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Abstract

Speech recognition, the problem of performance deg e d| ence between the
model training and recognition environments. Sile res orm d using the method

as a way to reduce the inconsistency of such an env e e atures normalized way

of existing in the low signal-to-noise ratio. Incr the energy of the silence interval for
speech and non-speech classification accur to the ng There is a problem in the
recognition performance is degraded. Th| r propose%( obust speech detection method
in noisy environments using a SFN (5| eatur allzation) and SEM (speech energy
maximize). In the high signal-to-poi io for posed method was used to maximize
the characteristics receive le terized ffects of noise by the speech energy.
Cepstral feature distribution of s ch and speech characteristics in the low signal-to-
noise ratio and improves therecogniti ance Result of the recognition experiment,
recognition performance @ed co to the conventional method.

Keywords: Spee }ecognltl Voice Detection, Noise Reduction, Speech Energy

Maximization, b ature Nb@ll tion

1. Introduc

Voice detector is bei pplled to voice handling system such as speech recognition or
noise reduction algoki in combination with various applications in mobile voice
communication e@ment, and also is being developed as a core part that the major effect
nction. In noise reduction algorism that chases and gets rid of the noise signal
ice activity detection) algorism, voice detection function serves as an
importa ent that generally affect noise reduction algorism [1].
feature parameters used for voice detecting, in an environment that SNR is high,

their recognition function doesn’t remarkably go down [2]. However, in an actual noise
environment that there are various kinds of noise or in one that SNR is low, as feature
parameter is sensitive against noise signal, its voice detecting function decline may arise as a
problem.

Therefore, this paper suggests voice detecting method that has advantages in noise
environment by using SEM (speech energy maximize) and SFN (silence feature
normalization). Suggestion made use of characteristic of the silence feature’s being less
affected by maximizing speech energy in high SNR environment. On the other hand, in low
SNR, recognition function got improved using the characteristics of cepstrum feature
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distribution of speech and non-speech. Function improvement compared to existing methods
was verified through recognition experiments.

This paper consists of 5 parts in total. Related studies will be mentioned in the second
chapter and voice detecting method that has advantages against noise environment using
speech energy maximization and silence feature normalization will be explained in detail in
the third chapter. Systematic assessment is conducted in chapter 4 and this paper is concluded
with chapter 5.

2. Related Work
2.1. Spectral Energy .

In low SNR energy spectrum, speech band shows relatively high ener ectrum
compared to non-speech band. Therefore, it can be assumed that speech engrgy spectrum has
comparatively higher energy spectrum than non-speech energyi spectrum«This kind of energy
spectrum is similarly described with information entropy theo 'ntrodu@ Shannon [3].

Shannon’s entropy can be explained with below fo

HS)=— 3 Fs (1) « log, (Pl (1)) \/,\)

i=1 4 > (1)
N shows the overall symbol , s(i) show: S|mbol (i) show posterior probability
of i . Entropy can be explained with beI ula @tral energy band [5].

H( Yk, }f)) i,
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To calculat b% i n spectral power is to be calculated using
DTF(Discrete Fouri nsf ‘%ectral energy probability can be expressed in below

formula Q(

A ¥k D)= 7
VI
k=1 (3)
k shows Frequé@in Index, | shows frame index. Spectral energy probability against
Frequency n be deduced from Frame I|. Deduced each frequency bin probability is
calculated t opy by formula [6].
cal Band

In the side of frequency, audible range has the band between minimum audible limit and
maximum audible limit and the band on sound intensity has the same with the audible range.
The absolute minimum audible limit was defined as the minimum audible band that human
can sense the sound in noise-free environment by H. Fletcher and can be shown in the
following formula. Tg(f) shows minimum audible band in the frequency band.[7].
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Masking effect is the phenomenon of weaker sound’s being blocked by stronger sound and
stronger sound’s called masker, and the weaker sound is called maskee (the weaker sound).
Maskee can be hear when it’s over masking threshold calculated by the masker (the stronger
sound) [8]

Frequency masking is that the maskee is being masked when the masker and the maskee
simultaneously occur and the masking degree can be calculated through frequency analysis.
The threshold of the sound being masked differ from frequency bandwidth, and frequency
bandwidth with equivalent masking threshold is called ‘critical band’. The width of critical
band is constant as 100Hz when the frequency is below 1kHz, and when the frequency is over
1kHz, it proportionally increases according to the frequency [9]. o

The critical band width can be shown in the following formula. x)

BW.(f) = 25+ 75(1+1.4(f/1000)* )*0° 6?,
(5)

The width of the critical band is called “Bark”, the fo@o Con\@quency unit z(f)
to bark unit is as below. x)

z(f) = 13arctan (0.0076f) +3-5arctan @

(6)

Bark Scale frequency can remarkably exp e band |mp0rtant elements of sounds
[10].
3. Voice Detection that Eﬁ& oise &’\Gnment
3.1. Voice Energy Maximiza

Voice has pitch freque Vowew e pitch frequency is called ‘Basic frequency’.
Basic frequency has thr\r acteristics\ar’showing the biggest energy throughout the full-
band of voice band, soNit ¥ expres s the maximum energy and minimum energy is shown

as noise sign to v |g al. Noise signal is marked as minimum energy in the
given frame. E@n the ¢ |st|cs of voice energy, maximum energy can be described
in the following formula i iven frame for maximizing voice energy

E .. :mm{B(b_i%-- y Blb,_ .1} %

| shows reIevau@m index, b; and shows bark scale index. Voice energy has relatively
bigger energy, g@ompared to noise and noise has smaller amount of energy, so calculation of
energy against noise energy and energy ratio on the output are shown in

the ratio of
below foGQ
S - B B
v ul) (8)
Express the ratio of voice energy against noise energy. In the Figure 1, Speech Energy

Maximization at SNR10dB, (a) Input speech at SNR 10dB, (b) Frame energy for Speech
Energy Maximization, (c) Result of Speech Energy Maximization.
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Figure 1. Speech Energy Maximizati ’QSNRI (@) Input speech at SNR
10dB, (b) Frame energy for Speec gy Maximization, (c) Result of Speech
En axi azh

3.2. Silence Feature Normaﬁ.&% t\

Silence feature normalizatien is the met finding the silence interval with weak log
energy and then cutting t e dowr& a certain value.

log )= (@Qm—lo 1)
)

log E(n) s the Iiﬁ rgy of n th frame and log E(n) shows the output value of

Arpltude

filtering. The standard v o of classification on voice and silence is as below.

L Sy

\% , (10)
N shows mber of frames for each voice data. Normalized log energy is shown in
the belo ula.

logFln)  if logkln)> T]

logHn)= . —
log(e)+6 if logFn)< T (11)
If calculated value log E(n) in formula(9) is over the standard value, it’s classified as
voice and its original log energy value remains still, if it’s below the standard value, it’s

classified as silence and normalized into tiny value € . € means the constant number 103, &

shows tiny value with average value 0 and dispersion value 10°®,

Voice interval contaminated by noise has broader frequency bandwidth compared to the
band only with voice and the interval with big log energy is less affected by noise compared
to the interval with small log energy, so used weighting function. The weighting function ®
(n) can be shown like below formula.
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By multiplying weighting function to output formula (9) increase the weighting to make
voice interval have bigger value and decrease the weighting to make silence interval have
smaller value. It is as below.

1/(1+exp(— (logEln)— T;)/ 8o, )
if logE(n)> T,

w(n)=

1/(1+exp(— (logEln)— 7;)/Bo,))

f 1 <
— —~ [ ]
logFn)= w(n) » logkln) \N)
ZV (13)

Output result by formula can be seen with Silence feature ngrmalization S i ure 2.

- | | Speml:h Signal \ ° /Ix

L

Z' a\J\;. M

4, Experlment Re

This paper co the experiment on voice detection method that excel in noise
environment, by, usihg voice energy maximization and silence feature normalization that this
paper sugge %

For as nt, Aurora 2.0 database was used. Aurora 2.0 consists of noise environment
and ise level (including white gaussian noise, babble noise) and sorts each noise
en\%ent (street, airport, car noise etc.) so it’s used to verify voice improvement algorism
[11].

The experiment was conducted in each noise environment with 15dB, 10dB, 5dB and 0dB
separately to verify its performance on SNR change, also to evaluate endpoint detection
performance PHR(Pause Hit Ratio) and FAR (False Alarm Ratio) in sound area were used.

As sound source, 8kHz sampling rate, 16bits were used and FFT size is 256 samples and
1/2 overlapping interval was used. Hamming Window was also used [12].

As the Figure 3 (b) shows, the increased voice energy part in SNR 15dB is seen as the
experiment result
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TabﬁPHR a AR for the SNR
[ SRS VAD Result (%)
A SN PHR FAR

‘1

,c \,.ﬁo 98 2

O Ycar W %8 2

cA ) 10 100 0

pex: 15 100 0

~ Altport 0 86 14
éy’Airport 5 89 11

Airport 10 93 7

&' Airport 15 93 7
Q Street 0 89 11
Street 5 89 11

@ Street 10 95 5
Street 15 95 5

Regarding noise interval, the separation of speech interval and non-speech interval is seen
by applying O value for its energy. Table 1 is the evaluation result on voice detection
performance in each noise environment. PHR used as performance scale shows 98% accuracy
in low SNR of noise environment and showed 100% accuracy in high SNR. FAR(False
Alarm Ratio) in sound area was 0% by showing outstanding performance in SNR of 15dB
and 10dB and 2% performance were marked for each in low SNR interval of 5dB and 0dB
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5. Conclusion

This paper evaluated voice detection and recognition performance that excel in noise
environment by using speech energy maximization and silence feature normalization. As
feature parameter is sensitive against noise signal in actual noise environment with various
kinds of environmental noise or for low SNR voice, so voice detection performance
deteriorates. Therefore, voice detection method that excels in noise environment using voice
energy maximization and silence feature normalization was suggested.

Suggested method made use of characteristics of silence feature’s being less affected by
noise by maximizing voice energy in high SNR and voice and non-voice cepstrum feature
dispersion in low SNR. %

In result, recognition performance has accuracy 99% in char noise enviro?qy. FAR
performance is good (0%) in SNR 15dB and 10dB. However, in low level 5 0dB it just

improved 2% of its performance. Improved recognition performance red to existing
method was verified through experiment result. Q)
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