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ABSTRACT
The endpoint detection plays a significantly important role in the
front end processing of speech recognition. It is very difficult,
however, to precisely locate endpoints on the input utterance to
be free on non-speech regions because of unpredictable
background noise. This paper proposes a novel approach that
finds robust features for better endpoint detection in a noisy in-
car environment. In the proposed method, we integrate both the
widely used energy and entropy [2], [6] to form a new feature
that possesses advantages of each individual while compensating
the drawback of each other. By monitoring the variation of the
extracted new features, more precise endpoints can be found.
Experimental results present that this algorithm outperforms the
energy-based algorithms in both accuracy of boundary point
detection and recognition performance under a real in-car noisy
environment. The result of accuracy improvement shows 10%
higher comparing with energy-based algorithm.

1. INTRODUCTION

The problem of how to detect, precisely, the endpoints of a
discrete utterance is an important issue in a robust speech
recognition system, especially under noisy environments. Among
various endpoint detection methods, using short-time energy (or
energy-based) and zero crossing measures, such as [1], [3], are the
most widely applied approach to this problem. The key idea is
that the energy (or power) of a voiced segment is higher than a
non-voiced one in a stream of speaker's utterance in a clean
environment. Another well-known measure is the zero crossing [1]
that counts the number of times the sampled sequence changes
signs. It is often accompanied with energy-based algorithms.

In those approaches, there are upper energy threshold, lower
energy threshold and zero crossing rate threshold usually to be set
as thresholds to extract the desired voice pattern and eliminate
undesired background noise. Nevertheless, the performance of
these energy-based algorithms is not very satisfactory under
noisy environments, especially in-car noise. It is difficult to
differentiate the desired voice and unexpected background noise,
such as sound from opening or closing a door, cough sound,

background music, shaking sound from engine and so on. Figure 1
illustrates a typical diagram of an energy-based approach.

Figure  1. A block diagram for the energy-based methods.

The entropy, on the other hand, a measure of amount of expected
information, is broadly used in the field of coding and information
theory [7] [8] that was first used on endpoint detection by Shen
[2]. Shen’s approach was based on the entropy in time-
frequency domain referring to as spectral entropy. His proposal
employs the probability density function (pdf) of spectrum for
each frame of speech signal that is first estimated and then the
spectral entropy is defined and measured. Shen’s experiments
revealed that voiced spectral entropy is quite different from non-
voiced one. From his experiments, the entropy-based approach is
more reliable than pure energy-based methods in some cases,
particularly when the non-stationary noises are mechanical
sounds. In our experiment of an in-car environment, nevertheless,
it shows that the entropy-based approach failed under babble
noise and background music. In such cases, entropy becomes very
unstable. On the contrary, under those cases, energy performs
well because of its additive property: energy of the sum of speech
plus noise is always greater than energy of noise.

From the description above, we’ve known that both energy-
based and entropy-based approaches have their individual
advantages and limitations in some noisy environments. Therefore
we proposed to combine the advantages of these two approaches
whereas compensating their limitations. What we invented is an
even more reliable and robust method that is better than either
individual. In our approach, both energy and entropy are firstly
calculated for each frame. Then they are shifted to their base lines
by subtracting the corresponding reference values. A
multiplication is then performed on the adjusted values. Due to
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the multiplication, the voiced region will be emphasized and the
non-voiced region will be attenuated. Hence the compensation can
be achieved. By using the multiplied results as features, endpoints
can be located more precisely under noisy environments.

2. THE ENERGY AND ENTROPY
APPROACHES

In the most widely applied endpoint detection algorithms, the
short-time energy measure is usually employed to segment
speech duration information. The equation can be obtained as (1).
For each frame i, the energy Ei of the frame is obtained by the
sum of squares
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where sn and N are the nth signal and the total number of signals
in frame i respectively. To implement the entropy-based
approach, on the other hand, there are some necessary steps:
spectrogram from recorded period of speech; fast Fourier
transform (FFT); probability density function (pdf); and the
entropy calculation. The spectrogram of a recorded period of
speech utterance has to be derived in the first step. After that, the
period’s spectrum can be obtained through fast Fourier transform
(FFT). For each frame i, signals within it are converted from time
domain to frequency domain via the FFT Equation:
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Then the probability density function (pdf) for the spectrum can
be estimated by normalizing the frequency components:
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where s(fi) is the spectral energy of the frequency component 
if ,

ip is the corresponding probability density, and M is the total

number of frequency components in FFT. Some heuristic
constraints are used to improve the discriminability of the pdf
between speech and non-speech signals and only the frequency
from 250Hz to 3750Hz are considered. The limitation of the
range of frequency is just because the range covers most of the
frequency components of human speech signals. Therefore, we
define the equations of (4) and (5) below:
     HzforHzfiffs iii 3750250,0)( ≥≤= (4)

9.0,0 ≥= ii pifp  (5)

In (4), the most frequency components of speech signals can be
covered. In order to eliminate the noise concentrating on some
specific frequency bands, the upper bound 0.9 is to be defined in

(5). Having finished applying the above constraints, the negative
entropy Hi of frame i can be defined below.
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As we described these two approaches above, energy-based and
entropy-based, they all have their own advantages and limitations.
To build robust features for robust endpoint detection under
noisy environments, our proposal is to integrate these two
approaches to be one better system that can be presented as
following section.

3. THE ROBUST FEATURE

We use the term EE-Feature to denote this Energy-Entropy
feature. For a given speaker utterance, it is first sampled and
converted to digital form through the A/D converter. After the
framing process that divides sequence of signals into sequence of
frames, the energy and entropy of each frame are then calculated.
Fig. 2 illustrates the block diagram for the calculation of the
proposed robust feature that is based on energy and entropy.

Figure  2. Block diagram for calculation of the proposed
EE-Feature.

In the previous section, we have obtained the Energy feature Ei (1)
and Entropy feature Hi (6). Both Ei and Hi are adjusted by
shifting to their base lines. It can be achieved via subtracting the
average amount of first 10 frames accordingly. EE-Features is
then obtained:

)()( HiEii CHCEM −⋅−= (7)

EE-Feature  = ||1 iM+ (8)

where CE and CH denote the average energy and entropy of the
first 10 frames, respectively. Because both energy and entropy
has their limitations, the blind spots in either energy or entropy,
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or both, can be canceled by the multiplication. In other words,
energy covers the case that was failed in entropy: babble and
background music in speaker utterance; whereas the entropy
covers the case that was failed in energy: non-stationary noise
which belongs to mechanical sounds.

4. EXPERIMENTS

Some experiments have been done in a real noisy environment
inside a HONDA CIVIC car of 1.6L and 16-valve electronic
injection engine. We collected 496 utterances from 124 frequently
used 3-syllable Chinese names by 4 speakers (2 male and 2
female). During the speech recording, the car was driving around
on urban, suburb, highway, and seashore roads. Also in the whole
process, the car radio was on and kept at its medium volume level.
One speaker was recording while the remaining others were
chatting in the background. Speech segments from endpoint
detection were then sent to a HMM-based speaker-independent
Mandarin speech recognition system with the following property
[4], [6].

• It is an isolated word recognition system.
• The feature vector has 30 dimensions (14 MFCC + 14

delta MFCC + 1 delta energy + 1 delta-delta energy).
• 146 intra-syllable first-order bi-phone models were

defined with 3 states each model and 4 mixtures each
state.

• A gender-mixed acoustic model was trained with Mat-
160 corpus.

• CMS was implemented for channel noise compensation.

Noises are classified into two classes in our experiments: human
sounds and mechanical sounds. Background noise is chat voice
and medium level background music. Figure 3 shows the
parameters of a noisy utterance in such environment. As we can
see from Figure 3 (a) and (d), the waveform and short-time
entropy show that the background chat voice cannot be neglected.
Meanwhile, entropy emphasizes on this fact. This is because
entropy is quite sensitive to human voice, even in environments
with acceptable SNR of around 15dB. But fortunately, the short-
time energy in time domain, Figure 3 (c), does not reflect this fact.
It is also true in the frequency domain, Figure 3 (b). Figure 3 (e)
shows that the EE-Feature cancels the effect caused by entropy.

(a)

    chat speech   chat chat

(b)

(c)  

Figure 3. Different parameters for an utterance with in-
negligible chat sounds and background music inside a car: (a)
waveform, (b) spectrogram, (c) short-time energy , (d) spectral
entropy, (e) EE-Feature.

The other class of noises, that consist of engine voices, sounds
caused by driving on a bad-condition road, and any other non-
human-making sounds, is also the major noise inside a car. As
shown in the experiments of entropy’s method [2], it
outperforms the energy-based algorithms in environments with
such noises, especially in lower SNR, such as SNR of 5dB. Figure
4 shows the parameters of a noisy utterance in such environment.
Background noises in Figure 4 (a) are sounds of engine and bad
walking. From Figure 4 (c), we can see that energy is not good
enough to differentiate speech from noises. However, the entropy
in Figure 4 (d) looks pretty good. By multiplying energy by
entropy, Figure 4 (e) shows entropy smoothes the energy's ill
effect.

Table 1 lists the accuracy, inclusion rate, and derivation of
different endpoint detection algorithms. We can see that accuracy
of EE-Feature is about 10% higher than the pure energy-based
algorithm. The percentages in brackets below derivation values are
average derivation percent that was computed by dividing the
derivation by the length of speech extracted by hand.

(d)

(e)
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Figure 4. Different parameters for an utterance with
mechanical background noises inside a car: (a) waveform, (b)
spectrogram, (c) short-time energy , (d) spectral entropy, (e)
EE-Feature.

    Measur
e

Method

Accuracy
Inclusion

rate (top 5)
Derivation

(begin)
Derivation

(end)

Manual 91.53 98.19

Energy 71.97 81.04
226.35ms
(24.39%)

368.15ms
(46.27%)

EE-feature 82.06 90.93
113.02ms
(11.86%)

172.36ms
(23.09%)

Table 1. Accuracy, inclusion rate, and the corresponding
derivations of speech boundaries with respect to hand-labeled,
energy-based and our EE-feature approaches.

5. CONCLUSION

In many cases of speech recognition system, energy still plays an
indispensable role in the field of endpoint detection. But under
some noisy environments, it failed to detect proper points
correctly, such as in cases of low SNR’s. Thus we combined
energy with entropy to form a new feature that is more tolerable
to some kinds of noise. The novel approach that integrates energy
and entropy algorithms for endpoint detection has been proposed
in this paper. This robust feature is applied in noisy in-car
environments where mainly contains some background noise such
as radio sound or music, human chat, engine shaking noise and so
on. Experimental results show that the selected speech segments
have around 10% higher accuracy than energy based algorithms.
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