performance in noise free environments.  
However there are many challenges and problems when using 
these systems in “real-world” applications, where 
reverberation, echo, and sound reflection exist. These effects 
distort the processed speech signal and greatly deteriorate the 
system performance. Therefore, these situations urge the 
demand for a reliable media that can convey the speech signal 
produced by speakers to the processing computer with 
minimal distortion. There is another incentive for this 
research. Next generation robots will be mimicking human 
shape, and artificial heads will be part of the design. Thus we 
have decided to use a human-like artificial head in our 
research to evaluate its importance in speech enabled 
applications. 

From these perspectives we seek imitating human hearing 
by using artificial head to study its role in improving the 
performance of speaker identification systems. The artificial 
head recording is preserving all the attributes of sound 
including three dimensional cues and room effects. The 
artificial head used in our research is a product of HEAD 
Acoustics (HMS II.3), which uses state-of-the-art 24-bit 

technology to provide a dynamic range comparable to that of 
human hearing[2]. We prepared special speech corpuses using 
this artificial head for recording. These corpuses are used to 
carry out a series of experiments using monaural and binaural 
based feature extraction algorithms to evaluate the 
performance of a speaker identification system. The results 
show that artificial head recordings provide a high fidelity 
speech signal as compared to the signal acquired by normal 
microphones. In addition we have achieved higher 
identification rates with the artificial head recording speech 
corpuses.  

The rest of paper is structured as follows. The acoustic 
artificial head is described in section 2. Section 3 briefly 
introduces our developed binaural feature extraction method. 
Then the preparation of the speech corpuses is depicted in 
section 4. In section 5, a series of experiments on the task of 
speaker identification is conducted to evaluate the role of the 
artificial head. Finally, conclusions are given in section 6. 

2. Acoustic artificial head recording 
 The acoustic head HMS �.3 has been developed for acoustic 
measurement of telephone terminal equipment to meet the 
requirements of the International Telecommunication Union 
(ITU-T) Recommendations. The simulation of the head 
geometry has been reduced to the acoustically relevant 
structures of the human anatomy and results in a recording 
technology which corresponds to realistic conditions. The 
artificial head is equipped with two highly-sensitive 
condenser microphones coupled to the artificial outer ears 
(pinna) through an ear canal. The acoustic characteristics of 
the artificial ears are modelled based on the human ears using 
the pinna simulation. At the same time, the influence on the 
sound behaviour caused by the surface and contour of the 
human head and shoulders has also been taken into 
consideration. The pinna simulation has acoustical and 
mechanical impedance corresponding to the human skin. 
Therefore the pinna simulation emulates the mechanical 
deformation behaviour as well as the acoustical properties of 
the human outer ears. The received sound is filtered, by the 
pinna transfer function of the outer ear, and transferred to the 
computer through a digital binaural equalizer BEQ II using 
sampling rate of 48 KHz. The system combines the functions 
of an equalizer, a two-channel front-end, and an A/D 
converter into a single mobile unit. BEQ � simulates the 
frequency transfer function of the artificial head microphone 
which varies according to the sound direction. This 
characteristic does not apply to the two-microphone array. 
Three equalization modes are available for recording using 
the binaural equalizer; free field equalization (FF), diffuse 
field equalization (DF) and Independent-of-direction 
equalization (ID). Therefore with the binaural equalizer, the 
artificial head becomes an ideal recording device which 
mimics the human ear characteristics.  
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3. Binaural feature extraction 
In this section, we briefly introduce our speaker identification 
system [3]. It is inspired by the human binaural system and 
structured by a pair of microphones, Gammatone filterbank 
(GTF), half-wave rectification, A-law power compression, 
cepstral and Independent Component Analysis (ICA). The 
proposed front end is illustrated in Fig. 1.  

 

 
 

 
The binaural model carefully imitates the functions of 

human hearing according to physiological and psycho- 
acoustical clues. A pair of microphones is used to replicate 
human ears in the system. Then the acquired signals from 
these two microphones are passed to the Gammatone 
filterbanks (GTF). GTF models the cochlea function by a 
bank of overlapping bandpass filters. The impulse response of 
each filter follows the Gammatone function shape [4]. Each 
bandpass filter of the GTF is followed by a half-wave rectifier 
and an A-law compressor to simulate the behaviour of inner 
hair cells. The half-wave rectifier accurately simulates 
transduction from the movements of basilar membrane to 
neural activity in the inner hair cells. The A-power-law 
compressor is applied to the rectified signals to reduce the 
dynamic range of the signal. Then the two subband outputs 
are combined by cross-correlation to boost the speech signal 
component and reduce the effect of noise components. 
Subsequently, the cepstral analysis of the cross-correlation 
output is performed based on the fact that human aural 
discrimination typically manifests itself by capability of audio 
separation in the cepstral domain. The real cepstrum is 
adopted since the phase information has insignificant effect 
on the speaker identification system, similar to the human ear, 
which is phase-insensitive [5]. ICA method is then applied to 
the cepstrum observation X (in Figure 1) to extract 
independent feature vectors. ICA assumes the observation X 
as a linear mixture of independent components [6]. The 
extracted separating matrix W captures the correlations 
among the frequency bands of the speech signal spectra. This 
is achieved by the ICA algorithm in the form of linear 
combinations of basic filter functions specific to each person. 
These correlations can be considered as functions of a 
speaker’s glottal or nasal shape. Therefore the GTF-ICA 
feature matrix W is specific to individuals. Meanwhile ICA is 
a highly efficient representation of speech signals. It does not 
only decorrelate the second order statistics but also reduces 
the higher-order statistical dependencies. Hence it captures 

the main and essential variability of the speech signal, such as 
gender, accent, age, speech rate and phones realizations. Also 
ICA demotes harmful speech variability, such as the additive 
noise. The two-input cross-correlation processing and cepstral 
analysis improve the robustness against uncorrelated noises. 
Finally, five cross diagonal elements of the W feature matrix 
are averaged to form a frame feature vector [3, 6]. This 
binaural auditory model based feature extraction method has 
been proven to accurately denote the distribution of 
individual speakers and largely minimize the effect of the 
background noise and room reverberation [3]. Also, the 
feature matrix W represents the statistical structure of the 
speech signal in the frequency bands of the Gammatone 
filterbank, which is designed to imitate the frequency 
resolution of the human hearing. Hence this feature extraction 
technique also introduces concepts of human aural system to 
the processing, which humanizes the speaker identification 
system and makes the system more reliable. The feature 
developed by this method is called two-channel GTF-ICA 
(TC-GTF-ICA). The rest of the system is a straightforward 
GMM classifier to identify speakers [1]. 

 

4. Speech corpus preparation 
This section explains how our speech corpuses are prepared 
to serve our objective in evaluating the impact of using 
human-like ears on the performance of speaker identification 
systems. Our speech corpuses are developed based on TIMIT 
corpus and NOISEX-92 database. TIMIT corpus is a noise 
free speech database recorded using a high quality 
microphone with signals sampled at 16 KHz. TIMIT contains 
utterances of 630 speakers from 8 different dialects of spoken 
American English. For each speaker there are 10 sentences 
arranged in 3 categories (dialect calibration, random 
contextual variant and phonetically compact sentences). 
NOISEX-92 is a noise database which provides various 
noises recorded in real environments. Both of these databases 
are standard databases commonly used in benchmarking 
speech processing systems.  
We prepared four corpuses; two of them in an anechoic 
chamber (called also whisper room) and the other two 
corpuses in a normal office room. Two corpuses are prepared 
in each case as one of them uses the artificial head while the 
other is using two-microphone array. 
The experiment is first carried out in the non-reverberant 
whisper room. In this room, walls, ceiling, and floor are 
covered with anechoic sound absorbent material. Therefore 
the reverberation effect can be ignored in this room. The 
experimental set up is shown in figure 2. There are three 
speakers, to generate speech and noises, in addition to the 
acoustic head or two-microphone array to record the 
generated sounds. The source loudspeaker is located 30cm in 
front of the microphones/head (look direction) and used to 
reproduce speech from TIMIT database. While the other two 
loudspeakers are located 1.5m and 1m away from the source 
speaker with azimuth angles of 45 and 60 degree respectively, 
and used to produce noises from NOISEX-92 database. The 
source loudspeaker, noise loudspeakers and artificial head 
were about 1.5m high. 

There are two sets of recordings; one for training and the 
other for testing. All the training utterances are recorded in 
clean environment without any background noise, while the 
testing utterances are recoded mostly in noisy environment. 
The duration of each training utterance is 15 seconds while 
that of the testing utterance is 5 seconds. The photo of the 
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Figure 1: Block diagram of GTF-ICA feature extraction 
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artificial head in the whisper room is shown in figure 3. Four 
recording scenarios are performed to prepare each corpus:  

Scenario 1: The source loudspeaker produces TIMIT 
speech while the noise loud speakers are off. Both training 
and testing utterances are recorded in noise free environment.  

Scenario 2: The source loudspeaker produces TIMIT 
speech and the noise loudspeaker LS1 produces factory noise. 
The measured signal to noise ratio (SNR) is set to be 20dB, 
10dB, and 5dB.  

Scenario 3: The source loudspeaker produces TIMIT 
speech and the noise loudspeaker LS2 produces destroyer 
noise. SNR is adjusted similar to Scenario 2. 

Scenario 4: All loudspeakers of source and noises are 
active. SNR is adjusted similar to Scenario 2. 

 

 
Figure 2: Experimental setup of recordings 

 

Figure 3: Artificial head recording in the whisper room 

 
 
The other two corpuses are prepared in a normal office 

room, where the experimental setup and scenarios made in the 
anechoic chamber are exactly replicated. In this room, the 
reverberation and echo due to the walls, ceiling, floor and 
furniture are quite evident. These two speech corpuses are 
prepared specifically to explore how the artificial head 
performs with the existence of room reverberation and echo. 

 

5. Experimental results 
Text-independent speaker identification tasks using the four 
corpuses are implemented to evaluate the implication of using 
the artificial head. Two types of features used; monaural and 

binaural based features. MFCC feature is a monaural feature 
since it only uses one channel of the recorded speech.  We 
picked the left channel of the artificial head and microphone 
array to process. Our developed TC-GTF-ICA feature 
(explained in section 3) is a binaural feature. All the recorded 
speech signals are down sampled to 16KHz to reduce the 
computation load. We selected 188 speakers (88 females and 
100 males) from all the 8 dialects of TIMIT. The recorded 
speech signal is first segmented into 30ms frames with 50% 
overlap and multiplied by hamming window. Then, TC-GTF-
ICA and MFCC feature vectors are extracted from each 
frame. Those vectors are modelled by 32 components 
Gaussian Mixture Models (GMM) [4]. Our system uses a 
simple percent correct measure to quantify the identification 
performance. The identities recognized by the system are 
compared with the known identities to classify the decision as 
correct or incorrect and the number of correctly identified 
speakers in the database is used as a performance measure. 

Noise LS2 

30cm

Speech LS 

1.5m 
1m 

45º 60º 

Noise LS1  

5.1. Experimental results for monaural processing 
The speaker identification performance using the monaural 
based feature MFCC extracted from the left channel signal of 
the acoustic artificial head and microphone array recordings 
in the whisper room and normal office are summarized in 
tables 1 and 2. The performance is measured for all the four 
recording scenarios. S1, S2, S3, and S4 refer to the scenario. 

Table 1 shows that the identification rate in the whisper 
room using the artificial head outperforms the two-
microphone array by 1.59% in Scenario-1 (no active noise) 
and 2.07% on average in noise activated scenarios. This 
indicates that the artificial head has an impact on improving 
the performance. This might be attributed to the high fidelity 
recording due to the imitation of human outer-ear function. 

Table 1. Identification rates in a non-reverberation room for 
monaural processing using MFCC feature. 

Rate (%) Artificial head 
recording 

Microphone array 
recording 

S1 98.40 96.81 

20dB 66.49 65.43 

10dB 38.83 36.70 S2 

5dB 13.30 11.17 

20dB 67.02 65.96 

10dB 23.94 21.81 S3 

5dB 15.96 12.77 

20dB 63.30 61.17 

10dB 19.68 17.02 S4 

5dB 13.83 11.70 

Ave Noise% 35.82 33.75 

The improvement achieved in the normal office is 2.78% on 
average (table 2), which indicates that the artificial head 
improves the performance more in normal echoic 
environments. This result indicates that the human hearing 
structure contributes to suppress some of the reverberation 
and echo effects.  

5.2. Experimental results for binaural processing 
The experimental results for binaural processing are shown in 
the Tables 3 to 4. Here we denote TC-GTF-ICA as the two-
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channel GTF-ICA features. This feature by itself outperforms 
the MFCC as it cancels out the noise effect [3]. This would 
explain why in Table 3 the artificial head contribute less to 
improve the performance in the whisper room which is 1.4% 
on average.  In Scenario-1 the performances of MFCC and 
TC-GTF-ICA are the same as seen from tables 1 and 3 as 
there is no noise or echo to deteriorate the performance.  

Table 4 reports the performance in a normal office 
environment. In this case the artificial head would contribute 
more to improve the performance due to the existence of the 
echo and reverberation in addition to the generated noises. 
The improvement of the artificial head in identification is on 
average 2.54%.  

Table 2. Identification rates in a normal office room for 
monaural processing using MFCC feature. 

Rate (%) Artificial head 
recording 

Microphone array 
recording 

20dB 63.30 61.17 

10dB 34.57 32.45 S2 

5dB 9.57 5.85 

20dB 62.77 60.64 

10dB 18.62 14.89 S3 

5dB 10.64 7.44 

20dB 58.51 55.85 

10dB 15.96 13.30 $4 

5dB 9.57 6.91 

Ave Noise% 31.50 28.72 
 

In summary the improvements reported in tables 1 and 2 
are higher than those reported in the corresponding tables 3 
and 4. This is because of the features used. The TC-ICA-GTF 
is better than the MFCC in noisy environment. Thus the 
acoustic head would contribute less when using this feature.  

Table 3. Identification rates in a non-reverberation room for 
binaural processing using TC-GTF-ICA feature. 

Rate (%) Artificial head 
recording 

Microphone array 
recording 

S1 98.40 96.81 

20dB 76.60 75.53 

10dB 50.53 48.94 S2 

5dB 31.91 30.95 

20dB 73.94 73.40 

10dB 49.46 48.94 S3 

5dB 40.96 38.83 

20dB 73.40 72.34 

10dB 49.47 46.89 S4 

5dB 40.42 38.30 

Ave Noise% 54.08 52.68 

6. Conclusions

The role of the artificial head in improving the performance 
of speaker identification systems is introduced in this paper. 
The artificial head is an ideal recording device which mimics 
the human ear characteristic. Speech corpuses according to 
four scenarios of speech and noise mixing have been prepared 

in normal office and a whisper room. Speech signals from 
these corpuses are then introduced to a monaural and binaural 
based speaker recognition system. The identification scores 
are measured for each scenario of the recordings. 
 From the results shown in tables 1-4, it can be noticed 
that improvements have been achieved by 1.59% to 2.78% on 
average under various noise conditions with one channel and 
two-channel settings of speaker identification system. The 
improvement might not appear very high but there is 
improvement in all cases.  This research gives a clear idea 
about what level of improvement developers might expect 
from using the artificial head in speaker identification 
systems. 

Table 4. Identification rates in a normal office room for 
binaural processing using TC-GTF-ICA feature. 

Rate (%) Artificial head 
recording 

Microphone array 
recording 

20dB 74.47 72.34 

10dB 47.87 44.68 S2 

5dB 29.79 25.53 

20dB 71.28 69.68 

10dB 47.87 45.74 S3 

5dB 37.23 35.11 

20dB 70.21 68.62 

10dB 46.28 43.62 S4 

5dB 37.77 34.57 

Ave Noise% 51.42 48.88 
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