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Abstract 
 
In this paper, we show studies of Multitaper spectrum 
estimation techniques to obtain the Mel-frequency cepstral 
coefficients (MFCCs) for source microphone identification 
systems. In the previous works, MFCCs were computed 
commonly from a single windowed (Hamming) DFT 
spectrum for source microphone identification. Emphasis on 
Multitaper MFCC features led us to extract intrinsic source 
microphone features obtained from non-speech segments. 
Experimental results on a set of 16 microphones yield that 
the Multitaper MFCC features show better performance 
compared to the Hamming windowed MFCC features. 

 
1. Introduction 

 
Recently, media forensics has received considerable attention 

in different situations such as authenticity and integrity of 
image, video and audio recordings. In a criminal investigation 
and law enforcement, alterations of these digital contents 
(forged contents) are an important issue. On the other hand, the 
needs of methods to assess their authenticity boost the demand. 
This issue is strictly related with audio authenticity and 
tampering detection [1]. The speech signals from source 
microphones can be very helpful in such situations. 
Complementary information about these situations can also be 
obtained by correctly identifying the source microphone. 

Kraetzer et al. [2] proposed the first approach to identify the 
source microphone. They used audio steganalysis features as 
feature extraction method and the Kmeans and Naive Bayes as 
classification techniques to determine the source microphone 
and its recording environments. Then, Buchhols et al.  presented 
[3] a Fourier coefficient histogram of near-silence segments of 
the recording as features. Simple Logistic, J48 decision tree, K-
nearest neighbor, Support Vector Machine (SVM) classifiers 
carried out microphone identification task. Then, they 
investigated the performance of unweighted information fusion 
approach, using time domain (TD) features combination with 
frequency domain (FD) and the MFCC features [4]. In a later 
study [5], the identification of 8 microphones was studied and 
all feature computations were done using MFCC on NIST 2006 
Speaker Recognition Evaluation database. Recently, we 
presented a microphone identification system using MFCC, 
linear prediction cepstrum coefficients (LPCC) and perceptually 
based linear predictive coefficients (PLPC) in [6]. Our results 
shows, when the MFCC features were classified by a Gaussian 
Mixture Model (GMM), 16 different microphones were 
identified with an accuracy of 96.87%. A comparison of the 
source microphone identification experiments is given in Table 
1.  

In addition to the microphone identification experiments, a 
landline telephone handsets identification method was proposed 
in the study [5] and further enhanced by Panagakis, and 
Kotropoulos [7]. Moreover, the source computer device 
identification from the recorded calls was recently presented [8]. 
In our earlier study, we extended the device identification by 
identifying cell phones from speech recordings [9]. We applied 
MFCC for the feature extraction and the vector quantization 
(VQ) and the SVM classifiers on a dataset of 14 cell phones. 

 
Table 1. Comparison of feature extraction methods for 

microphone identification. 
 

 
Reference 

No. of 
Microphone 

 
Features 

Correct 
ID rate 

(%) 
Kraetzer et al. [2] 4 7 TD* 

56 MFCC  
75.99 

Buchhols et al. [3] 7 2048 FD* 93.5 
 

Kraetzer et al.  [4] 
 

4&7 
7 TD 
35 FD  

56 MFCC 

 
100 

 
Kraetzer et al.  [1] 

 
4&7 

9 TD 
529 FD  

52 MFCC 

 
82.51 

 
Garcia-

Romero&Epsy-
Wilson [5] 

 
8 

 
23 MFCC 

 
99 

Eskidere [6] 16 13 MFCC  96.87 
* TD: Time domain features, FD: frequency domain features. 

 
According to the previous studies, the MFCC features were 

frequently used for identification of unknown source device. 
These features help in capturing device specific discriminative 
information from speech recordings. All of these works single 
window (taper) MFCC features carried out. A single windowing 
such as Hamming help to reduce bias but large variance is still a 
problem, and therefore, MFCCs calculated from this technique 
have also high variance. To eliminate this problem, Multitaper 
spectral estimation method can be used. As a result, the large 
variance for spectrum estimation can be reduced by multiple 
time domain windows instead of hamming-windowed power 
spectrum [10-12]. This technique is based on analyzing the 
speech frame using a number of spectrum estimators. Each of 
these estimators has a different taper. Thus, the final spectrum as 
a weighted mean of each sub-spectrum is calculated.  

In this paper we study the source microphone identification 
issue using the speech recordings. We also compared the 
microphone identification performances of Hamming windows 
MFCCs and Multitaper MFCC feature extraction methods.  It 
was previously proposed that use of non-speech segments of 
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recorded signal which help in capturing information about the 
microphone easier than the speech segment [13]. Though, high 
identification accuracy was obtained in using whole speech 
signal in our earlier work [6], we also tested in this study that 
information about the source microphone might be more 
pronounced in the non-speech parts of the signal. Experimental 
results indicate that the multitaper MFCCs method outperformed 
Hamming windowed MFCCs for microphone identification task. 
 

2. Methods 
 

Microphone identification task includes of two steps: training 
and identification. In the first step, discriminative features were 
obtained from the training speech recordings of each 
microphone in the dataset.  A microphone model was created 
using these features. Using speech recordings, microphone 
properties such as transducer type, sensitivity, frequency 
response, and directionality helped us to capture intrinsic 
characteristics of the microphone. These properties of the source 
microphone were transferred to the recorded signal. In the 
identification step, the features were fed into a classifier to 
determine a specific microphone existing in our dataset. 
 
2.1. Feature extraction 
 

We consider each microphone has unique traces transferred to 
the recordings and these traces can be represented by features 
and signal modeling techniques. In speech processing, MFCCs 
are the most popular features and have been proven to be very 
effective as feature extraction technique [14-16]. Generally, 
MFCCs were carried out to date as fundamental acoustic 
features in microphone identification problems [1-6].  
 
2.1.1. Multitaper MFCC 
 

A popular approach in the spectrum estimation is the 
Multitaper spectrum estimation technique which has low 
variance. This technique has been replaced by the Hamming-
windowed DFT spectrum used for single taper MFCC in many 
applications [17-19]. For the Multitaper spectrum estimation, the 
speech frame was performed from a series of spectra using FFT 
and then each signal was weighted and averaged in frequency 
domain.  For ����� is a frame of signal with length �� , the 
multitaper spectrum estimator �	�
�����is given by 
 

 �	�
����  � �������� �� �����������
����
������� �

 
 (1) 

 
where�! is the number of the tapers, ��  is the ��"data taper 
���  #$%$& $ !�� and ���� is the weight of the ��" taper. 

 Figure 1 shows block diagrams for MFCC and Multitaper 
MFCC feature extraction methods. For traditional MFCC 
extraction, the speech sample was first decomposed into 
overlapping frames. Then signal was windowed using a window 
function which produced the more weight to the center of the 
signal than to its ends. Hamming window is the most popular 
window which can be defined as: 

����  '()* + '(*,-./ 0%1�� 2 (2) 

The power spectrum can directly be calculated using the Fast 
Fourier transform (FFT) from this windowed frame. In other 

words, as a special case of the Multitaper spectrum estimation 
method, the same power spectrum is obtained in case of 
�  !  # and�����  #. Then, the Mel-scale is applied to 
warp the power spectrum and signal is filtered with a bank of 
triangular filters. Finally, the discrete cosine transform is applied 
to the logarithmic filterbank outputs to obtain MFCCs.   

 

 

 

 

 
 

 
 

 
 
 
 
 
 
 
 
 
 

 

 

 
Fig. 1. Block diagrams for MFCC and Multitaper MFCC feature 

extraction 
 

In Multitaper MFCC extraction, the Multitaper MFCC was 
replaced by the single taper FFT spectrum of MFCC. Firstly, a 
frame of signal was multiplied by a family of tapers such as 
Thomson [20], multipeak [21] and sinusoidal weighted cepstrum 
estimator (SWCE) tapers [22]. Fig. 2 denotes the Thomson, the 
multipeak and the sine tapers were used for Multitaper spectrum 
estimation. Then, the power spectrum was calculated for the 
each signal and the logarithmic filter bank outputs obtained of 
weighted and averaged signal. Lastly, Multitaper MFCC 
features were obtained from the discrete cosine transform. 
Detailed information about these techniques can be found in [17, 
23].  

 
2.2. Classification 
 
In the experiments, the GMM classifier was used and tested to 

validate the applicability of the proposed method with speech 
and non-speech parts of the whole utterance. For our 
microphone identification system, each microphone is 
represented by such a GMM and this model 3��is defined as  

 
 

3  (45, 65, 75)   j = 1, 2, …., M. (3) 
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where ; is the number of mixture compon
vectors, 75  is the covariance matrices an
mixture weights. 

In the training phase of the GMM, mod
computed from the training data usin
maximization (EM) algorithm which conver
likelihood estimate of the mixture parameter
the identification phase of the GMM, the ca
likelihood functions using the test signal
earlier study [6], 2, 4, 8, 16, 32, 64, 
component densities were studied and ; = 6
the highest accuracy for MFCCs. For this
GMM with 64 component Gaussian densitie

Fig. 2. Plot of three types of widely used tapers f
estimation. (a) The Thomson tapers (b) the multip
sine tapers. Window length is 300, m is the taper n
 
3. Experiments 

 
The microphone identification experiments
the same subset of the TIMIT Database as 
[6]. This subset consisted of speech recordin
(20 males and 20 females) acquired by 16
experiments, 120 phonetically diverse sen
speakers were played and recorded by each
same room. The brands and models of mic
in Table 2.  
 
Table 2. The brands and models of the micr
experiments. 
 

Id Brand (Model) 
M1 Sennheiser (PC-31)
M2 A4Tech (HS-5P) 
M3 Creative (HS-350) 
M4 Enzatec (HS-903) 
M5 Genius (HS-500X) 
M6 Hama (CS-408) 
M7 Hama (NB-402) 
M8 Logitech (PC-120) 
M9 Microsoft (LX-200
M10 Philips (SHM-1900
M11 Philips (SHM-1000
M12 Sony (DR-115DP) 
M13 Sony (ECM-DS70P

nents, 65  is the mean 
nd 45 < ='$#>  is the 

del parameters 3 are 
ng the expectation 
rges to the maximum 
rs locally [25-26]. In 
alculation of a set of 
l is applied. In our 

and 128 Gaussian 
64 was found to give 
s reason we use the 
es. 

 
for Multitaper spectrum 
peak tapers, and (c) the 
number. 

s were conducted on 
described previously 
ngs from 40 speakers 
6 microphone. In the 
ntences of these 40 
h microphone in the 

crophones are shown 

rophones used in the 

) 

00) 
0) 
0) 

P) 

M14 Teac (HP-
M15 Trust (MC
M16 Trust (Clip

 
For our experiments, MFCCs an

were extracted on 25 ms frames, w
speech recordings were normalize
MFCCs were calculated from the H
estimates. For Thomson, multipe
steps were treated as the same, e
estimated using Eq. (1). Thes
demonstrated in Fig. 1 were em
multitaper  method a weighted
computed from the eigenvalues,
simply averaging the individual 
obtained 13 MFCCs or 13 Multitap
the DC coefficient �-� ). Non-spee
determined using a silence dete
Following the experimental setup 
divided into 2 parts, as training and
 
4. Results and Discussion 
 
In the experiments, suitable a
Hamming window system and
investigated on microphone ident
Thomson, multipeak, and SW
Additionally, the effects of amo
information in speech and non-spe
the source microphone identific
microphone identification results u
for the baseline Hamming wind
systems. 
 

 
Fig. 3. Microphone identificatio
speech recordings for the baselin
and multitaper systems. 
 
Next, we evaluated the impact of u
for the proposed feature extract
features obtained from the non-s
Identification results using these fe
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WCE tapers was tested. 
ount of microphone-specific 
eech parts were compared for 
cation. Figure 3 shows the 
using whole speech recordings 
dow system and multitaper 

 

on results (%) using whole 
ne Hamming window system 

use non-speech segments only 
tion methods. In this case, 

speech parts were employed. 
eatures are given in Figure 4. 

6 8
mber of Tapers

Multipeak SWCE

229



 
Fig. 4. Microphone identification results (%
segments for the baseline Hamming w
multitaper systems. 
 
 
In the last experiment, Microphone identif
the speech parts only for the baseline Hamm
and multitaper systems are given in Figure 5
 

 
Fig. 5. Microphone identification results
segments for the baseline Hamming w
multitaper systems. 
 

As shown in Figure 3, 4 and 5, the micro
performances are significantly affected by t
for features obtained from the speech-only p
parts and whole utterance. Also, as can be d
4, using non-speech parts only, the best i
99.27% for Thomson taper was achieved w
tapers was equal to 6. Thomson taper u
performance compared to SWCE, multipe
(Hamming). All three Multitapers outperf
nearly all of cases because of the variance re
we see that the features obtained from th
identification performance were obviously 
those obtained from the whole utterance 
parts. 
The results show that the Multitaper MFC
identification rate compared to the standard
the highest identification rates were obtain
tapers was 6. 
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5. Conclu
 
In this work, the Multitaper MF
MFCCs were compared to determin
the microphone identification task
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power spectrum. Furthermore, 
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