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Abstract
This paper addresses the problem of voice activity detection
(VAD) in noisy environments. The VAD method proposed in
this paper is based on a statistical model approach, and esti-
mates statistical models sequentially without a priori knowl-
edge of noise. Namely, the proposed method constructs a clean
speech / silence state transition model beforehand, and sequen-
tially adapts the model to the noisy environment by using a
switching Kalman filter when a signal is observed. The eval-
uation is carried out by using a VAD evaluation framework,
CENSREC-1-C. The evaluation results revealed that the pro-
posed method significantly outperforms the baseline results of
CENSREC-1-C as regards VAD accuracy in real environments.
Index Terms: voice activity detection, statistical model,
switching Kalman filter, real environment, CENSREC-1-C

1. Introduction
Voice activity detection (VAD) that automatically detects a pe-
riod of target human speech from a continuously observed sig-
nal is one of the most important techniques for speech signal
processing. VAD is widely used in various speech signal pro-
cessing techniques, e.g., speech enhancement, speech coding
for cellular or IP phones, and the front-end processing of auto-
matic speech recognition.

Usually, VAD consists of two parts: a feature extraction
part and a decision part. The feature extraction part extracts
acoustic features for speech / non-speech discrimination, and
the traditional features are the zero-crossing rate and the energy
difference between speech and non-speech [1]. However, these
parameters are not robust in the presence of interference noises,
thus several noise robust features have been proposed [2, 3].
These parameters can improve the VAD accuracy. However,
the improvement range decreases with degradation in the signal
to noise ratio (SNR). When the SNR is low, the discriminative
characteristics of the feature parameter unavoidably degrade
due to the strong noise energy, even if a noise robust feature
parameter is used. Consequently, differences between speech
and non-speech become ambiguous, and it becomes difficult to
achieve sufficient VAD accuracy with a low SNR. This problem
indicates the difficulty of achieving robust VAD by feature ex-
traction alone and the importance of a decision mechanism. If
a robust decision mechanism is introduced into VAD, the VAD
accuracy will improve, even if the discriminative characteristics
of the feature parameter are ambiguous. In this paper, we focus
on a decision mechanism for noise robust VAD.

A statistical model-based VAD technique has been pro-
posed as a robust decision mechanism by Sohn et al. [4]. This
method defines a speech / non-speech state transition model,
and calculates the likelihood ratio of a speech state to a non-
speech state by using forward probability estimation. Sohn’s
method provides robust performance in noisy environments;

however, this performance is restricted to specific environ-
ments. Namely, assumptions of stationary noise environments
and a priori knowledge of noise are indispensable to Sohn’s
method. In the most cases, a noise observed in real world has
non-stationary characteristics and knowledge of it is not pro-
vided in advance. Thus, the robustness in the presence of non-
stationary noise and the lack of a need for a priori knowledge of
noise are the most important factors for actual robust and useful
VAD in the real world.

For VAD with such assumptions, we propose a VAD tech-
nique based on a switching Kalman filter. The proposed method
constructs a clean speech / silence state transition model in ad-
vance, and the noise model is sequentially updated by using a
Kalman filter when a signal is observed. After the noise model
is updated, a noise adapted model, i.e., a model with a speech
(clean speech + noise) state and a non-speech (silence + noise)
state is composed by using probability density functions (PDFs)
of a clean speech state or a silence state and updated noise
model. In the method, the Kalman filter for noise updating is
formulated by using PDF parameters of the clean speech state
or the silence state. Consequently, two types of estimation (up-
dating) results are given for the noise model by the selection
of the clean speech state or the silence state. This means that
the state-space representation of the Kalman filter depends on
state selection, thus, the proposed method has the characteris-
tic of the switching Kalman filter. After the model adaptation
(composition) with switching Kalman filter, the likelihood ratio
between a speech state and a non-speech state is calculated.

The proposed method was evaluated on the CENSREC-
1-C database (Corpora and Environments for Noisy Speech
RECognition-1 Concatenated) [5], which is concatenated
Japanese noisy speech data for VAD evaluation. The evalua-
tion results revealed that the proposed method significantly im-
proves VAD accuracy compared with the CENSREC-1-C base-
line. In addition, we confirmed that the proposed VAD improves
the speech recognition accuracy of concatenated utterances.

2. Statistical model-based VAD
In this section, we briefly review the concept of the statistical
VAD proposed by Sohn et al. [4]. Statistical VAD discriminates
between speech and non-speech periods based on the likelihood
ratio test (LRT) with a statistical model. The statistical model
is constructed by using an ergodic state transition model with
speech and non-speech states as shown in Figure 1.

In the figure, the symbols H0 and H1 denote the non-speech
and speech states, respectively. ai,j , bj (Ot), and Ot denote
the state transition probability from state i to state j, the out-
put probability at state j, and the L-dimensional vector of the
observed signal at the t-th short time frame, respectively.

By using the state transition model, the discrimination of
speech or non-speech periods is equivalent to the estimation of
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Figure 1: Speech / Non-speech state transition model (H0:
Non-speech stateCH1: Speech state)

the t-th frame state qt when O0:t = {O0, · · · ,Ot} is given.
Thus, the observed signal assigned to speech state (qt = H1) is
extracted as a speech signal. The state qt is decided with respect
to the conditional probability p (qt|O0:t) as follows:

p (qt|O0:t) = p (O0:t, qt) /p (O0:t) ∝ p (O0:t, qt) (1)

p (O0:t, qt) =
X
qt−1

p (qt|qt−1) p (Ot|qt) p (O0:t−1, qt−1)

(2)
The joint probability p (O0:t, qt) can be represented by the

recursive formula of Eq. (2) based on the first order Markov
chain, and is usually called the forward probability αj,t. Thus,
Eq. (2) is represented as the following equation:

αj,t = a0,jbj (Ot)α0,t−1 + a1,jbj (Ot)α1,t−1 (3)

where ai,j = p (qt = Hj |qt−1 = Hi) and bj (Ot) =
p (Ot|qt = Hj).

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)

In Eq. (3), the calculation of bj (Ot) is a crucial factor as
regards accurate VAD. In the original statistical VAD method
proposed by Sohn et al., output probability bj (Ot) is given by
using a priori and a posteriori SNRs [6].

3. VAD based on switching Kalman filter
3.1. Definition of state transition model
In the proposed method, we calculated bj (Ot) using PDFs, be-
cause an LRT with PDFs is more flexible and applicable than
the conventional a priori and a posteriori SNR-based approach.
As the PDFs for the LRT, we chose a Gaussian mixture model
(GMM) modeled in the log-Mel spectral domain as follows:

bj (Ot) =

KX
k=1

wj,k

L−1Y
l=0

N
`
Ot,l;μOj,k,l , σOj,k,l

´
(5)

where wj,k, Ot,l, μOj,k,l , and σ2
Oj,k,l

denote the mixture
weight of the k-th Gaussian distribution, the l-th element of Ot,
the mean of Ot,l, and the (diagonal) variance of Ot,l, respec-
tively. With this approach, if a noise (non-speech state) GMM
and a noisy speech (speech state) GMM are given in advance,
we can easily calculate bj (Ot). However, it is difficult and un-
realistic to use these models, because they need a priori knowl-
edge of noise. To cope with unknown noisy environments, it is
necessary to construct environmentally matched model sets by
using an on-line estimation. To deal with this problem, we first
defined non-speech and speech periods as follows:

qt = H0 : Non-speech period : Silence + Noise
qt = H1 : Speech period : Speech + Noise

With this definition, we modeled the speech state transi-
tion model by using an ergodic state transition model shown
as Figure 1. The PDF of each state is given by GMM. This

Nt-1 Nt Nt+1

Figure 2: State transition model of noise
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Figure 3: Speech / non-speech state transition model with noise
dynamics
model is same as the model used in Sohn’s method, however,
the model used in the proposed method has clean speech and
silence states. Next, we assume that noise has non-stationary
characteristics, thus, the noise sequence is modeled by using a
sequential state transition model as shown in Figure 2. Finally,
by composing speech and noise models, we can construct the
speech / non-speech state transition model with noise dynamics
as shown in Figure 3. Namely, this model has state transition
processes for both speech and noise. Speech has a discrete state
transition process and noise has a sequential one.

With this approach, the silence and clean speech GMMs can
be modeled in advance by using a clean speech corpus. On the
other hand, the noise statistics are unknown. Thus, we estimate
the noise statistics sequentially by using a Kalman filter.

3.2. Formulation of likelihood calculation
When O0:t and noise sequence N0:t = {N0, · · · ,Nt} are
given, the state qt 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) /p (O0:t,N0:t)

∝ p (O0:t, qt,N0:t) (6)

The recursive formula of the joint probability
p (O0:t, qt,N0:t) is given by

p (O0:t, qt,N0:t) =
X
qt−1

p (qt,Nt|qt−1,Nt−1) p (Ot|qt,Nt)

×p (O0:t−1, qt−1,N0:t−1) . (7)

Here, we assume that the state transition processes of qt and Nt

are mutually independent, thus, the joint probability 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) . (8)

By defining p (Nt|Nt−1) = ct,t−1 and p (Ot|qt = Hj ,Nt) =
bj,Nt (Ot), the forward probability αj,t =
p (O0:t, qt = Hj ,N0:t) is represented as the following
equation from Eq. (8).

αj,t =
1X

i=0

(ai,jαi,t−1) bj,Nt (Ot) ct,t−1 (9)
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In (8), ct,t−1 is always set at 1, because we assume that the
noise has a sequential state transition process. Thus, Eq. (9) is
simplified as

αj,t =

1X
i=0

(ai,jαi,t−1) bj,Nt (Ot) . (10)

On the other hand, when we focus on the state transition
model of noise shown in Figure 2, it is also given by the follow-
ing equation. This equation is completely equivalent to statisti-
cal representation of a Kalman filter [7]D

p (O0:t,N0:t)

= p (Nt|Nt−1) p (Ot|Nt) p (O0:t−1,N0:t−1) (11)

If the probability (state) variable qt is added to Eq. (11),
the statistical process is equivalent to Eq. (8). This means that
Eq. (8) 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.

3.3. Noise model updating based on switching Kalman filter
Sequential noise updating is carried out by Kalman filtering.
The Kalman filter requires a definition of the signal model
called a dynamical system (state-space model). Typically, a dy-
namical system can be defined by two equations: a state transi-
tion equation that represents the dynamics of the target signal,
and an observation equation that represents the output system
of the observed signal.

For the state transition process, a random walk process is
applied to the state transition of Nt,l as follows:

Nt+1,l = Nt,l +Wt,l (12)

Wt,l ∼ N
`
0, σ2

Wl

´
(13)

where Wt,l and σ2
Wl

denote the driving noise for the state tran-
sition process and the variance of Wt,l, respectively.

On the other hand, the observation process is modeled by
the following non-linear equation [8],

Ot,l = St,l + log (1 + exp (Nt,l − St,l))

= f (St,l, Nt,l) (14)

where St,l denotes log-Mel spectra of silence or clean speech.
In Eq. (14), the parameter St,l is usually unknown. Thus,

the parameters of silence or clean speech GMMs are substituted
for the parameter St,l as follows:

Ot,l = f
`
μSj,k,l , Nt,l

´
+ Vt,j,k,l (15)

Vt,j,k,l ∼ N
“
0, σ2

Sj,k,l

”
(16)

where μSj,k,l and σ2
Sj,k,l

denote the mean and variance of si-
lence (j = 0) and speech (j = 1) GMMs, respectively. Vt,j,k,l

denotes an error signal between St,l and μSj,k,l .
Since a GMM consists of K Gaussian distributions, K

types of observation processes are derived from Eq. (15). Us-
ing these observation processes, the (non-linear) Kalman filter
is multiplied into K types and we can obtain K types of esti-
mation results for each GMM. In addition, Eq. (15) switches
the characteristic of the state-space representation according to
the type of GMM (silence or clean speech), thus, the Kalman
filter given by the state-space model of Eqs. (12) and (15) has
the characteristic of a switching Kalman filter. The estimation
formulas for each Kalman filter are described in [8, 9].

After the noise updating, the mean and variance of the ob-
servation are given by the following equations.

μOt,j,k,l = f
`
μSj,k,l , Nt,j,k,l

´
(17)

σ2
Ot,j,k,l

= Ft,j,k,lσ
2
Nt,j,k,l

Ft,j,k,l + σ2
Sj,k,l

(18)

Ft,j,k,l = ∂μOt,j,k,l /∂Nt,j,k,l (19)

where Nt,j,k,l and σ2
Nt,j,k,l

denote the noise mean and variance,
respectively which are estimated by using the parameters of the
k-th parameter included in GMM j. μOt,j,k,l and σ2

Ot,j,k,l
de-

note the composed mean and variance of the observation in the
t-th frame. The output probability of each state bj,Nt (Ot) is
given by a GMM that consists of μOt,j,k,l and σ2

Ot,j,k,l
. Here,

we use the mixture weight of a clean speech GMM and a silence
GMM in place of those of the composed observation model.

4. Experiments
4.1. Experimental setup
The proposed method is evaluated by using CESNREC-1-C [5].
CENCSREC-1-C was designed as an evaluation framework for
VAD in noisy environments and has two types of evaluation data
set, i.e., simulated data and real recorded data. In this paper, we
chose the real recorded data set for the evaluation.

The data was recorded in two real noisy environments (a
restaurant and a street) with two different sound pressure lev-
els (avg. 60 dBA: High SNR and avg. 70 dBA: Low SNR).
The data was originally recorded at a sampling rate of 48 kHz
(with 16 bit quantization), and was down-sampled to 8 kHz.
The number of speaker was ten person (five males and five fe-
males). The recorded speech consisted of four files per subject.
A single file included 8-10 utterances of continuous numbers
consisting of 1-12 digit numbers with two second intervals for
each utterance in each noisy environment and each SNR condi-
tion. The correct segment labels were manually tagged.

The feature parameters for the proposed VAD were 24th or-
der log-Mel spectra, which were extracted by using a Hamming
window with a 25 msec frame length and a 10 msec frame shift
length. We trained the silence and clean speech GMMs with 32
Gaussian distributions by using clean speech data for the HMM
training of CENSREC-1 (AURORA-2J) [10]. The training data
consisted of 8,440 utterances spoken by 110 speakers. The state
transition probabilities of the clean speech model were set at
ai,j = {0.90, 0.10, 0.45, 0.55}. The variance of the driving
noise Wt,l was set at σ2

Wl
= 0.001.

4.2. Experimental results of VAD
In the evaluation, we compare the VAD performance of the pro-
posed method with the CENSREC-1-C baseline. The baseline
VAD technique of CENSREC-1-C is energy-based VAD with
adaptive thresholding.

The first evaluation is a frame-level evaluation. The evalu-
ation criteria are the false rejection rate (FRR) and false accep-
tance rate (FAR) as shown by Eqs. (20) and (21).

FRR = NFR/Ns × 100 [%] (20)

FAR = NFA/Nns × 100 [%] (21)

where Ns, Nns, NFR, and NFA are the total number of speech
frames, the total number of non-speech frames, the number of
speech frames detected as non-speech frames, and the number
of non-speech frames detected as speech frames, respectively.
FRR and FAR are controlled by the threshold, and have a
trade-off relationship. Thus, threshold was adjusted to a value
that made the average FRR and FAR approximately equal.
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Table 1: VAD results by frame-level evaluation

Table 2: VAD results by utterance-level evaluation

Table 1 shows the results of a frame-level evaluation. As
seen in the table, the proposed method significantly reduces
both FRR and FAR from the baseline results 1.

The second evaluation is an utterance-level evaluation. The
evaluation criteria are the utterance correct rate and utterance
accuracy rate as shown by Eqs. (22) and (23).

Correct = Nc/N × 100 [%] (22)

Accuracy = (Nc −Nf )/N × 100 [%] (23)

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 2 shows results of an utterance-level evaluation. As
seen in the table, the proposed method also significantly im-
proves both Correct and Accuracy 2. In particular, the average
improvement in Accuracy was approximately 78 %.

4.3. Experimental results of speech recognition
We also carried out an evaluation of speech recognition with
the proposed method. We used the HTK (HMM Tool Kit) [11]
for speech recognition and acoustic model training. The acous-
tic model is trained as whole word (digit) HMMs (16 states,
20 Gaussian distributions per state) by using clean training data
from CENSREC-1. The feature parameters used in this evalua-
tion were composed of 39 MFCCs with 12 MFCCs, log-energy,
and their first and second order derivatives. Cepstral mean nor-
malization was not applied at the feature extraction. A more
detailed evaluation scheme of CESNREC-1 is described in [10].

Table 3 shows the speech recognition results by word ac-
curacy. In the table, “Baseline” (upper), “Results” (middle),
and “Ideal VAD” (bottom) represent speech recognition re-
sults without VAD, with the proposed VAD, and with VAD us-
ing hand labeled utterance boundaries, respectively. The table
shows that the proposed method improves speech recognition
accuracy. In the speech recognition results obtained with the
proposed method, there was an increase in the deleted word and
substituted word errors caused by VAD errors. However, the
insertion word error, especially in the silent periods between
utterances, was significantly reduced. Therefore, we can con-
firm that the proposed method contributes to an improvement in
speech recognition accuracy by reducing insertion word error.

1The average (overall) FRR and FAR by Sohn’s method were
21.80 % and 23.70 %, respectively.

2The average (overall) Correct and Accuracy by Sohn’s method
were 68.26 % and 35.22 %, respectively.

Table 3: Speech recognition results with VAD (%)

45.17 34.43 39.80
1.28 25.23 13.26

23.23 29.83 26.53

49.64 44.73 47.19
10.34 31.61 20.98
29.99 38.17 34.08

52.67 41.25 46.96
29.17 29.50 29.34
40.92 35.38 38.15

5. Conclusion
This paper presented a noise robust VAD technique based on a
switching Kalman filter. The evaluation results show that our
proposed method significantly improves VAD accuracy com-
pared with the baseline of CENSREC-1-C. In addition the pro-
posed method also improves speech recognition accuracy. In
the future, we are planning to investigate the combination of
robust feature extraction and optimal threshold decision.
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