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Abstract

In this work, we present an algorithm that switches between the
energy and the entropy based voice activity detectors (VADs)
to provide an improved performance under varying signal to
noise ratio (SNR) conditions. The motivation for switch-
ing has come from the observed complementary behavior
in the noise estimation performances of energy and entropy
based voice activity detectors when evaluated over a range of
−5 dB < SNR < 30 dB. At lower SNRs the entropy based
voice activity detector outperformed the energy based one,
whereas at higher SNRs interestingly the opposite trend was
noted. The proposed online switching algorithm has a response
time of 0.5 second and it achieves the optimal performance of
either of the off-line VADs under fixed SNR conditions.

1. Introduction
Speech processing systems like speech coders and recognizers
when operated in noisy environments show a marked degrada-
tion in their performances [1]. One way of reducing this degra-
dation is to enhance the noisy signal. Most of the speech en-
hancement algorithms require a precise estimate of the back-
ground noise. In case of single channel speech enhancement
methods, an estimate of the slowly varying background noise is
obtained by using a voice activity detector (VAD) [2].

Among the features proposed in the literature for voice ac-
tivity detection are short time zero-crossing, energy and spec-
tral entropy, etc. [3]. Traditionally, the energy is the most com-
monly used technique for voice activity detection particularly
at high SNRs, whereas for low SNRs the entropy based meth-
ods are found to be favourable, as they are relatively insensi-
tive to the noise amplitude [4]. In this work we have used
the voice activity detection technique based on the entropy of
the time-frequency magnitude spectrum, capable of working in
non-stationary noises and at very low SNRs proposed in [5].
On evaluating the energy and entropy based VADs we observed
an interesting complementary nature in their noise estimation
performances. This motivated us to try switching between en-
ergy and entropy based VADs depending on the estimate of lo-
cal SNR.

The paper is organized as follows. Section 2 describes the
energy and entropy based VADs and the noise estimation mea-
sures used for evaluating their performances. The complemen-
tary nature observed in the VAD performances is described in
Section 3. The switching algorithm for improved performance
under varying noise conditions and its performance evaluation
are described in Sections 4 and 5, respectively. We conclude the
paper in Section 6.

2. Background
In this section, we describe the energy and entropy based voice
activity detectors used in this work and measures used to evalu-
ate their performance.

2.1. Energy based voice activity detector

The energy of the mth frame of length N is defined as:

E(m) =

m.N+N−1∑

n=m.N

x2(n) (1)

where n is the time index and x(n) is the speech signal. In gen-
eral the energy based detection techniques estimate the energy
level of noise and compute a decision threshold for detecting
the endpoints. Usually, the noise energy level is computed re-
cursively using the following equation:

Enoise(m) = λ Enoise(m− 1) + (1− λ) E(m) (2)

where the adaptation factor λ is chosen to be 0.85 for speech
and 0.98 for non-speech frames, respectively. Hysteresis based
thresholds for noise and speech are obtained by adding a fixed
value of 0.1 and 0.5 to the noise energy level respectively.

2.2. Entropy based voice activity detector

The entropy based feature was introduced for voice activity de-
tection under very noisy conditions by Shen et.al. [4]. For en-
tropy based VAD to be effective under non-stationary noises re-
quires either a weighting, as employed in [4], or the normaliza-
tion of the magnitude spectrum, as proposed in [5]. The entropy
of the normalized magnitude spectra is defined as:

H(t) = −
Ω∑

ω=1

P (|Ȳ (ω, t)|) log(P (|Ȳ (ω, t)|)) (3)

where P (|Ȳ (ω, t)|) = |Ȳ (ω,t)|2
∑Ω

ω=1 |Ȳ (ω,t)|2 is the probability of the
frequency band ω in the normalized magnitude spectrum and Ω
is the total number of frequency components of frame t. The
magnitude spectra is normalized as:

|Ȳ (ω, t)| =
|Y (ω, t)|

1
T

∑T
i=1 |Y (ω, t)|

(4)

where |Y (ω, t)| is the magnitude spectrum of the frequency
band ω for frame t and T is the total number of frames in the
noisy speech file. To find the threshold for speech/non-speech
classification, the global statistics of entropy are modeled using
a bimodal Gaussian distribution as proposed in [6].
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Figure 1: Relative errors in the estimation of mean of the spec-
tra for factory noise, over a range of SNRs using energy, entropy
and oracle voice activity detections.

2.3. Noise estimation error measures

As proposed in [5], the errors in the estimation of noise spectra
can be used to compare the performance of VADs. The relative
errors in mean and variance estimates of the noise spectra can
be computed as:

Δμ̂n =
1

Ω

Ω∑

ω=1

|μ̂n(ω)− μn(ω)|
μn(ω)

(5)

Δσ̂2
n =

1

Ω

Ω∑

ω=1

|σ̂2
n(ω)− σ2

n(ω)|
σ2
n(ω)

(6)

where [μ̂n(ω),σ̂2
n(ω)] and [μn(ω),σ2

n(ω)] are the mean and
variance of a frequency band ω computed from noise only
frames of the noisy speech and directly from the noise signal
respectively.
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Figure 2: Relative errors in the estimation of variance of the
spectra for factory noise, over a range of SNRs using energy,
entropy and oracle voice activity detections.
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Figure 3: The profiles of energy and entropy of the normalized
magnitude spectra for clean speech.

3. Complementary Nature in the
Performances of VADs

The relative errors in the estimation of spectral mean and vari-
ance of noise with energy and entropy based voice activity de-
tections over a range of −5 dB < SNR < 30 dB are shown in
Fig. 1 and Fig. 2, respectively. The speech file (SI2306) is
taken from TIMIT and the noise (factory) sample is taken from
NOISEX-92. The errors using the ‘oracle’ voice activity detec-
tion (i.e., using manually marked endpoints) are also shown for
understanding the nature of the measures. We can observe that
at low SNRs, the entropy based VAD outperforms the energy
based VAD; this behavior is consistent with the one reported
in [5]. However, at high SNRs, the errors of entropy based VAD
are significantly higher than that of the energy based VAD. So
there exists a crossover in the performances of the two VADs.
This behavior is obvious from the profiles of the energy and en-
tropy estimates for the same file under clean, 15 dB and 5 dB
SNRs along with the actual thresholds as shown in Figs. 3, 4
and 5 respectively. The possible cause of the crossover nature
in the performances is the normalization of magnitude spec-
tra in case of entropy based VAD. The normalization, which
is employed to whiten the noise spectra for improving the per-
formance of entropy based VAD under coloured noises, leads
to whitening of the speech spectra at very high SNRs, thus de-
grading the VAD performance. Exploiting this crossover in the
performances of the two VADs we could design an algorithm
that switches between the energy and entropy based VADs de-
pending upon an estimate of the overall SNR of the speech.

Table 1: The statistics of the crossover points in the variance
estimation errors with off-line analysis

Noise type Mean Standard
Deviation

White 9.2438 5.7574
Pink 10.7485 6.2751

Factory 10.2479 6.7429
Overall 10.0801 6.2585
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Figure 4: The profiles of energy and entropy of the normalized
magnitude spectra in 15 dB factory noise.

To substantiate the crossover nature in the performances of
the two VADs, we have computed the crossover points in the
performance curves for 200 files from TIMIT added with three
different noises (white, pink and factory) over range of −5 dB
< SNR < 30 dB. The statistics of the crossover points in the
variance estimation errors are summarized in Table 1. This en-
ables us to select either of the VADs by comparing the off-line
SNR estimate with the mean of the crossovers. The next section
deals with the design of an algorithm for switching between the
energy and entropy based VADs.

4. Switching Algorithm
It is obvious that for switching to be effective under varying
SNR conditions, the decision needs to be taken on the basis
of local statistics rather than off-line ones. For example, in
cases where the SNR changes significantly beyond the mean-
crossover point in the middle of the speech file, we could be
able to get optimal performance for one half only by selecting
the endpoints given by either of the VADs. However, if the
selection can be made over a shorter interval (fixed block of
frames), the energy and entropy based VADs can be used for
high and low SNR halves respectively, to result in improved
performance. The speed of switching in the new technique de-
pends upon the length of the block.

In order to make the switching online, both energy and en-
tropy based VADs need to work over a short interval. In the
energy based VAD, the statistics are computed on frame basis,
thus it does not need any modification for an online approach.
Whereas in the entropy based VAD, off-line statistics are used
for normalization of the magnitude spectra and computation of
the threshold. Thus for the online approach these two operations
need to be performed over a block. Although the normalization
worked out successfully even for short blocks, the threshold
computation failed due to insufficient non-speech entropy sta-
tistics available over some short blocks. To overcome this prob-
lem, in the computation of the threshold for the block, a fixed
number of recent past noise statistics (noise entropy buffer) are
also used. The next subsection describes the switching algo-
rithm in detail.
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Figure 5: The profiles of energy and entropy of the normalized
magnitude spectra in 5 dB factory noise.

4.1. The proposed algorithm

The steps in the block based switching algorithm are as follows:
Step 1: For each block compute the endpoints using energy

based VAD.
Step 2: For each block compute the entropy values using

the data of the current block and the adjacent previous block.
Threshold computation also uses a fixed noise entropy buffer
containing the recent past noise entropy values. Compute the
endpoints with the determined threshold.

Step 3: Compute the estimates of the local SNR using the
endpoints given by energy and entropy based VADs and choose
the maximum of them.

Step 4: If the local SNR estimated in step 3 is greater than
the mean-crossover point, choose the endpoints of energy based
VAD, otherwise that of the entropy based VAD.

Step 5: Go to Step 1 until the speech ends.
The above algorithm is initialized with two blocks of data

and with an empty noise entropy buffer. The block size in our
experiments was chosen to be 50 frames. For framing a ham-
ming window of 25 ms with a shift of 10 ms is used. The size
of the noise entropy buffer was chosen to be 25.

To ascertain the effect of block processing in the online
switching approach, the earlier described experiment to find the
nature of crossover points was repeated. The statistics of the
crossover points in the variance estimation errors using the on-
line modified energy and entropy based algorithms are given in
Table 2 and show a very small deviation compared to the off-
line ones as in Table 1.

Table 2: The statistics of the crossover points in the variance
estimation errors with online analysis

Noise type Mean Standard
Deviation

White 8.6757 6.2832
Pink 9.6067 7.3302

Factory 9.3668 7.9782
Overall 9.2164 7.2395
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Figure 6: Endpoint detection with energy, entropy and the
switching algorithms for a SNR changing from 25 dB to 5 dB
at half the duration of the signal in factory noise.

Table 3: The relative improvement in estimation of variance of
the noise spectra for a SNR changing between 25 dB and 5 dB

Noise type %Improvement %Improvement
over energy over entropy

White 37.23 54.65
Pink 46.15 66.79

Factory 19.72 55.91
Overall 34.93 58.90

5. Performance Analysis
To evaluate the performance of the switching approach, under
a varying SNR condition we required a sufficiently long speech
file. Since the typical length of a speech file in TIMIT is around
2-3 seconds, we concatenated some files to get to 10 seconds.
To evaluate the performance, the noisy speech signal was gen-
erated by adding different noises (white, pink and factory) at
SNR changing from 5 dB (L) to 25 dB (H). Fig. 6 shows
the endpoints detected by off-line energy and entropy and the
switching algorithm for factory noise with SNR varying from
25 dB to 5 dB at the middle of the file. In order to normalize
the variation in the local SNR we have created SNR change pat-
terns as H-L, L-H, H-L-L-H and L-H-H-L with equal high/low
portions each totaling 50% of the file. The relative improve-
ments of the switching algorithm in estimating the variance of
the background noise over the energy and entropy based ones
for different noises at varying SNR are given in Table 3.

Table 4: The relative improvement in estimation of variance of
the noise spectra for fixed SNRs of 25 dB and 5 dB

Noise type %Improvement %Improvement
over energy over entropy

at 25 dB at 5 dB
White 4.86 -28.20
Pink 2.65 -1.75

Factory 0.99 5.56
Overall 3.06 -9.27
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Figure 7: Top two panels show the endpoints detected with en-
ergy and switching algorithms at 25 dB pink noise and the end-
points detected with entropy and switching algorithms at 5 dB
pink noise are shown in bottom two panels.

Fig. 7 shows the endpoints detected by the energy, entropy
and switching algorithms under fixed SNRs of 25 dB and 5
dB in pink noise. We can note that the switching algorithm
performs comparably to either of the VADs in their favourable
SNRs. The performance improvement of the switching algo-
rithm when compared to the energy or entropy based VADs in
fixed SNRs of 25 dB and 5 dB in different noises are given in
Table 4.

6. Conclusions
In this paper we have presented a new algorithm that switches
its decision between energy and the entropy based VADs for
improved endpoint detection in varying SNR conditions. The
performance of it in fixed SNR environments is closer to that
of either of energy or entropy based VADs at their favorable
SNRs. In future we would like to explore other variants of en-
tropy based VADs which do not involve explicit normalization
for coloured noises such as adaptive band-partitioning spectral
entropy [3], and compare their performances with energy based
VAD under high SNR conditions .
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