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Abstract—This paper proposes a novel mask estimation method
for missing-feature reconstruction to improve speech recognition
performance in various types of background noise conditions.
A conventional mask estimation method based on spectral subtraction degrades performance, due to incorrect estimation of
the noise signal which fails to accurately represent the variations
of background noise during the incoming speech utterance. The
proposed mask estimation method utilizes a Posterior-based Representative Mean (PRM) estimate for determining the reliability
of the input speech spectral components, which is obtained as
a weighted sum of the mean parameters of the speech model
using the posterior probability. To obtain the noise-corrupted
speech model, a model combination method is employed, which
was proposed in our previous study for a feature compensation
method. Experimental results demonstrate that the proposed
mask estimation method provides more separable distributions
for the reliable/unreliable component classifier compared to the
conventional mask estimation method. The recognition performance is evaluated using the Aurora 2.0 framework over various
types of background noise conditions and the CU-Move real-life
in-vehicle corpus. The performance evaluation shows that the
proposed mask estimation method is considerably more effective
at increasing speech recognition performance in various types
of background noise conditions, compared to the conventional
mask estimation method which is based on spectral subtraction.
By employing the proposed PRM-based mask estimation for
missing-feature reconstruction, we obtain 23.41 and 9.45
average relative improvements in word error rate for all four types
of noise conditions and CU-Move corpus, respectively, compared
to conventional mask estimation methods.
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Index Terms—Background noise, mask estimation, missing-feature, posterior-based representative mean (PRM) estimate, robust
speech recognition.

I. INTRODUCTION
COUSTIC environment mismatch between training
and operating conditions for actual speech recognition
systems severely degrades recognition performance, with
background noise as one of the primary corrupting sources.
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Typical examples can be found in the corpora of NOISEX-92
[3], Speechdat-Car [4], SPINE (SPeech In Noise Environments, [5]), UTDrive [6], CU-Move [7], the National Gallery
of Spoken Word (NGSW) [8], Collaborative Digitization Program (CDP) [9], Speech Under Simulated and Actual Stress
(SUSAS) including Lombard effect [10], and others, which
make speech recognition technology challenging in real-life
scenarios. To minimize this mismatch, extensive research
has been conducted in recent decades, which includes many
types of speech/feature enhancement methods such as spectral
subtraction, cepstral mean normalization, and a variety of
feature compensation schemes [2], [11]–[18]. Various model
adaptation techniques have been successfully employed such as
the maximum a posteriori (MAP), maximum-likelihood linear
regression (MLLR), and parallel model combination (PMC)
[19]–[21]. Recently, missing-feature methods have shown
promising results [22]–[29].
In this paper, the missing-feature method is considered as a
solution to address background noise for speech recognition.
This method depends primarily on characteristics of speech
that are resistant to noise, rather than on the characteristics of
the noise itself, showing its effectiveness at improving speech
recognition in adverse environments [22], [23], [25]. The
missing-feature method consists of two steps. The first step is
estimation of a “mask” which determines which spectral parts
of the noisy input speech are unreliable. The second step is to
reconstruct the unreliable regions or bypass them for alternative
processing.
This paper focuses on the step of mask estimation. One of
the most common conventional methods for mask estimation
employs the signal-to-noise (SNR) ratio, where the noise signal
is estimated from non-speech segments and the clean speech
signal is obtained by applying spectral subtraction method [23],
[25], [27], [30]. This SNR-based mask estimation method generally depends on the performance of spectral subtraction. Since
the noise estimate would not effectively represent the change of
background noise during the actual speech utterance, it could
provide incorrect estimation of clean speech by spectral subtraction, resulting in performance degradation of mask estimation.
In previous studies, Bayesian classifier based mask estimation methods have been proposed [31]–[33], where several robust speech features were employed, and artificially-generated
noise samples were used for training the classifier for the purpose of an environment-independent mask estimation method.
However, their performance combined with missing-feature reconstruction method was still outperformed by other conventional preprocessing methods for robust speech recognition. A
method to evaluate the spectral reliability using the likelihood
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computed from a hidden Markov model (HMM) has also been
proposed [34]. A number of studies on mask estimation exploiting spatial information from multiple microphones of incoming speech have also been conducted [35]–[37]; however,
they are beyond our focus in this paper where we are interested
only in single channel input.
In this paper, a novel mask estimation method for
missing-feature reconstruction is proposed to improve speech
recognition in background noise conditions. The proposed
method utilizes the representative mean estimates of clean
speech and noise-corrupted speech which are obtained using
the posterior probability. A model combination method is
employed to generate the noise-corrupted speech model for the
proposed mask estimation method. It will be demonstrated that
the proposed posterior-based representative mean estimates
provide more reliable mask estimation, by decreasing the risk
of incorrect estimates of clean speech which is observed in the
spectral subtraction based method. The proposed mask estimation method, combined with the missing-feature reconstruction
method, will be evaluated on various types of background
noise conditions including car, factory, speech babble, and
background music, and also the CU-Move in-vehicle data.
This paper is organized as follows. We first review a conventional mask estimation method in Section II. Section III presents
details of the proposed mask estimation method, followed by
cluster-based missing-feature reconstruction in Section IV Representative experimental procedures and their results are presented with discussion in Section V. Finally, in Section VI we
state the main conclusions of our work.
II. CONVENTIONAL MASK ESTIMATION METHOD BASED
ON SPECTRAL SUBTRACTION
In this paper, we consider a conventional mask estimation
method which employs spectral subtraction to estimate clean
speech [23], [30]. In this method, an averaged spectrum of the
at the th frequency band in the log-specnoise signal
tral domain is estimated from silence (i.e., non-speech) segments, which are assumed to exist at the beginning and ending
indicates
parts of the input speech in this study. Here,
the log-spectral domain. These log-spectral coefficients are obtained by taking a logarithm of the Mel-filterbank outputs which
are generated during a standard Mel-frequency cepstral coefficients (MFCCs) feature extraction.
In this spectral subtraction based mask estimation method,
obtained
a subtraction of the estimated speech
by spectral subtraction from the input noise-corrupted speech
is compared to a threshold as follows:
(1)
where

if
otherwise.
(2)
Here, the threshold
is empirically determined in our experiment and is a flooring factor.
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This conventional mask estimation method mostly relies on
the estimated clean speech signal, the correctness of which is
dependent on the performance of spectral subtraction as given
by (2). Since in general the noise estimate is obtained from silence segments, the estimated noise signal does not represent
the temporal variations of the noise signal within the speech
utterance, especially for time-varying background noise conditions, resulting in incorrect estimation of clean speech signal
by spectral subtraction. Therefore, the mask estimation method
based on spectral subtraction would degrade in performance for
time-varying background noise conditions1.
In our initial study [1], we also evaluated another type of
mask estimation as a conventional method, which employs
signal-to-noise ratio, which also generally depends on noise
estimates from silence segments in a manner equivalent to
the spectral subtraction-based method; however, the spectral
subtraction based method with (1) and (2) showed consistently better performance compared to the SNR-based method.
Furthermore, considering that the proposed mask estimation
method in this study employs statistical estimates of input
noisy speech and clean speech, we believe that the spectral subtraction method is a more “comparable” conventional method
which uses input noisy speech and estimated clean speech.
III. MASK ESTIMATION EMPLOYING POSTERIOR-BASED
REPRESENTATIVE MEAN ESTIMATE
To address the performance degradation of the spectral subtraction-based mask estimation due to incorrect estimation of
background noise and clean speech signal, we propose to use
estimates of model parameters for the reliability decision, and
not directly use estimates of the noise and clean speech. In this
paper, we present a new mask estimation method utilizing a representative mean estimate for measuring the reliability of spectral components of the input speech, which is determined by
posterior probability. Sections IV–VI present the entire procedure of the proposed mask estimation method step by step.
A. Step 1: Speech Model Estimation Employing Model
Combination
In our previous study, we proposed the Parallel Combined Gaussian Mixture Model (PCGMM)-based feature
compensation method, showing improved speech recognition
performance in various types of background noise conditions
[2]. In this method, the noise-corrupted speech model (i.e.,
Gaussian mixture model, GMM) is generated by combining the
clean speech GMM and noise model. A series of experiments
in this study has confirmed that the noise-corrupted speech
model obtained by the PCGMM procedure effectively characterizes the input noise-corrupted speech. From this motivation,
we integrate the PCGMM-based model estimation method
for obtaining the speech model into our mask estimation
method in this study. As presented in Step 2, by employing the
PCGMM-based model estimation, an advantage emerges that
enables us to calculate the representative mean estimate for the
1Here “time-varying” background noise does not only include non-stationary
noise (e.g., speech babble, background music) but also slowly time-varying
background noise which is widely considered to be stationary noise such as car
noise condition.
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clean speech by using the same posterior probability of input
noise-corrupted speech.
The distribution of the clean speech feature in the cepstral
domain is represented with a GMM consisting of components
as follows:
(3)

speech
as

, using the posterior probability

as shown

(7)
The posterior probability

in (7) is given by
(8)

A noise model is estimated from silence (i.e., non-speech)
segments within the input speech as a single Gaussian pdf
in the cepstral domain. The noise-corrupted speech
model is obtained through a model combination procedure
using the clean speech and noise models, which was employed
by the PCGMM-based feature compensation method [2] as

In a similar manner, the PRM estimate of the clean speech
is obtained using the same posterior probability and the correas follows:
sponding clean speech mean parameter

(4)

(9)

denotes a function representing the model combiwhere
nation. In this study, we employ “log-normal approximation”
method for the model combination, where it is assumed that
the addition of two log-normal distributions also results in a
log-normal formulation [2], [21].
Before combining the clean speech and noise models, it is
required to convert the model parameters from the cepstral domain to the log-spectral domain. The mean and covariance of
the cepstral domain are transformed to the log-spectral domain
using an inverse discrete cosine transform (DCT) as follows:

also corresponds
Here, the mean vector of the clean speech
to the mean vector of the noise-corrupted speech
for the
is generated from
same Gaussian component index , since
through the model combination as presented in Step 1.
for estiTherefore, to use the posterior probability
mating the PRM estimate of the clean speech in this study is
an acceptable procedure. Fig. 1 illustrates the proposed PRM
estimation procedure presented through Step 1 and 2. Here, it
is assumed that the feature vector consists of two components
(i.e., 2-D feature vector) and the GMM for the speech model is
modeled as three Gaussian components.
C. Step 3: Mask Estimation

(5)
After both models for clean speech and noise are converted into
the log-spectral domain by (5), the model parameters of the
noisy speech distribution can be estimated using the model combination procedure which is implied by (4). Finally, the parameters of the noisy speech model must be returned to the cepstral
domain via the DCT transform, which is the inverse process of
(5). The resulting GMM of the noise-corrupted speech is represented in the cepstral domain as follows:

In this final step, the mask of the th frequency band at time
is determined by assessing the difference of the th PRM components of the noise-corrupted and speech in the log-spectral
domain as follows:
(10)
where
(11)

(6)
where the same weight
is just used as the clean speech model
in (3) as carried over to (6).

B. Step 2: Posterior-Based Representative Mean Estimation
In the proposed mask estimation method, posterior-based
representative mean (PRM) estimates of noise-corrupted and
clean speech at time are employed for determining the reliability of the spectral component. Here, the PRM estimate of the
in the cepstral domain is defined
noise-corrupted speech
as a weighted sum of mean parameters of the noise-corrupted

is emThe threshold for the PRM-based mask estimation
pirically found in a similar manner as that seen in the spectral
subtraction based method.
As presented, the proposed PRM-based mask estimation utilizes a difference of the PRM estimates of the noise-corrupted
and clean speech which are obtained using posterior probabili. We believe that to employ these
ties of the input speech
PRM estimates for mask estimation will be more reliable, compared to conventional mask estimation which relies on noise
and speech estimates via spectral subtraction. As seen in (9), the
PRM estimate of the clean speech is estimated by a weighted
sum of the mean parameters of the clean speech which are
obtained through clean speech training as represented by (3).
Therefore, this procedure will reduce the risk of over or under
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Fig. 1. Illustration of the procedure of obtaining the posterior-based representative mean estimates for input noisy speech and clean speech. (a) Noise-corrupted
speech GMM generation by model combination. (b) PRM estimation for  (t). (c) PRM estimation for  (t). (d) Final PRM estimates.

subtraction which mostly originates from incorrect estimation
of the noise spectrum and results in degraded performance in
the conventional spectral subtraction method.
Fig. 2 shows plots of (a) input noise-corrupted speech and estimated clean speech in the log-spectral domain which are used
for the spectral subtraction-based method, and (b) PRM estimates of input speech and clean speech for the proposed PRMbased method. In the plots of (a), the estimates of clean speech
(plain solid line) are considerably smaller compared to the original clean speech components (dashed line) for the Mel-filterbank index 10, 11, and 14 to 23. These are results of over-subtraction or taking a floor factor due to incorrect estimation of the
background noise signal. In particular, the frequency bands of
index 10, 11, and 14 to 17 should be determined as reliable components, since the noise corrupted speech components are still
very similar with the original clean speech components in the
log-spectral level. However, in this example, the small values of
the estimated clean speech lead to decision of unreliable components, which represent incorrect mask information. We can see
the PRM estimates for clean speech (plain line) in (b) are closer
to the PRM estimates of noise-corrupted speech (plus line) in
the log-spectral level for the index 10, 11, and 14 to 17, which
will result in more accurate mask estimation.
The PRM estimate of the noise-corrupted speech is obtained
using the noise-corrupted speech mean parameters which are
estimated by the model combination process as presented in
Step 1. As a consequence, the obtained model parameters of
the noise-corrupted speech model by model combination should
. Although the noise
reflect the variance of the noise signal
is estimated from non-speech segments in this
model

Fig. 2. Example of spectral estimates in log-spectral domain for mask estimation. (a) Input noise-corrupted speech and estimated clean speech for the spectral
subtraction-based method. (b) PRM estimates of input speech and clean speech
for the proposed PRM-based method.

study, the obtained noise variance would represent the range
of change in the noise signal during speech to some extent.
Therefore, compared to conventional spectral subtraction based
method which reflects a “static” noise estimate, the PRM estimates of noise-corrupted and clean speech employed in this
proposed method are expected to be a more reliable representation for the noise corruption process with background noise
signals which change in characteristics during the input speech
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utterance duration. Furthermore, in the proposed method, estimation of the models for clean speech, noise, and noisy speech
as well as the posterior probability are conducted in the cepstral
domain. The cepstral coefficients are less correlated with each
other than the log-spectral coefficients, leading to more accurate
model estimation for small data sizes with diagonal covariance
matrix.
IV. MISSING-FEATURE RECONSTRUCTION2
A cluster-based missing-feature reconstruction method was
previously proposed by Raj, et al. [25]. The method restores unreliable spectral parts of input speech using known distributions
of clean speech and reliable regions determined by masks. The
distribution of the log-spectra of clean speech is modeled by
a Gaussian mixture with clusters
(12)
has reliable compoSuppose that a clean speech vector
with the latent original components in an unreliable
nents
. That is,
. The
(i.e., missing) region
is identical to the corresponding obreliable component
servation
. The cluster of the clean speech model is decontains untermined by the posterior probability. Since
reliable elements, the marginal computation is applied by integrating out their dependency:
(13)

represents the observed value of the unreliable
where
because it is
parts and is assumed to be greater than
corrupted by additive background noise. Finally, the unreliable
is reconstructed using bounded MAP estimation
part
based on the observations in the reliable regions
with
the model parameters of the cluster selected by (13), and an
as follows [25]:
upper bound

Fig. 3. Block diagram of the missing-feature reconstruction scheme employing
the proposed PRM-based mask estimation method. The data flows for mask
estimation and missing-feature reconstruction are in the cepstral domain and
the log-spectral domain respectively.

eleven words, with each whole word represented by a continuous-density HMM with 16 states and three mixtures per state.
The feature extraction algorithm suggested by the European
Telecommunication Standards Institute (ETSI) is employed for
all experiments [39]. An analysis window of 25-ms duration
is used with a 10-ms skip rate for 8-kHz speech data. The
computed 23 Mel-filterbank outputs are transformed to 13
cepstrum coefficients including c0 (i.e., c0-c12). The first- and
second-order time derivatives are also included, so the feature
vector is 39-dimensional.
The HMMs of the speech recognizer were trained using a
database that contains 8440 utterances of clean speech. In order
to evaluate the performance under various types of background
noise conditions, car noise and speech babble condition were
selected from the Aurora 2.0 test database, and new test data sets
were generated by adding factory noise and background music
samples to clean speech samples. The factory noise sample was
obtained from NOISEX92 [3], [40], and the background music
samples consist of prelude parts of ten Korean popular songs
with varying degrees of beat and tempo. Each test set consists
of 1001 samples at five different SNRs (i.e., 0, 5, 10, 15, and
20 dB), resulting in a total of 20 kinds of background noise
conditions.
A. Performance of Baseline and Conventional Methods

(14)
Fig. 3 summarizes the resulting block diagram of the missingfeature reconstruction scheme employing the PRM-based mask
estimation method proposed in this study.
V. EXPERIMENTAL RESULTS
Our evaluations of the proposed method are performed within
the Aurora 2.0 evaluation framework which was provided by
the European Language Resources Association (ELRA) [38].
The task is connected English-language digits consisting of
2In this section, all feature vectors and model parameters for missing-feature
reconstruction are represented in the log-spectral domain. The symbol flsg has
been omitted here.

The performance of the baseline system (no compensation)
was examined with comparison to several conventional pre-processing methods in terms of speech recognition performance.
Spectral subtraction (SS) [41] combined with cepstral mean normalization (CMN) was selected as one of the conventional algorithms. This represents one of the most commonly used techniques for additive noise suppression and removal of channel
distortion, respectively. We also evaluated a feature compensation method, vector Taylor series (VTS) for performance comparison, where the noisy speech GMM is adaptively estimated
using the EM algorithm over each test utterance [15]. The advanced front-end (AFE) algorithm developed by ETSI was also
evaluated as one of the state-of-the-art methods, which contains
an iterative Wiener filter and blind equalization [42]. Table I
demonstrates speech recognition performance word error rate
(WER) of the baseline system and conventional algorithms on
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TABLE I
RECOGNITION PERFORMANCE OF BASELINE SYSTEM AND
CONVENTIONAL METHODS (WER, %)

Fig. 4. Distributions of the left-hand side terms of equations (1) and (10) in
car noise condition at 5-dB SNR: solid circles and empty circles indicate mean
values of the distributions for reliable and unreliable components respectively.
(a) SS-based mask estimation. (b) PRM-based mask estimation.

the four types of background noise conditions with different
SNRs. From the results, it can be seen that the AFE algorithm
showed the best performance among the considered conventional methods and VTS combined with SS also showed better
performance compared to SS CMN.

B. Posterior-Based Representative Mean-Based Mask
Estimation
Here, we present analysis of performance of the proposed
posterior-based representative mean based mask estimation
method. For the PRM-based mask estimation method in the all
experiments of this paper, a 128-mixture GMM and a single
Gaussian pdf for speech and noise models, respectively, were
used both with diagonal covariance. Fig. 4 shows distributions
of the difference values which are used for comparison to the
threshold in the mask estimation methods, that are the terms of
the left-hand side of (1) and (10), respectively. The difference
value for the spectral subtraction based method is a subtraction
of the estimated clean speech from the input noisy speech in
the log-spectral domain (i.e.,
). The
value for the PRM-based method is a subtraction of the PRM
estimate of clean speech from the PRM estimate of the noise
corrupted speech (i.e.,
). The plots
in Fig. 4 were generated using the car noise condition at 5-dB
SNR. The solid circle and empty circle represent mean values
(i.e., average) of the difference values at each Mel-filterbank
index for reliable components and unreliable components,
respectively, also showing their standard deviations with small
bars. The thresholds for mask decision (i.e.,
and
)
could be formulated between the mean values for reliable
and unreliable components. From these plots, it can be seen
that the distributions of the difference values of the proposed
PRM-based method formulate more distinctively for reliable

Fig. 5. Histograms of the difference values of the 8th Mel-filterbank index in
car noise condition at 5-dB SNR. (a) SS-based mask estimation. (b) PRM-based
mask estimation.

and unreliable components, compared to the spectral subtraction based method. We believe that this more separable property
of the proposed PRM-based mask estimation method will result
in improved performance compared to the SS-based method.
Fig. 5 displays a detailed illustration of the distributions
(i.e., histograms) of the difference values at the 8th Mel-filterbank index for the SS-based and PRM-based mask estimation
methods. Here, the mean values and their standard deviations
were presented also, which are matched to ones presented at
the 8th index in Fig. 4. We can also see the distributions of the
difference values for reliable and unreliable components are
more separable in (b) the proposed PRM-based method compared to (a) the SS-based method. Fig. 6 shows a comparison
of the distributions of the difference values for the SS-based
and PRM-based methods for speech babble noise conditions.
From the comparison of the plots we also can see the proposed
PRM-based method represents more separable distributions.
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TABLE III
RECOGNITION PERFORMANCE OF MISSING-FEATURE RECONSTRUCTION (MF)
COMBINED WITH SPECTRAL SUBTRACTION (SS), EMPLOYING SS-BASED
(SSM) AND PRM-BASED (PRM) MASK ESTIMATION METHODS IN FOUR
TYPES OF BACKGROUND NOISE CONDITIONS (WER, %)

Fig. 6. Distributions of the left-hand-side terms of the equations (1) and (10) in
speech babble condition at 5-dB SNR: solid circles and empty circles indicate
mean values of the distributions for reliable and unreliable components, respectively. (a) SS-based mask estimation. (b) PRM-based mask estimation.

TABLE IV
THRESHOLD VALUES USED FOR THE MASK ESTIMATION IN THE EXPERIMENTS

TABLE II
RECOGNITION PERFORMANCE OF MISSING-FEATURE RECONSTRUCTION (MF)
EMPLOYING SS-BASED (SSM) AND PRM-BASED (PRM) MASK ESTIMATION
METHODS IN FOUR TYPES OF BACKGROUND NOISE CONDITIONS (WER, %)

C. Missing-Feature Speech Recognition Performance
Employing Mask Estimation
Tables II and III show recognition performance using the
missing-feature (MF) reconstruction method employing the
mask estimation methods for four types of background noise
conditions. In missing-feature reconstruction for all our experiments, a 23rd-order log-spectral coefficients (i.e., log of
Mel-filterbank output) were used for the feature vector and
a 64-mixture GMM with a full covariance was employed.
The reconstructed feature in the log-spectral domain is transformed to the cepstral coefficients and then submitted to the
speech recognizer with a clean condition trained HMM. The
WERs with the “Oracle” mask (i.e., Oracle-MF) represent
the recognition performance with perfect knowledge of the
reliable/unreliable regions, providing an upper bound on performance for evaluating mask estimation methods. The Oracle
mask was generated by comparing the noise-corrupted speech

signal to the original clean speech at the log-spectrum level.
For noise estimates for both the spectral subtraction based and
the proposed PRM-based mask estimation methods, we used
the silence (i.e., non-speech) duration at the beginning and end
parts of each utterance which consists of a total of 24 frames.
As shown in these results, there were significant relative improvements in WER by employing the proposed PRM-based
,
mask estimation method (PRM-MF). We obtained
,
, and
average relative improvements3 in WER for car, factory, babble, and music noise conditions respectively, compared to the reconstruction method with
the spectral subtraction-based mask estimation (SSM-MF). The
and
) for both SS-based and
threshold values (i.e.,
PRM-based mask estimation were determined in a empirical
way to achieve the best performance in an average WER for
all SNRs. It was found that the PRM-based method shows consistently improved performance with a single frequency-dependent threshold for all noise conditions. We used 0.8 for the frequency range below 1 kHz and 1.2 for the range over 1 kHz of
input speech signal. For the spectral subtraction based method,
a similar frequency-dependent threshold did not show a consistent performance improvement. The used threshold values are
presented in Table IV.
We found that the missing-feature reconstruction method
produces a significant improvement in WER when combined with the conventional spectral subtraction prior to the
missing-feature processing. For the combination scheme, input
speech signal is first enhanced using the spectral subtraction,
and then fed to the missing-feature reconstruction method.
The mask estimation methods are also applied to the enhanced input speech signal. Table III shows the performance
of missing-feature reconstruction combined with spectral subtraction employing the two types of mask estimation methods.
3The average relative improvement is computed by taking the average of the
obtained relative improvements.
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TABLE V
RECOGNITION PERFORMANCE OF MISSING-FEATURE RECONSTRUCTION
(MF) WITH PRM-BASED (PRM) MASK ESTIMATION METHODS EMPLOYING
VOICE ACTIVITY DETECTOR (VAD) IN FOUR TYPES OF BACKGROUND NOISE
CONDITIONS (WER, %); RELATIVE IMPROVEMENTS ARE OBTAINED BY
COMPARISON TO SSM-MF OF TABLE II AND SSM-MF + SS OF TABLE III
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TABLE VI
PERFORMANCE COMPARISON IN WER (%) IN FOUR TYPES OF BACKGROUND
NOISE CONDITIONS AS AVERAGE OVER ALL SNRS; 0, 5, 10, 15 AND 20 dB

TABLE VII
PERFORMANCE COMPARISON IN WER (%) IN DIFFERENT SNR CONDITIONS AS
AVERAGE OVER ALL FOUR BACKGROUND NOISE TYPES

As shown in these results, there were also consistently significant relative improvements in WER by employing the
proposed PRM-based mask estimation method. We obtained
,
,
, and
average relative
improvements in WER for the car, factory, babble, and music
conditions, respectively, compared to
.
For real-life application, we employed a voice activity detection (VAD) algorithm for noise estimation for the PRM-based
mask estimation, which does not require prior knowledge
of non-speech segments locations of input speech. Here we
employed a simple VAD method which is based on quantile
statistics of energy values. In our method, the energy values
of all frames of every input utterance are sorted and then a
median value is selected for the threshold to decide speech
or non-speech frames. The recognition performance of the
missing-feature reconstruction with the proposed PRM-based
mask estimation method employing the VAD algorithm
is presented in Table V with relative
improvements obtained by comparing to the
of Tables II and III. These results prove that to employ the VAD
algorithm for the PRM-based method still results in considerable improvements compared to
, although
there was performance degradation at higher SNRs for car and
factory noise conditions. We believe that more reliable VAD
algorithm will compensate the performance degradation and
bring more improved performance.
The comparison of performance of the missing-feature
method employing the proposed PRM-based mask estimation
with other conventional methods are summarized for different
types of background noise conditions (Table VI) and different
SNR conditions (Table VII). From these results, we can see
that the proposed PRM-based method showed
and
average relative improvements for all noise conditions compared to the SS-based method, solely used and
combined with with spectral subtraction, respectively. We
note that the average WERs of the missing-feature method
employing the proposed PRM-based mask estimation method

outperforms the AFE4 for babble (14.71% versus 15.11%) and
background music (16.15% versus 18.29%) conditions. By
employing the VAD algorithm, 22.82 and 23.41 average relative improvements compared to the
were obtained for all noise conditions. It also provides more
effective performance for babble (14.93% versus 15.11%) and
background music (15.22% versus 18.29%) noise conditions
compared to the AFE algorithm. It is worth to note that the
proposed PRM-based mask estimation method shows effective
performance with a single frequency-dependent threshold as
shown in Table IV which is independent of the noise condition,
while selection of the threshold for the conventional SS-based
method is highly sensitive to the background noise type to
produce the best performance.
D. Real-Life In-Vehicle Condition: CU-Move Corpus
The proposed mask estimation method for missing-feature reconstruction was also evaluated on a real-life in-vehicle conditions obtained from the CU-Move corpus [7]. The CU-Move
project was designed to develop reliable car navigation systems employing a mixed-initiative dialog. This requires robust
speech recognition across changing acoustic conditions. The
CU-Move database consists of five parts: 1) command and control words; 2) digit strings of telephone and credit numbers;
3) street names and addresses; 4) phonetically-balanced sentences, and 5) Wizard of Oz interactive navigation conversations. A total of 500 speakers, balanced across gender and age,
4AFE

showed the best performance when used in isolation without SS.

1442

IEEE TRANSACTIONS ON AUDIO, SPEECH, AND LANGUAGE PROCESSING

TABLE VIII
RECOGNITION PERFORMANCE IN WER (%) COMPARISON FOR
THE CU-MOVE CORPUS: RELATIVE IMPROVEMENT COMPARED
TO SSM-MF IS SHOWN IN A PARENTHESIS

produced over 600 GB of data during a six-month collection effort across the United States. The database and noise conditions
are discussed in detail in [7]. For the evaluation in this study, we
selected 949 utterances (length of 1 hour and 40 min) spoken
by 20 different speakers (9 males and 11 females), which were
collected in Minneapolis, MN. The test samples represent an
average 8.48 dB5 SNR calculated by the NIST STNR Speech
Quality Assurance software [43].
Table VIII shows the performance evaluation of the proposed
PRM-based mask estimation for missing-feature reconstruction on the CU-Move corpus. These results demonstrate that
missing-feature reconstruction with the proposed PRM-based
mask estimation brings consistent improvement compared
to the SSM-MF on the real-life in-vehicle condition as well,
resulting in 12.84 relative improvement when combined
with spectral subtraction. By employing the identical VAD
algorithm presented in Section V-C, we obtained 9.45 of
relative improvement. Here also the same threshold value as
presented in Table III for the PRM-based method was employed. These results also show that the performance of the
proposed
schemes slightly outperform both
and AFE. The results here prove that the proposed
PRM-based mask estimation method could be applicable to
real-life in-vehicle conditions to improve performance of
speech recognition.
VI. CONCLUSION
This study has proposed a novel mask estimation method for
missing-feature reconstruction to improve speech recognition
in various types of background noise conditions. In the proposed method, a posterior-based representative mean estimate
was utilized to determine the reliability of the input speech
spectrum, which is obtained as a weighted sum of mean parameters of the speech model using the posterior probability. To
obtain the noise-corrupted speech model, a model combination
method was employed, which was previously proposed for
feature compensation in our past study. Experimental results
demonstrated that the proposed mask estimation method provides more separable distributions for the reliable/unreliable
component classifier compared to the conventional mask estimation method. The recognition performance was evaluated
using the Aurora 2.0 framework over four types of background
noise conditions (e.g., car, factory, speech babble and background music) and the CU-Move corpus which is for real-life
in-vehicle conditions. The performance evaluation showed
50 dB and 5 dB SNR test samples of the car noise condition of the Aurora 2.0
corpus show 7.15 dB and 11.66 dB average SNRs, respectively, using the NIST
STNR tool.

that the proposed mask estimation method is considerably
more effective at increasing speech recognition performance
in various types of background noise conditions, compared to
the conventional mask estimation method which is based on
spectral subtraction. By employing the proposed PRM-based
mask estimation for missing-feature reconstruction, we obtained 23.41 and 9.45 average relative improvements in
WER for all four types of noise conditions and the CU-Move
corpus, respectively, compared to conventional mask estimation
methods. It is noted that the proposed missing-feature method
with spectral subtraction outperformed the ETSI AFE algorithm in speech babble and background music for the Aurora
2.0 framework and CU-Move corpus. These advancements
contribute to the increased viability of missing-feature theory
for robust speech systems in time-varying noisy environments.
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