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Abstract
This paper addresses robust front-end processing for automatic
speech recognition (ASR) in noisy environments. To recognize
the corrupted speech accurately, it is necessary to employ robust
methods against various types of interference. Usually, noise
suppression (NS) is used for the front-end processing of ASR in
noise. Voice activity detection (VAD) is also used for front-end
processing to reduce the redundant non-speech period. VAD
and NS are typically combined as series processing. However,
VAD and NS should not be assumed to be a separate technique,
because the output information of these methods be mutually
beneficial. Thus, we investigate the integrated front-end pro-
cessing of VAD and NS, which can utilize each others’ input-
output information. The evaluation is carried out by using a
concatenated speech corpus, CENSREC-1-C. In the evaluation,
the proposed method improves ASR accuracy compared with
conventional series combination.
Index Terms: voice activity detection, noise suppression, inte-
grated front-end processing, speech recognition

1. Introduction
Speech signals observed in the real world are usually corrupted
by various types of interference, e.g., ambient noise and rever-
beration. To recognize corrupted speech accurately, it is nec-
essary to employ robust methods against various interference,
e.g., voice activity detection (VAD), noise suppression (NS),
and de-reverberation.

First, VAD, which automatically detects a period of target
speech from a continuously observed signal, is one of the most
important techniques for speech processing. VAD is widely
used in various speech processing techniques, e.g., speech en-
hancement, speech coding, and the front-end processing of au-
tomatic speech recognition (ASR). As a noise robust VAD tech-
nique, we have proposed MUSCLE-VAD (MUlti Stream Com-
bination of Likelihood Evolution for VAD) [1], which integrates
robust feature parameter, PAR (Periodic to Aperiodic compo-
nent Ratio of speech) [2] and SKF (Switching Kalman Filter)-
based robust speech / non-speech discrimination scheme [3].

Our proposed VAD works sufficiently well in various noise
environments and improves the recognition accuracy of con-
catenated speech. However, this improvement is achieved by
reducing the number of inserted error words in non-speech peri-
ods, and is not essentially an improvement of ASR. For essential
improvement, it is necessary to increase the number of correct
words in speech periods. To realize this, the NS method plays
an important role, because it reduces the mismatch between a
corrupted speech signal and acoustic models.

Here, VAD is important in terms of improving NS perfor-
mance, i.e., the accurate design of a NS filter. On the other
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Figure 1: Front-end processing for ASR

hand, signal to noise tatio (SNR) improvement resulting from
NS leads to an improvement in VAD accuracy. These facts in-
dicate that VAD and NS should not be considered separate tech-
niques, but an integrated front-end processing scheme for ASR.
Thus, we should investigate the front-end processing with in-
tegrated VAD and NS processing, which can mutually utilize
their input-output information as shown in Fig. 1–(b) instead
of employing the conventional series combination as shown in
Fig. 1–(a).

To deal with this problem, we propose robust front-end pro-
cessing for ASR integrated with VAD and NS. Our proposed
method adopts a statistical model-based technique [4] for NS.
Here, MUSCLE-VAD is also a statistical model-based tech-
nique. Thus, our aim is to be able to handle input-output infor-
mation for VAD and NS by using a common statistical model
for each method. In this paper, we first study the information
supply from VAD to NS, and prove that the proposed method
improves ASR accuracy compared with the conventional series
combination method.

2. Noise robust VAD
First, this section describes a noise robust VAD method called
MUSCLE-VAD. MUSCLE-VAD consists of a robust fea-
ture parameter, PAR and an SKF-based robust discrimination
scheme. It works robustly in various noise environments.
2.1. Periodic to aperiodic component ratio
The dominant harmonic component in the observed signal is
referred to as the periodic component, which is not always the
target signal, and the other sound components are referred to
as aperiodic components and include both environmental noise
and the aperiodic components of the target speech. Although
the estimated power of the periodic component is affected by
changes in the aperiodic components, this effect can be miti-
gated in the PAR. Therefore, the PAR is expected to be insen-
sitive to dynamic changes in noise power and to be an effective
feature for the discrimination of speech and non-speech. The
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Figure 2: Speech/non-speech state transition model with noise
dynamics. The symbols H0, H1, and Nt denote a non-speech
state, a speech state, and a noise state sequence, respectively.

details of the PAR calculation are described in [2].
2.2. VAD based on statistical model
2.2.1. Speech / non-speech state transition model
The proposed method discriminates between speech and non-
speech periods based on the likelihood ratio test (LRT) with a
statistical model.

As shown by the clean speech model in Fig. 2, the pro-
posed method trains Gaussian mixture models (GMMs) of clean
speech and silence in advance by using a clean speech corpus.

Next, we assume that noise has non-stationary characteris-
tics, thus, the noise sequence is modeled by using a sequential
state transition model as shown by the noise model in Fig. 2.
With this method, we assume that the noise statistics are not
known in advance. Thus, we estimate the parameters of the
noise model sequentially by using a Kalman filter.

Finally, by composing these models, we can construct the
speech / non-speech state transition model with noise dynamics
as shown by the noisy speech model in Fig. 2. Namely, this
model has state transition processes for both speech and noise.
By using this model, we can construct VAD that is robust as
regards a variety of speech and non-stationary noise.
2.2.2. Formulation of likelihood ratio calculation
This section describes a speech / non-speech discrimination
method based on the state transition model shown in Fig. 2.

In the method,O0:t,N0:t, and qt denote the L-dimensional
vector of the log Mel spectra of the observed signal and noise at
the t-th short time frame, and the speech or the non-speech state
at the t-th frame. When O0:t = {O0, · · · ,Ot} and N0:t =
{N0, · · · ,Nt} are given, the state is decided with respect to
the conditional probability p (qt|O0:t,N0:t) as follows:

p (qt|O0:t,N0:t) ∝ p (O0:t, qt,N0:t) (1)

Here, we assume that qt andNt are mutually independent,
thus, the recursive formula of p (O0:t, qt,N0:t) is given by

p (O0:t, qt,N0:t)

=
X
qt−1

p (qt|qt−1) p (Nt|Nt−1) p (Ot|qt,Nt)

×p (O0:t−1, qt−1,N0:t−1) (2)

By defining p (qt = Hj |qt−1 = Hi) = ai,j (the state transi-
tion probability of speech), p (Ot|qt = Hj ,Nt) = bj,Nt (Ot)
(the output probability), and p (Nt|Nt−1) = ct,t−1 (the state
transition probability of noise), αj,t = p (O0:t, qt = Hj ,N0:t)

(the forward probability) is represented as the following equa-
tion from Eq. (2). Here, ct,t−1 is set at 1, because we assume
that the noise has a continuous state transition process.

αj,t =
1X

i=0

(ai,jαi,t−1) bj,Nt (Ot) (3)

In Eq. (3), when t = 0, the current frame is assumed to be a
non-speech frame. Thus, the initial values α0,0 = 1 and α1,0 =
0 are given.

Finally, the state qt is given by the LRT, namely, the thresh-
olding likelihood ratio Rt = α1,t/α0,t, as

qt =

j
H0 Rt < Threshold
H1 Rt ≥ Threshold

. (4)

On the other hand, when we focus on the state transition
noise model shown in Fig. 2, it is also given by the following
equation. This equation is completely equivalent to a statistical
representation of a Kalman filter [5].

p (O0:t,N0:t) = p (Nt|Nt−1) p (Ot|Nt) p (O0:t−1,N0:t−1)
(5)

If the probability (state) variable qt is added to Eq. (5), the
statistical process is equivalent to Eq. (2). This means that Eq.
(2) is equivalent to a statistical representation of a switching
Kalman filter that switches the state-space model of a Kalman
filter based on a state variable. The updating of the Kalman
filter-based noise state is detailed in [3].
2.3. Integration of VAD methods
This section describes the combination of PAR and SKF men-
tioned in sections 2.1 and 2.2. The combination is carried out by
employing the adaptive weighting of likelihoods outputted from
each method independently. Thus, the GMMs of clean speech
and silence for PAR are trained in advance, and the likelihood
of PAR bj,PAR (PARt) is given by the following equation.

bj,PAR (PARt)

=

KX
k=1

wPARj,kN
“
PARt;μPARt,j,k , σ

2
PARt,j,k

”
(6)

where PARt denotes estimated PAR at the t-th frame.
When bj,PAR (PARt) is given, the likelihood of SKF

bj,Nt (Ot) is added with weight γt as follows:

bj (Ot, PARt) = γtbj,Nt (Ot) + (1− γt)bj,PAR (PARt) ,
(7)

where 0 ≤ γt ≤ 1. The probabilities for the LRT are calculated
by using combined likelihood bj (Ot, PARt) as follows:

αj,t =

1X
i=0

(ai,jαi,t−1) bj (Ot, PARt) (8)

When γt = 0, the discrimination is carried out by PAR alone,
and for γt = 1, the discrimination is carried out by SKF alone.

The adaptive frame by frame decision of the weight γt
is given by the following method. First, bj,Nt (Ot) and
bj,PAR (PARt) are normalized as the total likelihood of non-
speech state (j = 0) and speech state (j = 1) equal to 1. Next,
the absolute differences of the likelihoods of the non-speech
state and the speech state DSKF,t and DPAR,t are calculated
by using the following equations.

DSKF,t = |b0,Nt (Ot)− b1,Nt (Ot)| (9)
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DPAR,t = |b0,PAR (PARt)− b1,PAR (PARt)| (10)
When DSKF,t or DPAR,t has a large value, it shows that the
decision confidence is high as to whether the current frame be-
longs to a non-speech state or a speech state. When the value is
low, it shows that the decision confidence is low. The weight γt
is given by using DSKF,t and DPAR,t as follows:

γt = DSKF,t/ (DSKF,t +DPAR,t) (11)

Equation (11) shows that the weight of the SKF increases
or decreases according to the confidence of the SKF. Thus, by
using this weight, we can select the most suitable method for
the current frame, frame by frame.

3. Statistical model-based NS
This section describes statistical model-based NS technique.
This method is based on the Wiener filter and optimally esti-
mates the Mel-scaled Wiener filter gain by using parameters of
statistical models [4]. Usually, Wiener filter gain Gt,l is given
by the following equation:

Gt,l =
exp (St,l)

exp (Ot,l)
� exp (St,l)

exp (St,l) + exp (Nt,l)
, (12)

where St,l denotes the log-Mel spectrum of clean speech, Ot,l

and Nt,l denote the l-th elements ofOt andNt, respectively.
In Eq. (12), Ot,l is a given parameter, but St,l and Nt,l are

unknown parameters. Thus, the mean of the statistical model
of clean speech, μSt,k,l is substituted for St,l. The statistical
model of clean speech is trained by using clean speech corpora
in advance. On the other hand, Nt,l is estimated by the SKF de-
scribed in Sec. 2.2.2 and [3]. In addition, the statistical model
of clean speech is modeled by GMM with K-Gaussian distri-
butions. Thus, we can design plural filter gain Ĝt,k,l by using
μSt,k,l , the mean of the k-th Gaussian distribution as follows:

Ĝt,k,l = exp
`
μSt,k,l

´ ‹
exp

`
μOt,k,l

´
, (13)

where μOt,k,l denotes the l-th element of —Ot,k
, which is a

mean vector of Ot,l. —Ot,k
is given by using μSt,k,l and Nt,l

with several HMM compensation methods.
The optimum filter gain Ĝt,l is given by the weighted aver-

age of Ĝt,k,l with a posteriori probability p (k|Ot).

Ĝt,l =

KX
k=1

p (k|Ot) Ĝt,k,l (14)

p (k|Ot) =
N

“
Ot;—Ot,k

,ΣOt,k

”
PK

k′=1 N
“
Ot;—Ot,k′ ,ΣOt,k′

” , (15)

whereΣOt,k denotes the diagonal variance matrix of Ot,l.
The method described in [4] estimates filter gain by using a

GMM trained without any discrimination of silent periods and
speech periods. However, the acoustic characteristics of silent
periods and speech periods are very different. To overcome this
problem, a filter estimation method using GMMs of silence and
speech for each period has been proposed, and it exhibited im-
proved NS performance [6].

The proposed method sequentially estimates environmen-
tally adapted GMMs of speech and non-speech by using GMMs
of silence (j = 0) and speech (j = 1), and is able to construct
the filter gain by using the parameters of each GMM as follows:

Ĝt,j,k,l = exp
`
μSt,j,k,l

´ ‹
exp

`
μOt,j,k,l

´
(16)

All filter gains Ĝt,j,k,l are unified by weighted averaging
with a posteriori probability p (k|Ot, j) derived by Eq. (18)
and the forward probability αj,t derived by Eq. (3). Thus, Eq.
(17) estimates the optimum filter gain Ĝt,l by using the differ-
ences between the acoustic characteristics of silent periods and
speech periods. This also means mutual utilization of informa-
tion provided by VAD and NS.

Ĝt,l =
1X

j=0

αj,t

KX
k=1

p (k|Ot, j) Ĝt,j,k,l (17)

p (k|Ot, j) =
N

“
Ot;—Ot,j,k

,ΣOt,j,k

”
PK

k=1 N
“
Ot;—Ot,j,k′ ,ΣOt,j,k′

” (18)

The estimated filter gain is transformed into the impulse
response by Mel-warped inverse discrete cosine transform and
the noise is suppressed by convoluting the impulse response to
the observed signal.

4. Experiments
4.1. Experimental setup
The proposed method was evaluated by using the CENSREC-1-
C database [7]. CENSREC-1-C was designed as an evaluation
framework for VAD in noise and has two types of evaluation
data set, i.e., simulated data and real recorded data. In this pa-
per, we chose the real recorded data set for the evaluation.

The data were recorded in two real environments (a restau-
rant (Rest.) and a street (St.)) with two different sound pressure
levels (avg. 60 dBA: high SNR (Hi.) and avg. 70 dBA: low
SNR (Lo.)). The sampling rate was 8 kHz. There were ten
speakers (five males and five females). The recorded speech
consisted of four files per subject. A single file included 8-10
utterances of continuous 1-12 digit numbers with two-second
intervals between each utterance in each noisy environment
and for each SNR condition. The correct segment labels were
tagged manually.

The feature parameters for the PAR-based VAD and SKF-
based VAD were 1st order PAR and 24th order log-Mel spectra,
respectively, which were extracted by using a Hamming win-
dow with a 25 msec frame length and a 10 msec frame shift
length. We trained the silence and clean speech GMMs for
PAR-based VAD and SKF-based VAD by using clean speech
data for the HMM training of CENSREC-1 (AURORA-2J) [8].
Each GMM has 32 Gaussian distributions. The training data
consisted of 8,440 utterances spoken by 110 speakers.
4.2. Experimental results of VAD
In the evaluation, we compare the VAD performance of the
proposed method with the CENSREC-1-C baseline, the con-
ventional statistical model-based approach proposed by Sohn
[9], PAR alone, and SKF alone. The baseline technique of
CENSREC-1-C is energy-based VAD.

The evaluation criteria are the utterance correct rate and ut-
terance accuracy rate as shown by Eqs. (19) and (20).

Corr = Nc/N × 100 [%] (19)
Acc = (Nc −Nf )/N × 100 [%] , (20)

where N , Nc, and Nf denote the total number of speech ut-
terances, the number of correctly detected utterances, and the
number of incorrectly detected utterances, respectively.

Table 1 shows the results of an utterance-level evaluation.
As seen in the table, the proposed method “MUSCLE-VAD”
significantly improves both Corr and Acc compared with the
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Table 1: VAD results (%)
Corr (%) Acc (%)

Rest. Hi. Rest. Lo. St. Hi. St. Lo. Ave. Rest. Hi. Rest. Lo. St. Hi. St. Lo. Ave.
Baseline 74.20 56.52 39.42 41.45 52.90 21.45 -43.48 -15.65 -33.91 -17.90
Sohn 72.75 57.10 97.39 78.55 76.45 45.51 -6.38 94.49 57.39 47.75
PAR 70.72 57.10 87.25 80.58 73.91 24.35 -6.67 64.35 54.49 34.13
SKF 89.57 66.96 100.00 97.97 88.63 68.41 12.46 97.68 93.62 68.04
MUSCLE-VAD 93.04 70.72 100.00 97.97 90.43 72.75 19.71 99.13 94.78 71.60

Table 2: ASR results after VAD (%)
Rest. Hi. Rest. Lo. St. Hi. St. Lo. Ave.

w/o VAD 45.17 1.28 34.43 25.23 26.53
Baseline 44.16 18.12 29.96 21.62 28.47
Sohn 37.45 -3.81 33.41 29.58 24.16
PAR 39.76 8.89 39.16 24.08 27.97
SKF 43.75 12.50 46.99 33.15 34.10
MUSCLE-VAD 46.85 18.67 47.27 33.52 36.58
MUSCLE-VAD + NS 70.95 21.38 74.53 47.63 53.62
Integ. VAD & NS 71.31 21.68 76.96 56.83 56.70
Ideal VAD 52.67 29.17 41.25 29.50 38.15
Ideal VAD + NS 74.58 39.67 72.50 48.83 58.90
Integ. ideal VAD & NS 88.89 49.09 86.25 60.66 71.22

baseline. In particular, the average improvement in Acc when
compared with the baseline was approximately 89 %. In addi-
tion, the proposed method improves both Corr and Acc com-
pared with PAR and SKF. This means that the proposed likeli-
hood combination works effectively.
4.3. Experimental results of ASR
We used the HMM Tool Kit [10] for ASR and acoustic model
training. The acoustic models were trained as whole word
(digit) HMMs (16 states, 20 Gaussian distributions per state)
by using clean training data from CENSREC-1. The feature pa-
rameters used in this evaluation consisted of 39 MFCCs with 12
MFCCs, log-energy, and their first and second order derivatives.
Cepstral mean normalization was not applied at the feature ex-
traction. A more detailed evaluation scheme for CENSREC-1
is described in [8].

Table 2 shows the ASR results in terms of word accuracy.
In the table, “w/o VAD,” “MUSCLE-VAD + NS,” and “Integ.
VAD & NS” represent results obtained without VAD, with a
conventional series combination of VAD and NS, and with the
proposed integration method, respectively. “Ideal VAD,” “Ideal
VAD + NS,” and “Integ. ideal VAD & NS” represent results ob-
tained with manual VAD, with series combination using manual
VAD, and with filter gain design by using GMMs of speech and
non-speech and true VAD, respectively.

The table shows that the proposed method “Integ.
VAD&NS” improves ASR accuracy more than the conventional
method “MUSCLE-VAD+NS,”. This means that it is necessary
to consider the difference between the acoustic characteristics
of silent periods and speech periods and to utilize mutual infor-
mation. On the other hand, the improvements in “Integ. ideal
VAD & NS” are much larger than in “Ideal VAD + NS.” The
difference between the proposed method and “Integ. ideal VAD
& NS” is VAD accuracy. This suggests that the improvement
in VAD accuracy leads to improved NS performance with the
proposed method. The improvement in the SNR caused by NS
contributes considerably to the improvement in VAD accuracy.
Thus, this method requires the feedback of information from
NS to VAD.

5. Conclusion
This paper presented a robust front-end processing technique
for ASR in noise. The proposed method integrates VAD and

NS, and utilizes mutual information provided by each method.
In the evaluation, the proposed method improved ASR accuracy
compared with the conventional series combination. In the fu-
ture, we are planning to investigate the feedback of information
from NS to VAD.
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