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Abstract

This paper addresses the problem of text-independent speaker
verification in the presence of unreliable (masked by noise) fea-
tures. It presents and assesses several integration and imputa-
tion approaches used for unreliable feature compensation in the
framework of Gaussian mixture models (GMMs) of speakers.
These approaches include marginalisation, bounded integra-
tion, mean imputations, integrated speech-background model
and Wiener filtering dependent on the most probable Gaussian
component.

1. Introduction

During the last decade one could observe an increasing inter-
est in research in the domain of robust speaker recognition,
where robustness refers to the need to maintain good recog-
nition accuracy even when the quality of the input speech is
degraded. As spoken language technologies are being trans-
ferred to real-life applications, the need for greater robustness in
recognition technology is becoming increasingly apparent [1].
In many new telecommunication applications (e.g. digital mo-
bile telephony, hands-free telephone systems, interactive vocal
servers, etc.) speaker verification systems are confronted to ad-
verse environments with high ambient noise levels. On the other
hand, speaker verification is receiving a particular attention as
inexpensive and less objectionable than other biometrics-based
methods to be applied for secured access to terminals and tele-
services. Therefore there is a strong need for powerful speech
recognition and speaker verification systems capable for work-
ing at very low signal-to-noise ratios (SNRs).

The research work presented in this paper is very well
placed to fill in the gap in our knowledge concerning the in-
tegration of missing data theory in the context of robust speaker
verification. This approach shows that speech enhancement
techniques derived from spectral subtraction can be used not
only for noise reduction, often unreliable, but also for unreliable
or missing (masked by noise) feature detection. It also shows
that this detection technique can be integrated with compensa-
tion techniques for missing features in the statistical Gaussian
mixture models (GMMs) to improve speaker verification per-
formance. In this paper, we evaluate criteria for the detection of
features that are unreliable due to masking by noise. Then, we
investigate two sets of compensation techniques, namely inte-
gration and imputation techniques, that deal with these unreli-
able features in the framework of speaker verification using the
Gaussian mixture model classifiers [2, 3].

2. Detection of Unreliable Features
We implemented various speech enhancement techniques based
on spectral subtraction (power spectral subtraction (SS) [4],
generalized spectral subtraction (GSS) [5, 6], adaptive gener-
alized spectral subtraction (AGSS) based on masking proper-
ties of the human auditory system [7], and minimum mean-
square error (MMSE) spectral amplitude estimator of Ephraim
and Malah [8]) in order to increase the performance of speaker
verification in the presence of additive background noise.
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Figure 1: EER vs various SNR conditions. Critical band results
for F-16 cockpit noise.

Generally, when comparing the performance of speaker
verification systems, if the speech enhancement techniques are
used as a front end to feature extraction (filter bank log-energies
or Mel frequency cepstral coefficients (MFCCs)), the best per-
formance is obtained by the MFCCs and the spectral subtraction
(SS) algorithm (Figs. 1 and 2). The other techniques, which
over-estimate background noise, fail to give better results. Plots
in Figs. 3 and 4 give an example of detection error tradeoff
(DET) curves for F-16 noise at 6 dB. The lowest curve in these
plots demonstrates the superiority of the spectral subtraction
technique over the other techniques. Moreover, speaker veri-
fication with speech enhancement algorithms such as the AGSS
actually give partially worse results than with no preprocessing
at all.

Although the spectral subtraction technique reduces less
background noise in the enhanced speech than the other tech-

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

��	�	����		�	

���	�� !��������

ISCA Archive
�����""###$���
%��		��$���"
����&	



0 2 4 6 8 10 12 14 16 18
10

15

20

25

30

35

40

SNR [dB]

E
E

R
 [%

]

noisy speech    
SS              
GSS             
AGSS            
MMSE            

Figure 2: EER vs various SNR conditions. MFCCs results for
F-16 cockpit noise.

niques, it gives the lowest speech distortion. On the other hand,
the other techniques based on noise over-estimation substan-
tially reduce background noise, but at the expense of speech
distortion and non-reliable spectral information.

We have demonstrated, by a theoretical analysis of the
speech enhancement techniques, that they fail to reliably es-
timate the clean speech in frequency bands masked by noise
[9]. Although the recognition performance of human listen-
ers is resistant to missing (masked by noise) information in the
speech spectrum, the pattern recognition algorithms generally
used in speaker verification systems are not designed to handle
this problem.
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Figure 3: Speaker verification performance represented by DET
curves at 6 dB SNR. Critical band results for F-16 cockpit noise.
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Figure 4: Speaker verification performance represented by DET
curves at 6 dB SNR. MFCCs results for F-16 cockpit noise.

We have also shown that the speech enhancement tech-
niques based on spectral subtraction can be used to detect non-
reliable features in time and frequency [4, 5, 7, 10]. The pa-
rameters that control the detection can be fixed a priori, as in
the spectral subtraction (SS) algorithm and the MMSE spec-
tral amplitude estimator method, or adapted, as in the adaptive
generalized spectral subtraction (AGSS) method. We experi-
mentally analyzed non-reliable feature detection by the speech
enhancement algorithms for various noises and signal-to-noise
ratios (SNRs) [11]. As an example, Fig. 5 gives the propor-
tions of non-reliable sub-bands detected by each speech en-
hancement technique for F-16 cockpit noise. The power spec-
tral subtraction (SS) algorithm gives the lowest detection rate
whereas the generalized spectral subtraction (GSS) algorithm
gives the highest. The MMSE spectral amplitude estimator pro-
vides a different detection rate. In speech frequency bands with
higher energy, the MMSE detection curve is very similar to
the power spectral subtraction detection curve. On the other
hand, in higher frequency bands the MMSE detection curve ap-
proaches the detection curve of generalized spectral subtraction.
The ability of the speech enhancement techniques to reduce the
noise and to detect sub-bands masked by noise can be used in
combination with missing feature compensation in statistical
models to increase the noise robustness of automatic speaker
verification systems [10, 11].

3. Techniques for Unreliable Feature
Compensation

We tried to find a solution to the problem of unreliable (missing)
data in the task of speaker verification using some principles of
the missing data theory [4, 5, 7, 10, 12, 13]. This approach was
proposed by our research team for the first time in the fields of
speech enhancement and robust speaker verification. Assuming
that speaker models were trained in clean speech conditions, we
introduced the integration and imputation methods for missing
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Figure 5: Non-reliable sub-bands detected by speech enhance-
ment techniques for F-16 cockpit noise: SS - spectral subtrac-
tion, GSS - generalized spectral subtraction, AGSS - adaptive
GSS, MMSE - algorithm of Ephraim and Malah.

feature compensation in the recognition phase.

3.1. Integration Methods

The most well-known method of missing feature compensation
is the marginal distribution technique [14, 12, 13]. It is a par-
ticular case of the bounded integration method. The marginal
distribution technique ignores non-reliable features in recogni-
tion by calculating the log-likelihood ratio using only the fea-
tures present. Several tests were carried out on clean telephone
speech databases degraded with artificially generated missing
features [11]. Assuming that the missing features are known a
priori, the experiments determined the upper limit of the verifi-
cation performance. With the marginal distribution technique,
we reported a significant increase in speaker verification perfor-
mance. As an example, with 90% deleted features,we obtained
approximately 21.41% of equal error rate (EER) whereas the
classical method with no compensation gave about 50%.

We extended the use of missing feature compensation to
applications where masking noises are present. For this task,
we performed several experiments with noisy, telephone-quality
speech [10, 15, 11]. We have shown that classical speech
enhancement in a pre-processing stage performs worse than
the combination of speech enhancement and missing feature
compensation. The compensation of missing features using
marginal distribution significantly decreased the EER. Consid-
erable performance improvement was obtained by applying the
marginal distribution technique after detection of missing fea-
tures by the MMSE spectral amplitude estimator. The exper-
iments carried out have shown that, in the presence of highly
masking wide-band noise (i.e. white Gaussian noise at 0 dB
SNR), the equal error rate was about 23% for approximately
90% of features detected as non-reliable. In this case, the com-
bination of speech enhancement, missing feature detection and
compensation did not give a large discrepancy of recognition
error rates in comparison to the case of artificially generated
missing features. An example of EER vs SNR relation for F-16
cockpit noise is represented in Fig. 6.

The use of speaker models with full covariance matrices
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Figure 6: EER vs SNR using marginal distribution technique for
F-16 cockpit noise and different missing feature detectors.

significantly decreased the recognition error rate compared to
the most often used reference system based on spectral subtrac-
tion (SS) and (MFCCs) (Fig. 7). In this case, the calculation of
the marginal distribution, however, increased the computational
cost due to matrix inversion.

By marginal distribution use, we assume that the feature
components are not bounded and occupy an unlimited space
(�1;+1). Unlike the marginal distribution technique, the
bounded integration technique takes some knowledge about
missing feature space into account in the recognition process
[10]. For experiments with this technique, we use speaker mod-
els with diagonal covariance matrices. The bounds of integra-
tion are chosen as follows; as noise is additive in the spectral
domain, the components masked by noise have an upper bound
equal to the estimated noise energy. As the feature components
are defined in the log domain, the lower bound of energies is
equal to �1. This method significantly improves speaker ver-
ification performance at low SNR conditions. However, it per-
forms worse than the marginal distribution technique at higher
SNRs.

In Fig. 7, we compare bounded and unbounded integra-
tion techniques. Missing features are detected using the MMSE
spectral amplitude estimator, since it gives the lowest EER. The
bounded integration method noticeably improves the perfor-
mance at very low SNR conditions (SNR < 10 dB). However,
including the knowledge about missing feature bounds in the
marginalization technique does not reduce the EER at higher
SNRs. These results show that adding any information about
missing features can improve the performance of speaker veri-
fication in conditions where the number of missing features is
high. As long as the use of the reliable sub-bands in the recog-
nition process achieves sufficient information, the additional
knowledge about missing features does not give any advantage
compared to the marginal distribution technique.

3.2. Imputation Methods

Another approach dealing with incomplete features consists of
replacing the missing features by estimated values. This ap-
proach has the advantage of comprising a complete set of fea-
tures while avoiding any substantial changes in the conven-
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Figure 7: EER vs SNR using marginal distribution and bounded
integration techniques for F-16 cockpit noise. I denotes models
with diagonal covariance matrices. II denotes models with full
covariance matrices.

tional statistical classifiers. Most of the methods of missing fea-
ture imputation involve replacing the missing values with pre-
estimated values derived from a set of training data. Two distin-
guished approaches are the heuristic methods such as mean and
conditional mean estimation, and integrated speech-background
model [16, 17]. The mean imputation consists of replacing the
unreliable features by the mean of the model. The second ap-
proach is based on conditional mean estimation by linear re-
gression.
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Figure 8: EER vs SNR using imputation techniques for F-16
cockpit noise and speaker models trained with diagonal covari-
ance matrices. ISBM-integrated speech-background model for
missing feature estimation.

The integrated speech-background model was originally
developed for speech recognition in noise and extended to ro-
bust speaker identification [17]. Like the hidden Markov model
(HMM) composition technique (i.e. parallel model combina-

tion (PMC)), the key idea behind this method is that statistical
models of speech and background noise can be combined in a
way that provides a noisy speech model, and thus reduces the
disparity between training and testing conditions. Another as-
pect of this method is that it can be used to estimate the condi-
tional expectation of clean speech given the noisy speech sam-
ples and the models of noise and clean speech. Therefore, this
method can also be used for clean speech estimation from seg-
ments masked by noise (i.e. missing feature imputation) [10].
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Figure 9: EER vs SNR using imputation techniques for F-16
cockpit noise and speaker models trained with full covariance
matrices except for SS-MFCC and “marginal distribution I”.

For GMMs with diagonal covariance matrices, our exper-
iments show that the methods such as the integrated speech-
background models, and the mean and conditional mean impu-
tation methods fail to perform better than the marginal distribu-
tion technique (Fig. 8). For full covariance matrices, the mean
and conditional mean imputation techniques do not improve the
speaker verification performance compared with the marginal
distribution technique (Fig. 9).

The experimental results lead to the following observations:

� At very low SNRs, the estimation methods perform bet-
ter than the marginal distribution technique with diago-
nal covariance matrix.

� At higher SNRs, the reference system based on spec-
tral subtraction (SS) and MFCCs perform better than the
marginal distribution technique with diagonal covariance
matrices. This shows that, although background noise is
not sufficiently reduced from the enhanced speech sig-
nal, the MFCCs perform well if the number of missing
features detected in the speech signal is low.

These observations encourage us to use orthogonalized
feature vectors after the application of imputation techniques.
Therefore, the computational load can be reduced in com-
parison to marginal distribution with full covariance matrices.
Therefore, we introduced a new scheme of imputation using
Wiener filtering dependent on the most probable Gaussian com-
ponent [11]. Given the enhanced unreliable features, we select
the most probable Gaussian component that is assumed to gen-
erate the feature vector. This component is chosen as the one
that produces the highest likelihood. Then, the corresponding



means of the selected Gaussian component are used to apply
Wiener filtering on the detected non-reliable feature in the log
filter-bank energies domain. Finally, the log filter-bank energies
are mapped into the cepstral domain as in the parallel model
combination technique.
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Figure 10: EER vs SNR for F-16 cockpit noise, using the im-
putation technique based on Wiener filtering dependent on the
most probable Gaussian component.

This method is similar to the state-dependent Wiener filter-
ing [18, 19]. However, the method proposed has the advantage
of being non-iterative. Moreover, the most probable Gaussian
component is selected using the enhanced features and not the
noisy ones. This helps to reduce the effect of noise on the selec-
tion of the most probable Gaussian pdf. As an example, in Fig.
10, we provide the EER vs SNRs for F-16 cockpit noise. Gen-
erally, we observe that the proposed imputation technique gives
better recognition performance in comparison to the reference
method SS-MFCC. However, marginal distribution still leads
to the lowest EER at low SNRs. In Fig. 11, examples of DET
curves are illustrated for the proposed imputation technique in
the case of F-16 cockpit noise at 6 dB SNR.

4. Databases
The speech database used in the experiments is extracted from
the telephone quality NTIMIT. NTIMIT is recorded after trans-
mitting speech data with an 8-kHz bandwidth over local and
long distance telephone lines. The sentences are uttered in
only one session. The main degradations that could affect the
recorded speech are the microphone handset and telephone line
characteristics. In this paper, the speech extracted from the
NTIMIT corpus is called clean speech even though the aver-
age SNR is 36 dB. From NTIMIT, two subsets NTIMIT-T and
NTIMIT-V are extracted to represent databases for test and val-
idation, respectively. NTIMIT-T, a small database constituted
of 22 speakers, is used in the selection of optimized parameters.
NTIMIT-V is a larger database composed of 400 speakers. Both
databases contain 10 sentences approximately 3 s in length for
each speaker. These sentences are labeled SA, SI and SX. To
build the speaker models, 8 sentences of about 24 s in length
are chosen (i.e. 2 SA, 3 SI and 3 SX sentences). The remaining
2 SX sentences are used for the test phase. In total, 800 true
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Figure 11: DET curves obtained using the proposed imputation
technique for F-16 cockpit noise at 6 dB SNR.

speaker and 319200 impostor tests are provided to assess the
performance of the speaker verification system for NTIMIT-V.

In experiments with NTIMIT-T, the world model has 32
pdfs extracted from the speech of 40 speakers. However, a
world model of 100 speakers is chosen for likelihood normal-
ization in experiments carried out with NTIMIT-V. These 100
speakers are different from the test speakers and all the 10 sen-
tences are used for the model construction. The world model
has 256 Gaussian pdfs. For both databases, the speaker mod-
els consist of 32 Gaussian pdfs. A Hanning window of 256
samples in length with 50% of overlap was chosen for speech
windowing. The first feature extraction method is based on
filter-bank analysis using the fast Fourier transform (FFT). The
filter-banks are rectangular and do not overlap in the frequency.
In the telephony bandwidth, log-energies of fourteen critical
bands are calculated according to the Bark scale. The second
feature extraction method is based on cepstral analysis using
14 MFCCs. The windowed speech segments of 20 ms length
are pre-emphasized before the computation of Mel scale filter-
bank log-energies. The MFCCs and FFT-based filter-bank are
both used to assess the performance of the speaker verification
system. The MFCCs are used in models with diagonal covari-
ance matrices while the filter-bank log-energies are evaluated
with both speaker models having full and diagonal covariance
matrices. All the experiments simulating noisy environments
are carried out using four noises: white Gaussian noise, F-16
airplane cockpit noise, speech-like noise and factory noise ex-
tracted from the NOISEX-92 database (only results for F-16
cockpit noise are presented in this paper).

5. Conclusions

This paper deals with the problem of speaker verification with
features unreliable (missing) due to highly corrupting back-
ground noise. Several solutions, based on integration and impu-
tation approaches, to compensate for unreliable features in the



statistical Gaussian mixture models (GMMs) of speakers were
evaluated and compared.

Techniques that exploit only the reliable information based
on integration methods significantly increase the speaker verifi-
cation performance compared to classical methods with speech
enhancement in the pre-processing stage. This signifies that
when the reliable features in time and frequency hold sufficient
speaker-dependent information, then the non-reliable features
can be discarded from the recognition process.

Imputation techniques based on replacing unreliable fea-
tures with values estimated from the statistical models were also
investigated. The advantage of using such techniques is that
the imputation can be applied, for example, in the spectral do-
main and then speaker verification can be achieved over other
type of feature vectors decorrelated, e.g., by cepstral transfor-
mation. This allows speaker verification performance to be im-
proved for speaker models with diagonal covariance matrices.
In this paper, we demonstrated the efficiency of this method, us-
ing Wiener filtering dependent on the most probable Gaussian
component, in comparison to existent techniques such as the
integrated speech-background model and mean and conditional
mean imputations. All the results obtained in our experiments
imply that there is a substantial potential in exploring further
the missing feature theory for speaker verification task.
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