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Abstract

One of the most important problems in speech recognition is to detect the presence of speech in adverse environments.

In other words, the accurate detection of speech boundary is critical to the performance of speech recognition. Furthermore

the speech detection problem becomes severer when recognition systems are used over the telephone network, especially

wireless network and noisy environment. Therefore this paper describes various speech detection algorithms for continuous

digit recognition system used over wire/wireless telephone networks and we propose a algorithm in order to improve the

robustness of speech detection using useful band selection under noisy telephone networks. In this paper, we compare

some speech detection algorithms with the proposed one, and present experimental results done with various SNRs. The

results show that the new algorithm outperforms the other speech detection methods.
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[. Introduction

The accurate detection of speech boundaries is crucial
to the performance of speech recognizer. It is called robust
endpoint location problem. In this paper, we especially
fucus on reliable real-time speech detection for continuous
digit speech over telephone networks. The importance of
the speech detector has been proved out in isolated-word
awtomatic speech recognition. The energy (in time
domain), zero-crossing rate, and duration parameters have
been usually used to find the boundary between the word
signal and background noise{1-4]. If the speech detector
is able to locate the boundary of the speech exactly, the
recognizer can save the resources that are used in pro-
cessing silence that is usually included before and afier
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speech. It also makes the response-time faster.

Real-time speech detection is necessary for real-time
digit recognition over telephone networks. In this paper,
we introduce a speech detector that can extract well the
speech boundaries especially for digit speech. It is
difficult to accurately locate the start and end point of the
speech segment in such an environment, but it is
definitely necessary for robust speech recognition.

Thgrefore we propose a real-time speech detector based
on useful bands in Mel frequency bands. The new
algorithm is composed of two algorithms, the baseline
energy-ZCR based method and ATF method. This paper
provides some solutions in order to improve the robustness
of continuous digit speech detection over noisy wire/
wireless telephone networks.

In Section II, we describe two speech detection
algorithms and amalyse their characteristics, advantages,
and disadvantages. In Section III, the proposed speech
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detection algorithm is presented. The experimental results
and their comparison are provided in Section 4. Finafly,
in Section 5 we present conclusions.

I. Various Speech Detection Algorithms

2.1. Baseline Energy-zcr Based Speech Detection

The algorithm is based on signal energy, zero-crossing
rate, a set of complex decision rules, and threshoid
settings. It continuously looks at the input samples and
detects the start and end points of speech without a prior
knowledge of the imput signal[5). And it is also capable
of real-time processing[5]. The start point of the speech
is classified into two categories: fricative-like speech and
vowel-like speech. To reduce the confusion between a
pause and the real speech end, and to deal with temporary
noises, the history about the past a few frames is used.
The detection of the real speech end is based on the
number of frames classified into noise or noise category
during past a few frames[5). As long as the SNR is high
enough, this algorithm is fast, accurate, and practical.
However, this algorithm is not appropriate to get reliable
speech boundaries in case of low SNR environment. It
doesn’t work well in such an environment. And it cannot
make sure that they're the exact boundaries. It extracts
islands of reliability. Therefore it always includes extra a
few frames before the start point and after the end point
not to miss the important part of the start and end of
speech. It causes the recognizer to consume unnecessary

time and to waste resource.

2.2. ATF (Adaptive Time and Frequency)
Algorithm

In this section, we discuss the speech detection
algorithm with ATF (Adaptive Time and Frequency)
parameter which consists of Time parameter and
Frequency parameter. This algorithm analyses the entire
utterance before the speech detector starts speech boundary
detection and selects useful bands which the frequency
parameter is based on. After that, it actually starts the
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speech detection process. Therefore it is difficult to locate
the speech boundary in real-time. Because it has to go
through the entire uiterance to select bands every utter-
ance, it also causes heavy computation. However, it selects
the useful bands every utterance in advance and use this
selected useful bands depending on each utterance to get
the frequency parameter. The band selection makes the
speech detector work noise-robust in noisy telephone
environment.

The time parameter is the logarithm of root-mean square
(rms) energy of time-domain speech signal. It is smoothed
and normalized. The procedure to calculate the time
parameter is shown in equation (1)-(3):
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Let the given time-domain speech signal be x,(m, »).
This represents the magnitude of the nth point of the nrth
frame. L is a window size and S is the number of initial
frames considered as silence. The overall procedure to
compute ATF parameter is shown in Figure 1.

As shown in Figure 1, Mel-band energies are calculated
per frame. Each Mel-band energy is computed in equation
[4):
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Let the magnitude of the Ath point of the spectrum of
the mth frame be x,(m, &) and the magnitude of the th
point of the ith filter bank be #(s, £). Mel-band energies
only corresponding to pre-selected useful bands are chosen

and each selected Mel-band energy is smoothed and
normalized like equation (5)~(6):
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Finally the selected Mel-band energies are summed, and
this is the Frequency parameter. Finally the time parameter
and the frequency parameter are combined. the ATF
parameter is shown in equation[4], and the overall
procedure to get ATF parameter is shown in Figure 1.

ATF(m) = smoothing (F{m)+ C* T (m)) (7

The useful bands are computed the same way as the
frequency parameter. Each band energy is summed and
averaged with time. Consequently the useful bands are
determined by the magnitude of that. Concerning decision
rule to locate speech boundary, the same rule as the
saseline energy-ZCR based speech detector is applied in

this paper.

. Speech Detection Based on Useful
Bands

The new algorithm is based on the two speech detectors

described previously in Section IL. The new algorithm
takes advantages of those two speech detectors and gets
over the disadvantages of them. It simplifies ATF
parameter, uses this as its parameter, and applies the
decision rule similar to the bascline energy-ZCR based
speech detector. It selects useful bands in advance while
training. Hence the speech detection is done in real-time
and also it makes use of the unique characteristics of
continuous digit speech through the band selection. In
addition, it don’t have to select useful bands every
utterance, not like the ATF algorithm. It takes less
computation than the ATF method.

3.1. Selection of Useful Bands

The goal of the new algorithm is to exactly detect digit
speech over telephone networks by using pre-selected
useful bands through training previously so that the speech
detection is done in real-time. In this section, we put
emphasis on how to select useful bands. The procedure
for useful band selection is shown in Figure 2.

As shown in Figure 2, we put one more procedure next
to the normalization process because we assume that the
ratio of each Mel-band energy represents the unique
characteristics of digit speech. Therefore each smoothed
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Figure 1. Procedure to compute ATF parameter.
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Figure 2. How to select useful bands.

and nommalized Mel-band energy is divided by total sum
of Mel-band energies. In consequence, the probability
density function (pdf) for the spectrum was estimated by
normalization over all Mel-band energies. The equation
are follow as:

pdfof %ef(m: 3) = M

I3

g%:rm‘(m, %) ®

Total energy of each Mel-band over all training data is
calculated and sorted. Useful bands for continuous digit
speech over telephone network are selected by the order
of each band energy.

3.2. Basic Decision Rule for Speech Detection

The basic decision rule to detect the speech boundary
is described in this section. First the new algorithm
computes Mel-band energies from each frame, eliminates
impulse noise by 3-point median filtering and gets rid of
stationary noise estimated from the initial frames of each
utterance. And it decides whether the current frame is
speech or non-speech depending on thresholds. Here it
compares the energies of the only bands comresponding to
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pre-selected useful bands. with their thresholds. If the
number of bands that are greater than their thresholds is
bigger than the pre-defined number, the current frame is
considered as speech, otherwise it is considered as
non-speech. Finally it decide the start of speech depending
on the pattern of recent frames. The endpoint of speech

is decided the same way.

3.3. Decision Rule 2 for Speech Detection

In case of vowel, we all know that it is usually
distributed in low frequency area, and its energy is much
bigger than that of the consonant, therefore it is less
affected by noise than the consonant, so that we try to
apply one more rule to the basic decision rule additionally.
In this paper, 13 and 20 Mel frequency bands are applied
between 0 and 4 kHz. Here we limit the frequency band
between 0 and 2 kHz and apply the basic decision rule
to this low frequency area again and we call it Decision
rule 2. For 13 Mel-band structure, there exit about 9 bands
between 0 and 2 kHz, and for 20 Mel-band structure, there
are 13 bands.



IV. Experiment

4.1, Training

4 continuous digit utterances (ETRI DB) are used to
select useful bands. The utterances are sampled with 8 kHz
and they are quantized into 16 bit value. 16,000 utterances
that are recorded from .70 speakers over telephone
networks are used for training.

As shown in Figure 3, the normalized and averaged
energies per Mel-band obtained by training is presented.
And it shows that the band energies are concentrated on
some Mel frequency bands.

4.2. Test DB

4 continuous digit utterances (ETRI DB) are used as
baseline DB (Clean) for test. 76,000 utterances are
recorded from 300 speakers over telephone networks. The
average SNR is about 25 dB. We made 2 kinds of noisy
DB (10 dB, 15 dB) by contaminating the baseline DB
{Clean) adding AWGN and use them for test.

4.3. Evaluation

The proposed method is compared with the baseline
energy-ZCR based method and the ATF method. The new
algorithm 1s tested by changing the number of Mel

frequency bands between 0 and 4 kHz. And also the
performance is evaluated by whether the decision rule 2
is applied or not. In this paper, the numbers of Mel
frequency band between 0 and 4 kHz are fixed as 13 and
20. The speech detection are tested for 3 kinds of DB
(Clean, 10 db, and 15 dB). The performance of the new
algorithm is compared with those of 2 speech detectors

previously mentioned from the different point of view.

4.4. Resuits

The experimental results are shown in Figure 4 through
Figure 11. UB13, UBI13 L, and UB20 L are proposed
methods. They are different depending on what is the
number of Mel frequency bands or whether the decision
rule 2 is applied or not. For UB13, the number of Mel
frequency bands between 0 and 4 kHz is 13 and the
decision rule 2 is not applied. For UB13_L, the number
of Mel frequency bands are the same as the UB13 but the
decision rule 2 is applied additionally. In case of UB20_L,
the number of Mel frequency bands are 20 and the
decision rule 2 is applied additionally. ATF stands for the
experiment of ATF algorithm. Finally Energy-ZCR means
the experiment of the baseline energy-ZCR based
algorithm. The number inside the parentheses is the
number of useful bands used.

As described in Figure 4, the distribution of UB13_L

*ed averaged Energy

Norm ali
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tde Bands

Figure 3. Normalized and averaged Mel-band energies from training DB.
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and UB20_L are concentrated around 10 msec, and that
of Energy-ZCR is distributed more around (} msec for the
start point (The window size used in the experiment is 20
msec and the windows are overlapped). This means that
the UB13_L and the UB20 L are more sensitive than the
Energy-ZCR in detecting the speech. At feast 10 msec
cannot be avoidable. And the distributions are not like
Gaussian. There is the other peak around 60 msec. This
explains that the labeling information used in the
experiment 18 not perfect. And actually there exist quite
a lot of data that are not matched with the labeling
information in DB.

Figure 5 represents the absolute distance of the detected
speech from the hand-fabeled position. For example, when
the distance from hand-labeled position is 60 msec, the
utterance frequency is about 98% for the start point. This

means that the 98% of the test DB are located within 60
mgec from the labeled position. The Energy-ZCR shows
the best performance.

In Figure 6, we measure only the positive distance of
the detected speech from the labeled position. That is, the
only detected speech without cutting the speech part. is
considered. Although the labeling information is not quite
perfectly matched with ceal posstion, the UBL13_L and
UB20_L shows the best performances for the start point
detection, but the Energy-ZCR is the best for the end point
detection,

We tested 15 dB noisy DB with the same way as the
baseling DB (Clean). The UB13_L and UB20_L shows the
best performances for both start and end point detection.

As described in Figure 8, the performances of Ut3_L
and UB20_L are better than the others not like the baseline
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Figure 4. Average distance distribution of the starf and end point detection for the baseline clean DB (From the top). *Plus and
minus sign represent additional inctusion of non-~speech and omission of speech, respsctively.
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experiment.

For 10 dB neisy DB, the UBIL.13_L and UB20_L present
the best performances to detect speech boundary. Both of
them outperforms the others. This is shown in Figure 10
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through 12,

The performances of the new algorithm by changing the

aumber of useful bands is shown in Figure 12 and 13. As
described in Figures, the performance of the new
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'gorithm is better than the baseline energy-ZCR based
sorithm regardless of the number of useful bands for the
i point, For the end poiat, all experiments shows good

‘ormance except when the number of vseful bands is
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13. {(BS13 means that the number of selected useful bands
is 13.)
Table 1 represents the number of utterances whose start

and end points are detected only between -50 msec and
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+50 msec from the labeled position in percentage. In this
table, the performance of the baseline DB (25 dB) is not
good. The reason is the mismatch of the labeling location
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and real location. Nonetheless, the performances of 15 dB
and 10 dB shows that UB20 L. and UB13 L are much

better than the rest of them
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Table 1. Performance comparison of the detected speech between -50 msec and +50 msec.

Eregy-2CR | ATE CuBs L . ] uBislL UB20L -
Sel | Ew | Sen | Ew | St | End | San | Ew | Sat | Em
9600 | 9508 | 9550 | 9550 | 9548 | 9509 | 6041 | 920 | 8787 | 8881
9242 94 .86 7597 84.20 86.46 9383 93.84 94.81 95.49 93.98
8234 | 8276 | 6387 | 7272 | 7664 | 8679 | 8922 | 9090 | 9073 | 9254
Table 2. Performance comparison of the detected speech between 0 msec and +50 msec.
3 3L Lo umeq L
2764 77.93 75.30 77.29 79.20
1.99 36.27 43852 57.42 68.17 65.32 7246 7224
073 | 1983 | 3262 | 2085 | 5600 | 4046 | 60.97 | 49.39

Table 2 represents the number of utterances whose start
and end points are detected only between 0 msec and +50
msec from the labeled position in percentage. In other
word, it shows the frequency of utterances whose start and
end points are located within 50 msec without cutting
speech. The performance shows that UB20_L and UBI13
outperforms the others. The performance of UB20_L is the
best, and also that of UB13_L is comparable with it.

V. Discussion and Conclusion

In this paper, we proposed a robust speech detector for
continuous digit speech over telephone networks, com-
pared the new algorithm with 2 different speech detector
and evaluated them. The new algorithm seems to show
much better performance than the rest in noisy
environment rather than in clean environment. It improves
the robustness of the speech detector by making use of the
unique characteristics of continuous digit speech, and
increases the performance by applying the basic decision
rule to the limited frequency area again (decision rule 2).
It also makes it possible for the speech detector to locate
speech boundary in real-time. And we compared the
performances by changing the number of selected useful
bands with 10 dB noisy DB. The performance was good
except when the number of useful bands was 13. This can
be avoided by reducing the number of selected bands in
noisy environment. The new method was more reliable
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and robust for continwous digit speech over noisy
telephone network. However, the new algorithm selects
useful bands for continuous digit speech through training,
and detects speech boundary. Therefore the algorithm is
somewhat domain-specific. For the further work, we will
focus on this problem later on.
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