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Abstract

In this paper we propose a new noise reduction algorithm for stationary and nonstationary noisy cnvironments. Our
algorithm classifies the specch and noise signal contributions in time-frequency bins, and is not based on a spectral
algorithm or a minimum statistics approach. It relies on calculating the ratio of the standard deviation of the noisy
power spectrum in time-frequency bins to its normalized time-[requency average. We show that good quality can be
achieved for enhancement speech signal by choosing appropriate values for 4 and #. The proposed mcthod greatly
reduces the noise while providing enhanced speech with lower residual noise and somewhat higher mean opinion score

{MOS), background intrusiveness (BAK) and signal distortion (S1G) scores than conventional methods.
Keywords: Speech enhancement, Noise reduction, Noise estimator

t. Introduction

The noise estimation algorithm 1s  an  essential
component of many modern communications systems.
Generally of the reduction
component, it improves the performance of the system

by improving the speech quality or intelligibility for
signals corrupted by noise. Since it is difficull o reduce
noise without distorting the speech, the performance of
any noise estimalion algorithm is usually a trade—off
between specch distortion and noise reduction {1].

The spectral sublraction (SS) method is one of the
best—known Lcchniques for noise reduction [2]. It is
computationally efficient and has a simple mechanism (o

control the trade—off between speech distortion and

mcluded as  part neise
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residual noise, although it does suflfer from a notorious
artifact known as “musical noise” [3, 4]. The minimum
mean square error (MMSE)} 5] class of estimators and
the Wiener estimator present a moderate compulational
load, bul have no mechamsm (o control the balance
between speech distortion and residual noise {3, 4]. The
common feature of all these methods is that they first
estimate the spectrum of the noise during nonspcech
periods. This is valid for the case of stationary noise in
which the noise spectrum does not vary much over ume.
However, it 1s much less elfective for nonstationary noise
m which the noisy power spectrum varies during speech.
In addition, voice activity detectors are generally difficult
to tune and very unreliable for low signal—to—noise ratios
{SNRs) [6, 7].

Several recent studies have proposed noise cstimation
techniques [6-9] designed for unknown nonstationary
noise signals using minimum statistics (MS). The ability
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to track varying noise levels 1s a prominent feature of
such methods. Martin [6] proposed an algorithm in which
the noise estimate is obtained as thc minimum value of a
smoothed power estimate of the noisy signal, multiplied
by a factor that compensates the bias. The main drawback
of this method 1s that it takes somewhat more than the
duration of the minimum—search windows to update the
noise spectrum when the noise level increases suddenly
(7). Cohen [9] proposed a minima controlled recursive
algorithm (MCRA), which updates the ncise estimate by
tracking the noise—only regions of the noisy speech
spectrum. These regions are found by comparing the ratio
of the noisy speech to the local minimum against a
threshold. the noise estimate
delays of at most twice that window length when the
noise spectrum increases suddenly [7]. A disadvantage to
most of the noise—estimation schemes mentioned is that
residual noise 1s siill present in frames in which speech is
absent. In addition, the conventicnal noise estimation
algorithms are combined with a noise reduction algorithm
such as the 85 and MMSE 12, 51.

o this paper, we describe a method to enhance speech

1lowever, mtroduces a

by improving its overall qualily while minimizing residual
noise. The proposed algorithm is based on calculating the
ratio of the standard deviation {STD) of the noisy power
spectrum in the tme—frequency bin to its normalized
time—frequency average and a sigmoid function (NTFAS).
This technique, which we call the “NTFAS noise reduction

algorithm®, delermines that speech is present only if the
ratlio is greater than the adaptive threshold using the
sigmoid function. Tn the case of a region where a strong
speech signal is present, the ratio of STD will be high.
This is not true for a region without a speech signal.
Specifically, our method uses an adaptive scheme for
threshold In a
environment to control the trade—off between speech

tracking the nonstationary  noisy
distortion and residual noise,

The estimated clean speech power spectrum is obtained
hy the modified gain function and the updated noisy power
spectrum of the time—[requency bin. We tested the
algorithm's performance with the

[10] database, using the segment signal—to—noise ratio
(SNR) and ITU-T P.835 [11] as evaluation criteria. We
also examined ils capabilily 1in
nonstationary environments, We show that the performance

adaptive tracking
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Fig. 1. Flow diagram of proposed speech enhancement algorithm,

of the propoused algorithm is superior to that of the
conventional methods. Moreover, this algorithm produces a
significant reduction in residual noise (“musical’) noise.

The structure of the paper is as follows. Section 2
introduces the overall signal model. Section 3 describes
the proposed noise reduction algorithm, while Section 4
contains the cxperimental results and discussion. The
conclusion in Section 5 looks at future research directions
for the algorithm.

Il. System model

Assuming that speech and noise are uncorrelated, the
noisy speech signal o, can be represented as

z(n)=s(n)+dn) (1

where ) 15 the clean speech signal and g, is the
noisc signal. Dividing the signal into overlapping frames
using a window function and applying the short—time
Fourier (ransform (STFT} to each frame gives the time—
frequency represcntation Xk, D=Sk D+ Ik D where 4 is
the frequency bin index and ;is the frame index [12]).
The power spectrum of the noisy speech |Xx (g, ol 2 can
then be represented as

X (kDI =18k, D + | Dk, 1) @

where |S(k, | ? is the power spectrum of the clean
speech signal and {p (%, f 2 is the power spectrum of



the noise signal. The proposed algorithm is summarized in
the block diagram shown in Fig. 1. It consists of seven
main components: window and fast Fourier transform
(FFT), standard deviation (STD) of the noisy power
spectrum and estimation of noise power, calculation of the
ratio,

adaptive threshold using a sigmoid [unction,

separation of speech presence and absence in
time—frequency bins and updated gain function, wpdated
noisy power spectrum, and product of the modified gain

function and updated noisy power spectrum.

lll. Proposed noise reduction algorithm

The noise reduction algorithm is based on the STD of
the noisy power speclrum in a time and frequency—
dependent manner as follows:

T D= 3 KDl 3)
TR = i 3 IX kD)2 @
std,(1)=\{¥ glm—'x_,(/»z ®)
std (=Y L ﬁ(?— A 6)
o= ilst(i LD @)
0 = & 3 std (&) ®)
Y,(1)=s—”§’,(+o (9

¥ op =S AR (10)

where (i) is the average noisy power spectrum in the
Frame index
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Fig. 2. Procedure for estimating noise power using the noisy power
spectrum,

frequency bin, z,(k) is the average noisy power spectrum
for the frame index, and o, and o, are the assumed of
noise power cstimates. Iig. 2 shows the procedure for
estimating the noise power using the noisy power
spectrum. Eq. 9 and 10 give the ratio of the {STD) for
the noisy power spectrum in the time—{requency bin to its
normalized time—frequency average. In the case of a
region in which a strong speech signal is present, the STD
ratio calculated by Eq. 9 and 10 will be high. This is
gencrally not true for a region without a speech signal.
Therefore, we can use the ratic in Eq. 9 and 10 to
determine speech—presence or speech—absence in the
time—frequency bins.

3.1. Separation of speech and noise in frames
using an adaptive sigmoid function

Our method uses an adaptive algorithm with a sigmoid
function to track the threshold and control the trade—off
between speech distortion and residual noise:

N 1
W:(/)—[ l+exp(]0¥(¥',(/)“61))] v

where (1) Is the adaptive threshold using the sigmoid
function and 4 is a defined control parameter. This
threshold (1) 15 adaptive in the sense that it changes
depending on the control paramcter §,.

Figurc 3 shows the cffect of 4 on SNR gains. The
output SNR is calculated in a manner similar to the input
SNR. The noise power is calculated as the power of the
speech signal obtained by subtracting the filtered speech
signal from the clean speech signal. Simulation results
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Fig. 3. Effect of various 4 values on SNR gains,
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show that an increase in the § parameter is good for noisy
signals with a low SNR of less than 5 dB, and thal a
decrease in 4 is good for noisy signals with a relatively
high SNR of greater than 15 dB. The § parameter is set
to a constant of 0.5 based on initial experiments, but a
fixed & will clearly not be optimal over a wide range of
SNRs. For example, setting 4 to 0.475 yields high SNR
gain at a low input SNR of 5 dB: however, il also degrades
the input speech signal at a high SNR of 15 dB. Distortion
of the original speech signal is extremely undesirable in
real practical environments. Second, Fig. 4 shows the
effect of 4 on signal distortion (SIG) scores. Simulation
results show that the increase in 4 is somewhat beneficial
for noisy signals with low SNRs about 5 dB and high
SNRs of about 15 dB. We can thus control the trade—off
belween speech distortion and residual noise in the frame
index using 4,. Fig. 5 shows that the adaptive threshold
using the sigmoid function allows for a trade—ofl between
speech distortion and residual noise by controlling 4. If a
speech signal is present, the () calculated by Eq. 11

5
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Fig. 4. Effect of various 6, values on SIG,
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Fig. 5. Adaptive thresholds using a sigmoid function on the
time index for car noise 5 dB,
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Fig. 6, Example of noise reduction by three enhancement

algorithms with 5dB car noise for the sp12 wav female
speech sample of “The drip of the rain made a
pleasant sound” from the NOIZEUS database Top
panel: output power for car noise 5dB using the
SSMUL method {solid line), the MSSS method (dotted
line), and NTFAS method {heavy fine), Bottom panel :
enhanced speech signal using NTFAS,

will be extremely small (i.e., very close to 0). Otherwise

if speech is absent. the value of ,(?) calculated by Eq. 11

will be approximately 1. Fig. 6 is a good illustration of

Fig. 5.

3.2, Updated noisy power spectrum using
separation of speech-presence and absence in
frames

The separation rule for determining whether speech is
present or absent in a frame is based on the following
algorithm:

If .1 > ¢, (12)
D, ) = Xk, D 13
D (1) = ﬁ?énﬁ;,(m) 149
Gopaare k1) = Gky1) % a (15)
else

Do kD)= D2, (1) (1)
Grptare knl) = Gl 1) x (1—a) amn

where decision parameter ¢, and constant o are initially
0.99 and the gain funclion (k) is 1.0. The threshold
#,(1) 1s compared to the decision parameter ¢,. [f it is
greater than ¢,, then speech 1s declared to be absent in
the 1 frames; othcrwise speech is present. Then, the ¢



frames of the noisy spectrum LX) are set to 17, (k1)

We estimate D2, (k) frames of the noise

power
spectrum, and D? (k1) is calculated by averaging over
the frames without speech. The 22, (k1) is the assumed
estimate of the residual noise of the f[rames in the
presence of speech. We refer to this value as the “sticky
noise” of the speech—presence index. Then we represent
G, paare (1), lhe updated gain funclion in a frame index
using the gain funclion (4t} and the constant « for the
frames in which speech is absent. I the ¢ frames are
considered to be frames in which speech is present, then
DIV is sel to D20, and 2F. (k1) is used to
reduce the sticky noise of the frames of in the prescnce
of speech. We can sec the sticky noise in the the square
region and residual noise in the random peak region in
Fig. 7.

. o
Frequency bin ° .

Fig, 7. Estimated noise power spectrum at car noise 10 dB
spt2wav of female “The drip of the rain made a pleasant
sound” from the NOIZEUS database,

As a noted above, G, (k) is the updated gain function
in a frame index using the gain function (k1) and the

Frequency bin

Frama mdex

Fig, 8. Gain function,
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Fig. 9, Updated gain function,
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g. 10, Updated noisy power spectrum with 10dB car noise for
the female sp12wav speech sample “The drip of the
rain made a pleasant,

Fraquency bin

Frame index

Fig, 11, Noisy power spectrum with 10dB car noise for the
female sp12way speech sample "The drip of the
rainmade a pleasant.

constant 1- o for the frames in which speech is present.
Figures 8 and 9 show the gain function (k) and the
updated gain function G, (k1), respectivetly.

The updated noisy power spectrum of the frame index

Y, e D 15 the difference between the noisy power
spectrum  |XikDF and the frames in which speech is

16, 11 and 7,

absent. £2,(kf), as shown in [ig.
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respectively:

| X ppaate s D = LX U = D2, (K1) (18
| X paate 5 1° = MAX{X g R, DI ) (19)

Eq. 18 reduces the noise of the frames in which speech
is absent, and Eq. 19 is used to avoid negative values
[13].

3.3. Separation of speech and noise in
frequency bins using adaptive thresholds

In a manner parallel to that described bins in the
our method uses an adaptive
algorithm with a sigmoid function to track the threshold in
a [requency bins:

previous subsection,

v (k)= 20)

[ 1+ exD(lO*%Y AR =8 )

where (k) is the adaptive threshold using the sigmoid
function in the frequency bins and 6 is a control
parameter. The threshold v (k) is adaptive in thc sense
that it changes depending on the control parameter &,.
Figs. 12 and 13 show the effect of & on SNR gains and
scale of the SIG. Simulation results indicate that the
optimal value of & is 0.39 for noisy signals with SNR 5
dB and is 0.35 for noisy signal with SNR 15 dB. A fixed
value of & will not be optimal over a wide range of SNRs.
Fig. 14 shows that the adaptive threshold accounts for Lhe
frequency bin index by controlling 4.

Consequently, we can control the trade—off between
speech distortion and residual noise in the frequency bins
using 4.
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Fig. 12, Effect of various &, values on SNR gains,
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Fig. 14, Adaptive thresholds using a sigmoid function on
the frequency bin index for 5 dB car noise.
3.4, Noise reduction using a modified gain
function and updated noisy power
The separation algorithm for determining whether
speech 1s present or absent in a frequency bin is

If d;f(k) > ¢y 21)
Groaikl) = Gpiare (ki) ¥ @@ (22)
else

Gmodj (k:!” = G,,p,im (kJ] b S (1 - (-Y) (23)

In the same manner as for the time index, where
decision parameter ¢, is initially 0.95, this threshold (%)
is compared to the decision parameter ¢,. If it is greater
than ¢,, then specch is declared to be absent in the
The
(k) represents the modified gain function for the

i

frequency hin & otherwise spcech 1s present.
C’:nod
time and frequency bins using the gain [unction G, . (k1),
the constant «, and 1—«.

|‘§(k$l)|2 = Gmmli(k"!) X |Xu;vdal‘f(k7z)|2 (24)
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Fig. 16, Estimated clean speech power spectrum with 10 dB car
noise for the female sp12 wav speech sample “The drip
of the rain made a pleasant sound” from the NOIZEUS
database,

Finally, the estimated clean specch power spectrum

|5kDF can be represented as a product of the modified
gain function for the time—frequency bins and the updated
noisy power spectrum of the time—{requency bins. The
estimated clean speech signal can then be transformed
back to the time domain using the inverse short—time
(STFT) and synthesis with the
overlap—add melhod. We can sec the modified gain
function G, (k! and the updated noisy power spectrum
X, paaee B8] M Figs. 15 and 16, respectively.

Fourier translorm

V. Experimental results and discussion

For our evaluation, we selected three male and three
female noisy speech samples [rom the NOTZEUS database
[10]. The signal was sampled at 8 kllz and transformed
by the STFT using 50% overlapping Hammiong windows of

Table 1, Segmental SNR at white, babble and car noise,

Noise (dB) white babble car
| SSMUL 5 496 5.89 7.08
10 8.13 928 805
_ 15 | 1005 989 10,35
| msss | 5 6.83 5.41 671 |
10 11,20 965 10.96
{15 15,23 1411 }_?4_‘91_”_
NTFAS | 5 998 644 | 758
T 10 | 193 10,68 1187
| 15 1653 | 1449 1570 |

256 samples. Evaluating of the new algorithm and a
conparing it to the multl band spectral subtraction
(SSMUL) and MS with spectral subtraction {(MSSS)
methods [6, 141 consisted of two parts. First, we tested
the scgment SNR. This provides a much better quality
measure than the classical SNR since it indicates an
average error over time and frequency for the enhanced
speech signal. Thus, a higher segment SNR value indicates
better intelligibility. Second, we used ITU—-T P.835 as a
subjective measure of qualily [11]. This standard is
designed to include the effects of both the signal and
background distortion in ratings of overall quality [10].

05 ! . —+ . :
3
Z o0
£ . . , ( .
-05 05 1 15 2 25
Tisnea (s}
{b}
3 0.5 T T T T —
2 ‘ ” m .*I a0 ’ ”
zZ 0
€
< _05 — . ek 1 .
05 1 t5 2 25
Time (s)
(]

0.6 T T T T "
g o’ " "
Z 0
H [ ) . . .

0.5 0.5 1 1.5 2 25

TIme (5)
{d}
§ 05— T T T ——
Z 0
g ‘ . . . .
05 05 1 15 2 25
Time (s}
(e}
§ 0.5 T T T T £
£ i ‘ ‘ . ,
05 05 1 1.8 2 25
Time (s}

Fig. 17. Example of noise reduction with 10 dB car noise with female
spl2wav speech sample “The drip of the rain made a
pleasant sound” from the NOIZEUS database for the three
enhancement algorithms, {a) original signal, {b) noisy signal, (¢}
signal enhanced using the SSMUL method, (d) signal
enhanced using the MSSS method, and {¢} signal enhanced
using the NTFAS method,
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Fig. 18, Example of noise reduction with 10 dB car noise with female
sp12wav speech sample ‘The drip of the rain made a
pleasant sound” from the NOIZEUS database for the three
enhancement algorithms_ (a) original spectrogram, (b) naisy
spectrogram, (¢} spectrogram using the SSMUL methed, (d)
spectrogram using the MSSS method, and {e) spectrogram
using the NTFAS method,

41. Segment SNR and speech signal

We measured the segment SNR over short frames and
obtained the final result by averaging the value of each
frame over all the segments.

Table 1 shows the segment SNR improvement for cach
speech enhancement algorithm, For the input SNR in the
range 5—15 dB for white Gaussian noise, car noise, and
babble noisc, we noted that the segment SNR after
processing was clearly better for the proposed algorithm
than for the SSMUL and the MMSE methods [5,14]. The
proposed algorithm vields a bigger improvement in the
SNR  with than the
conventional methods. The NTFAS algorithm in particular

segment lower residual noise
produces good resulls for white Gaussian noise in the
range 5 to 15 dB. Figs. 17 and 18 show Lhe NTFAS
algorithm's clear superiority in the 10 dB car noise
environment.

For nonstationary noisy environments, the conventional
methods worked well for high input SNR values of 10 and
15 dB; however, the output they produced could not be

easily understood for low SNR
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. Time domain results of speech enhancement for 15 dB car
noise, 5 dB car noise, 10 dB babble noise, 0 dB white noise,
and 5 dB SNR babble noise in a nonstationary environment,
The noisy signal comprises five concatenated sentences from
the NOIZEUS database. The speech signal were two male and
one female sentences from the AURORA 2 corpus, {a) original
speech, {b) noisy speech, (c) speech enhanced using SSMUL
method, {d) spéech enhanced using the MSSS methad, {e)
speech enhanced using the NTFAS method,

values of car noise (5 dB) and white noise (0 dB), and
they produced residual noise and distortion as shown n
Fig. 19. This outcome is also confirmed by time domain
results of speech enhancement methods iltustrated in Figs.
19 and 20. A different result is clear in Fig. 19 (a) and
(b) for the waveforms of the clean and noisy speech
signals, respectively, (c) the waveforms of specch
enhancement using the SSMUL mecthod, (d) the MSSS
method, and (e) the proposed NTFAS method. Fig. 19 (c)
and (d) show that the presence of residual noise at t >
78 s is due partly to the inability of the speech
cnhancement algorithm to track the sudden appearance of
a low SNR. In contrast, panel {e) shows that the residual
noise is clearly reduced with the proposed NTFAS
algorithm.

4.2 The ITU-T P.835 Standard
Noise reduclion algorithms typically degrade he speech
component in the signal while suppressing the background
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Tine (s}

Fig. 20, Frequency domain results of speech enhancement for 15 dB
car noise, 5 dB car noise, 10 dB bhabble noise, 0 dB white
noise, and 5dB8 SNR babble noise in a nonstationary
environment, The noisy signal comprises five concatenated
sentences from the NOIZEUS database, The speech signal
were two male and one female sentences from the AURORA 2
corpus, (a} original spectrogram, {b) noisy spectrogram, (c)
spectrogram using the SSMUL method, {d) spectrogram using
the MSSS method, (e) spectrogram using the NTFAS methad.

noise, low—SNR This

subjeclive  evaluation of
algorithms as il is not clear whether listencrs base their
overall qualily judgments on the distortion of the speech
or the presence of noise. The overall effect of speech and
noise together was rated using the scale of the Mean
Opinion Score (MOS), scale of background intrusivencss
(BAK), and the SIG [10]. The proposed method resulted
in a greal reduclion in noise, while providing enhanced

particularly under conditions.

situation  complicates  the

Table 2. The overall effect (OVL) using the Mean Opinion Score
(MOS), 5= excellent, 4= good, 3= fair, 2= poor, 1= bad,

Noise {dB) white babble car
SSMUL 5 184 247 279
10 3.14 296 3.4
15 357 349 2.9
MSSS 5 298 268 274
10 4m 3.16 3.04
15 443 §.00 3.30

NTFAS 5 454 255 231 |
10 500 267 287
15 5,00 456 5.00

Table 3, Scale of Background Intrusiveness (BAK), 5= not noticeable,
4= somewhat noticeable, 3= noticeable but not intrusive, 2=
fairly conspicuous, somewhat intrusive, 1= very intrusive.

Noise (dB) white babble car
SSMUL 5 359 221 282 |
B 10 331 237 3.01
15 5.00 1.01 179
MSSS 5 338 163 218
10 412 246 269 |
B 15 354 1,00 260 |
NTFAS 5 3.25 252 217
10 363 282 307
15 458 500 5.00

Table 4, Scale of Signal Distortion (SIG), 5=no degradation, 4=little
degradation, 3=somewhat degraded, 2=faily degraded, 1=

very degraded,
L Noise (dB) white babble car
SSMUL 5 179 281 374
10 2.69 326 375 |
B 15 315 337 2.87
MSSS 5 1.93 326 | 392
10 296 363 392
15 453 387 401
| NTFAS 5 268 327 382
10 4,08 3.29 362
15 474 374 383

speech with lower residual noise and somewhatl higher
MOS, BAK, and SIG scores than the conventional
methods, Tt also degraded the input specch signal in highly
nonslationary noisy environments. Degradation of the
speech signal is extremely undesirable in real speech
recognition systems. Consequentlly, an automatic noise
estimation and separation algorithm is required.

This is confirmed by an enhancement signal and ITU-T
P.835 test [11]. The results of the evaluation are shown
in Table 2, 3 and 4. The best resull for each speech
enhancement algorithms is shown in bolds.

V. Conclusions

In this paper, we proposed a new approach (o the
enhancement of speech signals that have been corrupted
by stationary and nonslationary noise. This approach is
not a conventional spectral algorithm, but uses a method
that scparates the speech—presence and

absence contributions in time—frequency bins. We call
this technique the NTFAS speech cnhancement algorithm.
We showed that appropriate choices of 3, and & produced
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The proposed
method resulted in a great reduction in noise while

good—quality enhanced speech signal.

providing enhanced speech with lower residual noise and
MOS, BAK and SIG scores than the
conventional methods. It also degraded the input speech

somewhat
signal in highly nonstationary noisy environments.
Degradation of the speech signal is very undesirable in
readl speech recognition systems, and thus automatic noise
estimation and separation algorithms are required.
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