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Abstract—A new speaker identification technique was
proposed and presented. It is based on the acquisition of the
individual’s signal of its vocal cords’ vibrations by attaching a
piezoelectric transducer element to a collar and wrapping it
around the neck. Having collected the signal, the Short Term
Fourier Transform (STFT), in conjunction with a particular
window, is applied on the signal to decompose it into its
frequency components. Then, the resulting spectrogram is
normalized, the noise is removed and the corresponding features
are extracted for identification purposes. The performance of the
developed approach in conjunction with various windows’ types
(the Bartlett, the Blackman, the Hamming, the Hanning and the
Rectangular windows) and window’s size is studied and
evaluated quantitatively. The results show that the proposed
approach using the Hamming window of size 64 yields the best
accuracy in the identification of the desired individuals.
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first category involves the comparison of an individual’s sound
with an existing sound’s sample to decide if he/she is who
he/she claims to be. However, speaker identification involves
the matching of the input sound with known sounds stored in
the database. The latter category can be divided into two
branches: text-dependant identification and text-independent
identification. While the text-dependant identification system
has a prior knowledge of the spoken text by the user, the textindependent identification system has to recognize the user
from any spoken text [12-14].
This paper describes a new text-dependant speaker
identification system as well as its performance using various
windows. Besides its good percentage of accuracy, its main
advantage lies in the fact that the text used for recognition is
only an utterance which gives the system a very high
classification speed. Also, its main novel characteristic is that
the signal of the vocal cords’ vibrations is used for the
individual’s identification unlike the existing systems in the
literature that use voice’s signals acquired by microphones.
II. METHOD

The biometric recognition technology has been lately
gaining a tremendous popularity due to its importance as a
robust security measure. Biometric security systems are
favorable and convenient to users because the persons are not
required to remember long passwords or to carry any
identification cards. Furthermore, the biometric recognition
consists of the extraction of a feature vector based on a
physiological characteristic, which is exclusive and unique to
each individual, such as the retina, the iris, the face, the voice,
etc. Therefore, the identification methods provide a high degree
of security and have been used in a wide variety of applications
[1, 2].

The proposed approach is based on acquiring the signal of
the vocal cords’ vibrations and analyzing it. In this context, a
piezoelectric transducer element is attached to a collar which is
wrapped around the individual’s neck. It generates a charge
when a pressure hits the surface of the transducer and a sound
wave when a voltage is applied across the element. That is, an
electrical energy is transformed into a mechanical energy and
vice versa. When a mechanical vibration hits the crystal’s
surface of the transducer, a current signal of proportional
intensity and of the same frequency of the vibration is
generated.

The speaker recognition, particularly based on the
biometric technology, has been studied by researchers for
many years. Numerous network models and signal processing
techniques have been developed and have been tested for
recognition and identification purposes [3] such as the linear
predictive coding (LPC) technique [4-6], the Mel frequency
cepstral coefficient (MFCC) [7, 8], the wavelet transform [911]. The field of speaker recognition can be divided into two
categories: speaker verification and speaker identification. The

The speaker was requested to utter the vowel “a”. The
vocal cords’ mechanical vibrations were detected by the
transducer and the corresponding signal is transformed to an
electrical signal for processing. The latter signal is a nonstationary signal. Its properties change substantially over time
and the changes are usually of primary interest for analysis
purposes. The spectral analysis techniques such as the Fourier
analysis provide a good description of the frequencies’ contents
of the waveform but not their timing. The latter information is
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encoded in the phase portion of the transform. However, the
encoding is difficult to interpret and to recover. Therefore, a
wide range of approaches have been developed to extract both
the time and the frequency information from a waveform. They
are known as time-frequency methods and include the Short
Term Fourier Transform (STFT), the Choi-Williams
Distribution (CWD) and the Wigner-Ville Distribution (WVD)
[15, 16]. The STFT technique was applied to the collected
signal to decompose the latter into its frequency components. It
consists of slicing the waveform of interest into a number of
short segments and performing the Fourier transform on each
segment. A window function must be applied on the collected
signal x(t) to isolate the segment of data and consequently to
perform the STFT on the extracted data. Therefore, the
selection of a window’s type and its size can be crucial. The
window’s type and the window’s size have a big influence on
the results. While the small window’s size improves the time
resolution, the frequency resolution will be reduced and vice
versa. Moreover, low frequencies might be lost when the size
of the window is very small because they will not be included
in the data segment to be analyzed [15, 16- 17]. In this context,
the performance of the proposed time-frequency technique
using the various windows (Bartlett, Blackman, Hamming,
Hanning and Rectangular) as well as their sizes is studied and
is evaluated.
Having implemented the STFT technique, further
processing is performed on the acquired signal. First, the
frequencies’ magnitudes are normalized by dividing the latter
by the highest value. Second, the low frequencies’ values are
considered as noise because they are mostly resulted from an
outside interference and not from the vocal cords’ vibrations.
Subsequently, they are eliminated in order to have a better
signal, well suited for the latter processing and consequently to
achieve a better accuracy for identification purposes. Finally,
the meaningful frequencies of the signal are extracted to
identify the individual. The ranges of frequencies extracted
from the spectrogram are those who have magnitudes’ values
greater than a threshold value. In other words, if the magnitude
at a particular frequency is greater than a certain percentage of
the highest frequency’s amplitude, it will be kept. Otherwise,
the corresponding frequency’s amplitude is removed (set to
zero). The extracted features are transformed into a 1-D array
for classification purposes [18].

standard deviations of X and Y, respectively and MxN is the
length of the extracted vector X (or Y). For any two vectors,
the closer the coefficient’s value is to 1; the higher the
similarity is between the two vectors. Consequently, the closer
the correlation value is to zero, the higher is the dissimilarity.
Then, the highest correlation value points to the identified
person [19].
As stated before, the identification process requires the
existence of a database in which a template of the feature
vector of each individual to be identified is stored. In this work,
the database consists of feature vectors of N individuals.
Actually, each person utters the vowel “a” and the
corresponding signal of the vocal cords’ vibrations is collected.
This experiment is repeated three times for each individual.
Thus, 3N signals were collected and each is processed as
outlined earlier in order to obtain the feature vector. Then, one
feature vector per individual is stored in the database and the
remaining 2N feature vectors are used to evaluate the proposed
approach.
IV. RESULTS AND ANALYSIS
As already stated earlier, the proposed time-frequency
based approach requires the implementation of STFT using a
particular window, namely, the Bartlett, the Blackman, the
Hamming, the Hanning and the Rectangular. The selection of
the window type and its size affect the precision of the
developed approach and the accuracy in the identification of
the desired individuals. In this context, the various windows are
presented before proceeding to the quantitative analysis.
The Bartlett window is defined as follows [20]:
(2)
The Blackman window is given by [20, 21]:

The Hamming window is defined as follows [20, 21]:

III. SPEAKER IDENTIFICATION
In this section, the classification of the collected signal of
an individual is described. In other words, the desired person
who has uttered the vowel “a” is identified. The identification
is accomplished using the correlation as a similarity measure.
The extracted 1-D array (X) is compared against a set of
vectors that are already extracted in the same manner and are
stored in the database for different individuals (Trained set –
vector Y). The linear correlation coefficient Corr(X, Y)
between two vectors X and Y is expressed as:

Where X and Y are the vectors to be compared, µx and µy are
the mean values of X and Y, respectively, σx and σy are the
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The Hanning window is expressed by [20, 21]:
(5)
The Rectangular window can be considered as the simplest
window. It is represented by the following weighted function
[20]:
(6)
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TABLE I.

COMPARISON OF WINDOWS’ PARAMETERS [20]

Window
Type

Approximate
amplitude of the
peak side lobe

Approximate
main lobe’s
width

Peak
estimation
error (dB)

Bartlett

-25

-25

Blackman

-57

-74

Hamming

-41

-53

Hanning

-31

-44

Rectangular

-13

21
Fig. 2. Corresponding spectrogram after applying STFT

Fig. 3. Corresponding spectrogram after Normalization and noise removal
Fig. 1. Acquired signal for an individual

Table I shows a summary of the main differences between
the various implemented windows in terms of the main lobe’s
width, the amplitude of the peak side lobe with respect to the
main lobe and the error associated with the peak’s estimation
[20].
As it is stated earlier, the measurements were performed by
attaching a piezoelectric transducer on the skin of the
individual’s neck using a collar that is wrapped around the
individual’s neck. The transducer element is the Ferroperm
Piezoceramic Pz26. It has a length (L) =2.2cm, a width (W) =
0.4cm, a thickness (Th) = 0.1 cm and a coupling factor K of
33% [22, 23]. The transducer element was connected to the
input port of a NI Elvis II+ board (16-bit resolution) and the
resulting electrical signal was acquired and analyzed using
labview. The sampling frequency was selected to be 2500 Hz.
The individual was asked to utter the vowel “a”. Then, the
collected signal of the vocal cords’ vibrations is processed
using the approach presented in section III. That is, each
individual’s signal is analyzed using the STFT technique in
conjunction with each window. The corresponding database for
each window is generated as it is described earlier. Then, the
remaining collected signals are processed to evaluate the
performance of the respective STFT approach in identifying
the desired person.
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Fig. 1 shows the collected signal from an individual
uttering the vowel “a”. The corresponding spectrogram that is
obtained using the STFT technique, in conjunction with the
Hamming window of size 64 and a time step of 5 is shown in
Fig.2. The amplitudes of the displayed frequencies are
represented by different colors in the graph. The amplitudes’
range is from 50 atto (1 atto= 10-18) to 50 nano.
Fig.3 shows the resulting spectrogram after the
normalization and the noise’s removal procedures are
performed. The corresponding extracted features are shown in
Fig.4. The extraction is performed by selecting a range from
the 2-D array (shown in Fig. 3) bounded by two vertical lines.
While the first line corresponds to the first sample’s index
associated with the frequency components having a magnitude
value greater than the threshold value, the second line
corresponds to the last sample’s index associated with the
frequency components having a magnitude value greater than
the threshold value. Thus, all the meaningful frequencies in the
spectrogram will be inside the selected range. These features
were stored and were used for identification purposes.
Table II illustrates the accuracy of the STFT technique in
conjunction with the different windows’ types, namely, the
Barlett, the Blackman, the Hamming, the Hanning and the
Rectangular. Also it displays the performance of the STFT
using various windows’ sizes, namely, 32, 64, 128, 256, and
512.
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TABLE II.

PERCENTAGE OF ACCURACY OF THE PROPOSED
TECHNIQUE IN IDENTIFYING THE DESIRED INDIVIDUAL FOR
DIFFERENT WINDOW’S TYPES AND WINDOW’S SIZES

Window’s Type

32

64

128

256

512

Barlett

Window’s Size

76

88

79

70

66

Blackman

62

85

85

72

69

Hamming

77

91

79

69

64

Hanning

73

87

81

70

66

Rectangular

88

86

74

67

65
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