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Abstract

This paper proposed a novel and robust voice activity de-
tection (VAD) algorithm utilizing long-term spectral flatness
measure (LSFM) which is capable of working at very low
signal-to-noise ratios (less than 10 dB). The proposed al-
gorithm was evaluated under eleven types of noises from
NOISEX-92 and five types of SNR in core TIMIT TEST cor-
pus. Comparisons with three modern standardized algorithms
(ETSI AMR option 1&2 and ITU-T G.729 Annex B) demon-
strate that our proposed LSFM-based VAD scheme achieved
highest speech hit rate among the four algorithms while keep-
ing good hit rate balance between speech hit rate and non-
speech hit rate.

1. Introduction

Voice Activity Detection (VAD) is the method to discrim-
inate speech segments from the input noisy speech. It is an
integral part to many speech and audio processing applica-
tions and is widely used within the field of speech commu-
nication for achieving high coding efficiency and low-bit rate
transmission. Examples include noise reduction for digital
hearing aid devices [|] and mobile communication services
[Z].

A typical VAD system consists of two core parts: feature
extraction and thresholding. In order to achieve a good detec-
tion, the features chosen have to show a discriminative vari-
ation between speech and non-speech segments. Researchers
have proposed a variety of features exploiting different prop-
erties of speech and noise to achieve a better VAD perfor-
mance. Most features work sufficiently well in stationary
noises and high SNR cases such as 10dB and above. How-
ever, VAD algorithms based on particular feature or specific
set of features are still far from efficient especially when it
is operating in adverse acoustic conditions. Therefore, the
VAD algorithm which can work efficiently in low SNRs still
remains challenging and requires the design of further robust
features and algorithms.

The structure of this paper is arranged as follows. Sec-
tion 2 presents the proposed long-term spectral flatness mea-
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Figure 1: Block diagram of the proposed LSFM-based VAD
algorithm

sure (LSFM)-based VAD algorithm including the choice for
proper parameters and adaptive threshold. The experiment
conditions and evaluation standard are dicussed in Section 3.
The experiment results are provided in Section 4. Finally, a
conclusion of this work and the discussion are given in Sec-
tion 5.

2. The proposed LSFM-based VAD algorithm

Spectral flatness is a measure of the width and uniformity
of the power spectrum. The LSFM feature is computed us-
ing the spectrum of the last R frames of the input signal z(n)
with respect of the current frame of interest. To expand the
dynamic range, the spectrum flatness is measured on a loga-
rithmic scale, ranging from 0 to minus infinity. It is calculated
by
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where the geometric mean GM (m, wy, ) and arithmetic mean
AM (m,wy,) of the power spectrum is calculated as
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Figure 2: Illustrative example of the adaptive threshold and the VAD output, white noise, SNR=0dB. The upper figure shows
the LSFM value and the corresponding adaptive threshold for each frame, the lower figure shows the VAD output decisions

and the ground truth namely “Label”
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The short-time spectrum S(n, wy,) used in this research is es-
timated by Welch-Bartlett method which averages the spec-
tral estimates of M consecutive frames. The expressions are
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where X (p, wy) is the short-time Fourier Transform coeffi-
cient at frequency wy, (wy, € [500,4000]Hz) of the p'" frame.
w(i) is the short-time Hann window, where ¢ € [0, Ny, ). Ny,
is the frame length and Ny, is the frame shift. In this paper,
we use 20ms length (/V,,=20ms) and 10ms shift (Ng,=10ms).
A block diagram of the proposed LSFM-based VAD algo-
rithm is shown in Fig. 1. The algorithm can be described as
follows. The input speech signal is decomposed into over-
lapped frames (20ms length, 10ms shift) by the Hann win-
dow. And the spectrum of the segmented signal is estimated

by Welch-Bartlett method. At the mt" frame, the LSFM fea-
ture L, (m) is computed using the last R frames. The deci-
sion about whether there contain speech in the last R frames
is made through the comparison with an adaptive threshold.

An illustrative example of the adaptive and the VAD out-
put is shown in Fig. 2. A high spectral flatness indicates that
the spectrum has a similar amount of power in all spectral
bands, this would sound similar to white noise, and the graph
of the spectrum would appear relatively flat and smooth. A
low spectral flatness indicates that the spectral power is con-
centrated in a relatively small number of bands, this would
typically sound like a mixture of sine waves which is likely
to be speech signal. Hence, the spectral flatness measure is a
good feature for VAD.

2.1 Selection of M and R

In Eq. (2-4), M and R are parameters used for computing
the LSFM feature L,. We want to choose appropriate M and
R so that the detection error is minimized. The misclassifi-
cation errors for all combinations of M and R are computed
for M =5, 10, 20, 30, 40 and R=5, 10, 20, 30, 40 over eleven
types of noise at 0dB. We observed that the best choice of the
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Figure 3: Accuracy rate (HR1, HR0, CORRECT and H R_B) comparisons of four VAD schemes (AMR1, AMR2, G.729B
and the proposed LSFM) averaged over eleven kinds of noise for five SNRs (-10dB, -5dB, 0dB, 5dB and 10dB)

combination of M and R is (10,30) for most noises tested.
This fixed combination is then adopted for the following tests.

2.2 Adaptive Threshold

A fixed threshold would lose its efficiency when facing
varying acoustic environments. Therefore, it is more suitable
to design an adaptive threshold [3]. From Eq. (2-4) we can
conclude that (R + M — 1) frames (0.39s for fixed R = 30
and M = 10) information is needed to acquire the first LSFM
feature value. In our implementations, the initial 1.39s of the
test signal z(n) is always assumed to be non-speech. From
this 1.39s of z(n), 100 realizations of Ly can be collected
and saved to ¥y x 1. The threshold is then initialized to be:

THRiNT, :min@/JINL)- (6)

To update the threshold at m*" frame, we used two buffers
Ys4+n and Y. Yg4 N stored the LSFM measures of the last
100 long window ending at m*" frame which were decided
as containing speech; similarly, ¢ stored the LSFM mea-
sures of the last 100 long window ending at m‘" frame which
were decided as including non-speech information only. The
adaptive threshold for the m!" frame is then updated as:

THR(m) = Axmin(Ysin) + (1 = N) * maz(yy) (7)

where A is the parameter of the convex combination. We ex-
perimentally found that A = 0.55 results in maximum accu-
racy rate in VAD decisions over the TIMIT training set [4].

3. Experiment Conditions and Evaluation method

3.1 Experiment Conditions

In this paper, experiments are carried out on the core
TIMIT TEST set [4] consisting of 24 individual speakers
(16 male, 8 female) of eight different dialects, each speak-
ing 10 phonetically balanced English sentences. Eleven kinds
of noise from NOISEX-92 database [5] have been artificially
added to the speech at SNRs of -10, -5, 0, 5 and 10dB.

3.2 Evaluation method

Detection performance was assessed in terms of the speech
hit rate (H R1) and non-speech hit rate (H 0) defined as the
fraction of all actual speech frames or non-speech frames that
are correctly detected as speech frames or non-speech frames,
respectively[6]:
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where N7/ and N/ are the number of real speech and non-
speech frames in the whole database,respectively, while V7 ;
and Ny o are the number of speech and non-speech frames
correctly classified. The overall accuracy rate (CORRECT)
and hit rate balance (H R_B ) is then defined as:

Ny + N
CORRECT = ~1L 7200 ©)
NPT N

HR_B = |HR1 — HRY| (10)

4. Experimental Results

As shown in Fig.3, the proposed LSFM-based VAD is
compared with three modern standardized algorithms (ETSI
AMR option 1&2 [7] and ITU-T G.729 Annex B [&]) in
terms of accuracy rate. Note that the results in Fig.3
are averaged values for all eleven noises from NOISEX-92
database. From Fig.3 we can conclude that G.729B suffers
poor CORRECT and H R1 with the increasing noise level
while keeps high H R0 for the whole range of SNRs (78.56%
on average) . AMRa performs much better than G.729B for
both CORRECT and H R1 while suffering degradation of
H RO when the SNR level is increased. AMR?2 improves con-
siderably over AMR1 in CORRECT mainly because of the
high H RO over all SNRs (88.11% on average) while yielding
similar H R1 with AMRI1. Our proposed LSFM-based VAD
yields the best H R1 from the beginning while keeps con-
tinuous increasing for / R0 when the SNR increases. Fur-
thermore, our proposed method achieved the best balance
(HR_B) between HR1 andH R0.

5. Conclusion and Discussion

We proposed a robust long-term spectral flatness measure
(LSFM)-based VAD scheme which can discriminate speech
segments from non-speech segments effectively. Experi-
ments were done on core TIMIT TEST set for eleven kinds of
noise from NOISEX-92 database across five different SNRs
range from -10dB to 10dB. The performance of our proposed
method is compared with three standards, namely G.729B,
AMRI and AMR2. The results are analyzed by accuracy rate.
Through extensive experiments, we show that the proposed
VAD scheme achieved the best compromise when compared
to the three representative VADs analyzed. It acquired high
H R1 while keeping the best HR_B.

The test database used in the implementations was created
to simulate typical conversational speech by inserting 2s si-
lence before and after each utterance from core TIMIT TEST
corpus, so that the ratio of speech to non-speech was almost
40% to 60%. While this simulates a conversational speech
statistically, this is not very realistic in terms of randomness
of pauses, hesitations, etc [9]. Furthermore, it should be noted
that according to different applications, the requirement for

H R_B maybe variant. For example, HR1 is a crucial factor
for speech coding while high HRO rate is necessary for most
speech recognition oriented systems.
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