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Abstract In speech signal processing systems, frame-
energy based voice activity detection (VAD) method may be
interfered with the background noise and non-stationary
characteristic of the frame-energy in voice segment. The
purpose of this paper is to improve the performance and
robustness of VAD by introducing visual information.
Meanwhile, data-driven linear transformation is adopted in
visual feature extraction, and a general statistical VAD model
is designed. Using the general model and a two-stage fusion
strategy presented in this paper, a concrete multimodal VAD
system is built. Experiments show that a 55.0 % relative
reduction in frame error rate and a 98.5 % relative reduction
in sentence-breaking error rate are obtained when using
multimodal VAD, compared to frame-energy based audio
VAD. The results show that using multimodal method, sentence-
breaking errors are almost avoided, and frame-detection
performance is clearly improved, which proves the
effectiveness of the visual modal in VAD.
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1 Introduction

Traditionally, audio-based VAD is performed by using some
features of the audio stream, for example, frame-energy [1]
or entropy [2]. However, we should pay attention to some
inherent disadvantages of these audio approaches. The
frame-energy based approach is designed for audio detection
rather than voice detection substantially due to the poor
consistence of the frame-energy, so it may suffer from the
background noises in non-speech segments and there will be
some periods with low energy in speech segments, for
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example, in the case of consonants or pauses between
phrases. Although the spectral characteristic of voice is taken
into consideration in the entropy-based approach, it still
cannot deal with colored noises with similar spectral char-
acteristic of voice, for example, cross-talking noises. With
the help of the visual modal, we expect that the problem can
be solved more satisfactorily because the appearances of lips
reflect the speaker’s expression directly and cannot be af-
fected by background noises.

Recently, a lot of attention has been paid to the multimo-
dal interactive systems [3, 4] that employ visual information
(especially the movement of the speaker’s lips) to supple-
ment traditional audio information in speech recognition and
speech synthesis. It is shown that with fusion of the visual
modal with the audio modal, the accuracy and robustness of
speech recognition systems can be enhanced significantly,
and the output from the visual modal in speech synthesis will
lead to more comprehensible results. However, there have
not been many results reported on audio-visual informa-
tion-based VAD, which is an important front-end of many
kinds of speech signal processing systems. We focus on this
problem in this paper.

There are several key problems that have to be addressed
for audio-visual VAD:

1) How can visual features that can represent the shape
and movement of lips be extracted?

2) How can models for voice and non-voice in visual
feature space be built?

3) How can binary decision rules and the system frame-
work for audio-visual VAD be designed? These issues will be
theoretically discussed and experimentally tested in this paper.

In Sect. 2, the problem of visual feature extraction is
discussed. In Sect. 3, we design appropriate models and de-
cision rules for audio-visual VAD. In Sect. 4, we focus on
how to define meaningful evaluation matrices for VAD. In
Sect. 5, experimental results are shown and discussed. Fi-
nally, in Sect. 6, we present our conclusions.

2 Visual feature extraction

The procedure of visual feature extraction for audio-visual
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VAD is illustrated in Fig. 1. Given a video frame sequence
includes the rough area of the speaker’s lips, the basic steps
for extracting visual feature may include the following:

1) A lip-tracking algorithm is applied to the frame for the
region of interest (ROI).

2) An intra-frame visual feature extraction algorithm is
applied to ROI to obtain the original frame visual feature V.

3) To synchronize with audio VAD, ¥ is interpolated at
the same sample rate as the audio stream to get P,

4) The features from several adjacent frames are com-
bined to form a large vector and are processed by another
dimension reduction transform to produce the final visual
feature M'"", which has the same dimension as "' but contains
more information about the inter-frame correlation.

5) Combine " with its first order difference for the final

visual feature V' ={}"", AP""}.
Combine PCA
A
V“[
v
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Fig. 1 Block diagram of visual feature extraction
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Primary component analysis (PCA) [5] is a widely
adopted linear transformation for feature extraction. It makes
use of prior knowledge to build a linear subspace that de-
scribes the data distribution well. We apply this approach to
ROI extraction and dimension reduction, and the two steps
are performed in one pass. We obtain the ROI and extract the
frame feature in a video frame using model matching. The
model is built by finding several main variation modes of
ROI using PCA. Given a training frame labeled with their
ROI rectangles, we re-sample the rectangle with 4 columns
and B rows to get the ROI vector R with dimension 4B. From
such vectors, the mean vector ug and the covariance matrix
2y are calculated. Then the eigenvectors corresponding to
the largest d eigenvalues are selected as the column vectors
of Pr(ABxd), which is the projection matrix to a d-dim
subspace that best describes the variation of the ROI vector.
The degree of fitting between a candidate ROI vector R and
the subspace is measured by calculating the Euclidean dis-
tance between them:

2

D*(p)=|R(p) -t ||Pe (R(p) -1, )| (1)
where p is the vector that consists of the parameters deter-
mining the ROIL. We assume that p = (x, y, s, 0), where (x, y)
are the central coordinates of ROI, s is the scale and 6 is the
rotation angle, as illustrated in Fig. 2. Model matching can be
formulated as the optimization problem:
Poy =argmax, D(p) ()

Since the derivative of distance function cannot be cal-
culated analytically, we use downhill simplex method [6] for

numerical solution of the optimization problem.
Once the ROl is extracted, the coordinates of R(p,y) in the

main variation subspace are selected as the components of
the d-dim visual frame feature vector Vpca= (c1, €2, ***, Ca)s
where ¢; = (R(Popt) — Mg pRi) is the ith component of the
coordinates ((e,e ) denotes inner product), and Pr, is the ith
column vector of the projection matrix Pg.

Fig. 2 An example of ROI extraction (the ROI is marked with the
white rectangle)

To extract ROI, the feature dimension required is no more
than three in practice. However, the feature dimension can be
increased to describe the ROI more precisely. We rebuild the
image of ROI with extracted frame visual feature V"' in
corresponding PCA subspace to give an intuitionist demon-
stration. By giving the original image and the rebuilt image
of ROI, Fig. 3 shows examples that demonstrate the effec-
tiveness of 1" in reconstructing the image in the ROI with
extracted ten-dimensional PCA subspace. It is observed from
the demonstration that the most useful information for de-
scribing the lip’s shape is reserved. In our experiments, the
visual feature spaces with more than six dimensions are not
considered.

(b)

Fig. 3 Examples of ROI rebuilding in ten-dimensional PCA sub-
space. (a) Original ROI image; (b) Rebuilt ROI image

In the final step, the combination of the frame features of



2K+1 adjacent frames are placed into a large vector V," () =
[V (£-K), ==, V"' (9), -+, V! (++K)]. Then we perform PCA on
it to reduce its dimension back to d for the inter-frame feature
1. Although the process does not introduce more information,
it is expected to obtain features that characterize the lips’
movement better.

3 Audio-visual VAD system

3.1 Models and decision rules

In general, VAD can be regarded as a bi-class pattern rec-
ognition problem in a d-dimensional feature space. The two
classes to be distinguished are voice class S and non-voice
class N. According to pattern recognition theories, some
mathematical models of the two classes should be built in the
feature space. Based on these models, appropriate classifiers
(decision rules) for voice detection can be derived. Unlike
the general problem of the bi-class pattern recognition, it is
noticeable that voice segments and non-voice segments are
both of long duration correspondingly. In other words, the
states of the frames within a short interval are highly correlated.
This characteristic can be utilized for better performance.

In this paper, statistical models are employed to describe
voice and non-voice classes. First, the conditional probability
density p(FJc) of the frame feature vector F is estimated for
each given class ¢ = S or N. Then, the difference Ad(F) = In
p(F|S) — In p(F|N) in logarithmic domain is used as the
judging function for determining which class a frame be-
longs to. The classification can be done by comparing Ad(F)
with a threshold. The threshold can be set to zero simply.
However, there may be some abnormal frames in both
classes that cannot be described by the model properly or
even more closely by the opposite model. For reducing the
influence of these frames, we employ a couple of thresholds
Ts < 0 < Ty [7] to accommodate the long-term aforemen-
tioned characteristics: during the frame-synchronous VAD
process, if current frame is classified to be in S state, then T
will be used in the next frame, otherwise Ty will be used.
Moreover, we can set a minimal length of each segment.

In frame-energy based audio VAD module, the feature is
simply 4 = In E, where E is the frame-energy. The condi-
tional probabilities p(F4|c) are modeled as Gaussian distri-
butions, i.e.:

p(FA|c):N(FA|,uA‘,;Gi,), ce{S,N} 3)
where N(s|u;67) denotes the probability density function of

the one-dimensional Gaussian distribution with mean ¢ and
variance o°. Assuming o5 = 04N = 04, We obtain Ad(Fy) =
K[F4 — (uanv t t4y) / 2], here we use the constant K as a
concise expression. Because the paused frames in voice
segments and frames disturbed by non-stationary noises in
non-voice segments are all abnormal frames as mentioned
earlier, the bi-threshold method should be used. We select the
two thresholds as Ts= Ad, (vt Auy) / K and Ty= Ad (1ys+
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Awy) / K, where Ay are also constants. Then the correspond-
ing thresholds in feature domain can be given by:

Fo=pw+Auys Fy =5 —Au, (see Fig. 4) 4)
The thresholds lead to the traditional audio VAD rule. Here
the key problem is how to estimate u,y and w5, because
these parameters change considerably with the volume of the
speaker and the level of background noises. In our experi-
ments, a fuzzy clustering method [7] is used to estimate the
two parameters online for environment adaptation.

Au, 1 Au,
1

My | Fy Fy\

F,

Has

Fig. 4 A demonstration of audio models and decision rule for VAD

In visual VAD module, we represent the visual feature that
can properly describe the static and dynamic characteristics
of the lips’ shape as Fy. Generally, the feature dimension is
more than one. Note that the shape of the speaker’s lips
distorts only slightly during periods of silence but may ap-
pear in diverse modes when speaking. Therefore, for
non-voice class, we use a multi-dimensional single Gaussian
distribution:

p(FV |N) = N(FV |”VN ;ZVN (5)
where N(-|,u;):) denotes Gaussian distribution with mean

vector u and covariance matrix X. Therefore, for non-voice
class, we use a multi-dimensional single Gaussian distribu-
tion with mean vector 4 and covariance matrix X, and for the
voice class, we use a multi-dimensional Gaussian mixture
distribution:

p(FV|S)=szN(FV|:”VSm;Z\/Sm) (6)

m=1

where M is the number of mixtures and w,, is the weight of
the mth Gaussian mixture. Since the consistence of the visual
features of both the two classes is much better, we can use T
= T = 0 as the thresholds to distinguish the two classes. An
example of the visual models and the corresponding decision
surface in a two-dimensional visual feature space are shown
in Fig. 5.

S-Mix2
S-Mix3
Fp,
Decision
Surface
O

FVl

(S-Mixi: the ith Gaussian mixture of the model of voice; N: the model of
non-voice model; Fy; : the ith coordinate of the visual feature)

Fig.5 A demonstration of visual models and decision rule for VAD
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The visual models used in VAD are estimated offline in
our work. Note that the parameters of the visual models are
independent of the environments, so it is reasonable to es-
timate them only one time in advance. Correspondingly, the
parameters of audio models must be estimated online be-
cause the volume and level of background noises may
change momentarily in a long period of multimodal stream.
To estimate the parameters of the visual models, we do VAD
by audio modal on the training stream, then the VAD results
are used as labels for training the visual models. Since there
are not many parameters of visual models to be estimated, a
little training data is enough.

3.2 System framework

The audio-visual fusion strategies in multimodal systems can
be classified into two broad categories: feature fusion and
decision fusion. The former puts the audio and visual fea-
tures together for the combined features used in decision,
while the latter fuses the results of the two modes at an ap-
propriate level. To build an audio-visual VAD system, we
should analyze the strengths and weaknesses of the two
modes first. Considering that the lips’ movement is tightly
correlated with the state whether the speaker is keeping silence,
while the frame-energy may be very low even in the voice
segments, one expects that the sentences can be extracted
from the multimodal stream more precisely by using the
visual modal than by using the audio modal; so the sentence-
breaking ability of the visual modal is expected to be better.
However, better frame-detection performance may be
achieved by audio modal than by visual modal because the
frame-energy changes more dramatically than the lip’s shape
at sentence boundaries. To fully utilize the strength of each
modal, we adopt a two-stage decision-fusion strategy in our
audio-visual VAD system, as illustrated in Fig. 6.

| Audio VAD

. . - |
Sentence-breaking points Y

Final detection results W

Fig. 6 Framework of audio-visual VAD

In the first stage, the sentence-breaking points, defined as
the midpoint of the end of one detected sentence and the start
of the next detected sentence, are extracted by visual VAD.
In the second stage, a bi-direction audio VAD is performed
on each segment between one sentence-breaking point and
the next one in order to obtain more precise sentence
boundaries. The audio VAD process is performed not only in
the forward direction from the start of the segment but also in
the backward direction from the end of the segment. In both

directions, the process stops once the boundary is detected
since we believe that there is only one sentence in one seg-
ment extracted by visual VAD. In this way both sentence-
breaking performance and frame-detection performance are
improved.

4 VAD performance evaluation

In our experiments, two measures are defined for testing the
two most important aspects of the VAD performance. They
are frame error rate and sentence-breaking error rate.

When used in speech communication or speech coding,
the most important measure of VAD performance is the
frame error rate Ppg. It is defined as the percentage of the
false-classified frame number relative to the total frame
number. It can be calculated by Pgg = Pgr+ Ppv, Where P is
a false alarm rate defined as the percentage of the number of
the frames that is detected to be voice but non-voice actually,
and Py is a missed alarm rate defined as the percentage of
the number of the frames that is detected to be non-voice but
voice actually, both relative to the total frame number (see
Fig. 7).

e

R

N

NS

Missed frames

N

False frames

Fig. 7 A demonstration of frame errors. Top: labeled sentence; Bot-
tom: the VAD result

When used in automatic speech recognition (ASR) system,
another important purpose of VAD is to break the audio
stream into sentences for recognition. The sentence-breaking
performance will infect the understanding ability of the entire
system evidently. Therefore, for evaluating the breaking
performance, sentence-breaking error rate Pgg is used. It is
defined as the percentage of the number of false sentence-
breaking points relative to the number of the total sentence-
breaking points. Pgg can be calculated by Pgg = Ppp + Pgi,
where Pgp, is breaking deletion error rate, and Pp is breaking
insertion error rate. To clarify the concept, we treat the mul-
timodal stream as a series of segments, which are voice and
non-voice alternates. Given the sentence label, correct seg-
ments are obtained: {RN;, RS;, RN,, -+ RSg_;, RS}, where
K is the total non-voice segment number. Considering the
VAD result, the midpoint of each detected non-voice seg-
ment is called sentence-breaking point: {BP,| 1< [ < L},
where L is the number of non-voice interval in VAD result. A
break insertion error appears if there is more than one sen-
tence-breaking point detected in a non-voice interval or more
than zero sentence-breaking points detected in a voice



interval. A break insertion error appears if there is no sen-

tence-break point detected in a non-voice interval (see Fig. 8).

We can calculate the deletion error number Npp and insertion
error number Ng; as follows:

K K L
NBD = ZNI,;D = ZH[I_S(RNIC’BP’)]
k=1 I=1

k=1

>

NBI

-1 L
3(RS,,BP)

1

P

=11
K
k=

+Z{(1—NSD){ZL:MRN“BPI)_I}} ™

I=1

1 ifBPinR )
. The sentence-breaking error
0 otherwise

where 3(R,BP) = {

rate can then be calculated by:

RN1| RS, | RN, | RS, RN, RS, |RN,
1 1
1 1
1 1
1 1
AAJ | :
1 1
1 1
| : . 1 1 1
BP, ‘ BP, BP, BP, BP,

Deletion Error Insertion Error

Fig. 8 A demonstration of sentence-breaking errors. Top: labeled
sentence; Bottom: VAD result
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without delta information.

Subsequently, the number of Gaussian kernels in the voice
model is selected experimentally by considering both the
frame error rate and the sentence-breaking error rate using
three-dimensional visual features. The results are listed in
Table 2. As we can see, the voice model of two Gaussian
kernels leads to the best performance. It is noticeable that the
more complicated model does not always lead to better per-
formance.

Table 1 Visual feature dimension selection

Feature Dim Pre/% Feature Dim Pye/%
P 1 15.51 v 2 4.36
2 3.99 4 9.71
3 3.87 6 7.11
4 3.93 8 7.02
5 3.92 10 6.80
6 3.90 12 6.69

5 Experiments

Our audio-visual database is collected for Mandarin audio-
visual large vocabulary continuous speech recognition
(LVCSR). It consists of video and audio of male speakers
uttering a script of 1 560 sentences for five times. The video
is captured in color at a frame rate of 29.97 Hz (NTSC). The
audio is captured at a rate of 16 KHz using 16 bit quantiza-
tion. One hundred sentences are used for model training and
the rest for testing.

Our experiments have two purposes: one is to select the
best visual feature and model in audio-visual VAD by opti-
mizing several parameters; the other is to test and compare
the performance of several VAD approaches.

The goal of our first experiment is to find out the optimal
value of several parameters, including the dimension of vis-
ual feature and the number of Gaussian mixtures for voice
class in the visual VAD module.

First, we build both the non-voice model and the voice
model with one mixture, i.e., single Gaussian distribution
model, in variant visual feature spaces for selecting the best
visual feature dimension. The results are listed in Table 1. As
we can see, the frame error rate and sentence-breaking error
rate are both minimized by three-dimensional visual features

Table 2 Number of kernels selection in visual voice model

M Pee/% Pge/%
1 3.87 0.08
2 3.37 0.05
3 3.38 0.13
4 3.44 0.15
5 3.40 0.14

In the second experiment, we focus on comparing the
performances of several VAD systems. In audio VAD, we
apply fuzzy clustering based upon Bayesian information
criterion to estimate the two energy thresholds online [8].
The results are listed in Table 3. We can observe that visual
VAD performs significantly better than audio VAD in sentence-
breaking error rate. However, the frame error rate of audio
VAD is not better than visual VAD as expected. It can be due
to too many sentence-breaking errors. Hence, the fusion
framework for audio-visual VAD system is still appropriate.
As shown in the last row of Table 3, the frame error rate of
bi-modal VAD is Pgg = 2.13 %, and the corresponding rela-
tive reduction is 55.0 % compared with audio VAD.

Table 3 Comparison of several VAD approaches (relative reductions
are listed in the brackets)

Approach Pre/% Pge/%
Audio VAD (baseline) 4.73 3.24
Visual VAD 3.37 (28.8) 0.05 (98.5)
Audio-visual VAD 2.13 (55.0) 0.05 (98.5)

6 Conclusions

The research on multimodal system shows us a new way of
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resolving the VAD problem. Based upon the research on the
general framework of VAD, we can build a novel VAD sys-
tem using visual features characterizing static and dynamic
natures of lips. It is shown by experiment results that the
visual model performs significantly better than audio VAD,
especially in terms of sentence-breaking error rate. Conse-
quently, by fusing audio and visual information, a bi-model
VAD system even outperforms any uni-modal system in
frame error rate, which shows that the system can break au-
dio-visual stream into sentences and obtain the correspond-
ing boundaries precisely.
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