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Abstract: Speech denoising isthe process of removing the noise
from the noise corrupted speech. The applications of speech
denoising are used in speech enhancement, speech recognition
and many more. In this work, a new approach is proposed to
de-noise the speech which is corrupted from different noises,
Empirical mode decomposition and the Kalman filter (EMD-KF)
is used for speech denoising in the proposed work. The clean
speech is corrupted by the noise with the different SNR’s, and
further Empirical mode decomposition (EMD) is applied to the
noise corrupted speech later the obtained resultant speech is
passed through the Kalman filter (KF) which gives the denoised
speech. The result shows that the mean squared error (MSE)
values of EMD-KF are extremely less when compared to other
methods like discrete wavelet transform (wavelet families like
Daubechies and Symlet), empirical mode decomposition (EMD)
and moving average filter followed by empirical mode
decomposition (MA-EMD). As an application the proposed
algorithmisused in the feature extraction for speech recognition.
Mel frequency cepstral coefficient (MFCC) is performed on both
theoriginal speech and the denoised speech and found majority of
the denoised speech features are similar to the original speech
features and few denoised speech features are nearby to the
original speech features.

Keywords: Empirical mode decomposition (EMD), Kalman
filter (KF), Mel-frequency cepstral coefficient (MFCC), Speech
denaising.

. INTRODUCTION

Speech isasubset of audio signal that refersto the sound

made by a human speaker. The process of removing the noise
from the corrupted speech is known as speech denoising.
Initially the original speech is corrupted by the noise then the
denoising method will be applied to the noise corrupted
speech in order to recover the original speech. Y ash Varadhan
Varshney et a. [1] separated the speech from the noise
corrupted speech by performing wavelet decomposition
before sparse non-negative matrix factorization (SNMF).
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Hongging Liu et a. [2] suppressed impulsive noise by
optimization and gaussian noise by wiener filter in different
transform domains like short time fourier transform (STFT),
wavelet transform (WT) and wavelet synchrosgueezed
transform (WSST). Peng Xiong et al. [3] used to filter most of
the noise found in the electrocardiogram signals by wavelet
transform with scale adaptive thresholding method and the
residual noiseis removed by a deep neural network based on
improved denoising autoencoder. Shubhratha S et a. [4]
analyzed the performance of two denoising methods (discrete
wavelet transform and empirical mode decomposition).
Tassadaq Hussain et a. [5] used extreme learning machine to
remove the noise from the speech by random selection of
hidden units. Yu-Cheng Su et al. [6] used generaized
maximum a posteriori spectra amplitude (GMAPA)
algorithm which takes up a smaller scale to avoid amends
during high SNR and uses a larger scale to remove noise
components during low SNR.

Christoph F. Stallmann et al. [ 7] employed various artificial
neural networks to identify and remove the noise in musical
sound waves. Chengli Sun et a. [8] transformed the noise
corrupted speech into time-frequency domain where the noise
and the speech are considered as a low-rank and sparse
component respectively. Szu-Wei Fu et al. [9] employed fully
convolutional network to preserve the local temporal
structures particularly the high frequency components of the
speech. Nikolaos Dionélis et al. [10] minimized the noise by
modulation-domain kalman filtering which estimates the
posterior distribution for inter frame speech in log-magnitude
Spectrum.

Ying-Hui Lai et a. [11] restored the original speech from
the noise corrupted speech by deep denoising autoencoder
(DDAE) and got better results when compared to other
methods like wiener, Karhunen-Loéve theorem (KLT) and
log minimum mean square error (log MM SE). Haifa Touati et
al. [12] removed the noise from the noi se corrupted speech by
empirical mode decomposition followed by adaptive least
mean square (LMS) filter. Tomohiro Nakatani et a. [13]
performed both denoising and dereverberation at the same
time by weighted power minimization distortionless response
(WPD) beamformer.

In this paper, the noise is reduced by passing the noise
corrupted speech to EMD and then to the Kalman filter. The
MSE values are calculated and compared with other
denoising techniques. The original speech features and the
denoised speech features are analyzed.
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II. METHODOLOGY

In this section, the denoising methods and the proposed
work are discussed as follows:

A. Discrete Wavelet Transform (DWT)

DWT has two functions namely scaling functions (1) and
wavelet functions (2). The wavelet function and the scaling
function are associated with the high pass filter and the low
pass filter respectively. Detail coefficients are obtained when
the speech is passed through the high pass filter.
Approximation coefficients are obtained when the speech is
passed through the low pass filter. Detail coefficients are
considered as the DWT coefficients for first level and the
approximation coefficients are again passed to high and low
pass filters and the process continues. The speech is
reconstructed by adding the coefficients which are obtained
from last level to first level. Similarly, detail and
approximation coefficients are passed through high and low
pass filters respectively.

The forward DWT is given by,

X(M)ey; | (M) (1)

SHOE J‘Z

W= mpm e

Theinverse DWT isgiven by (3),

x(m)=%zs (o), l(m>+zzw (0B, (M)

i=iy

where N=2'and io=0.
X(m) is speech, S, is scaling coefficient, W, is wavelet

coefficient and N istotal samples.

B. Empirical Mode Decomposition (EMD)

EMD breaks down the speech into components called
intrinsic mode functions (IMF). This process of converting
the speech into IMF is known as sifting process. The mean is
calculated between upper and lower envelopes of the speech
by cubic-splineinterpolation. The first component is obtained
by taking difference between the original speech and mean
anditisgiven by (4),

I, =y(t)-M, @

where Y(t) is speech, |, is first component and M, is
mean.

The first component is considered as data and mean is
computed by taking its upper and lower envelopes during the
second iteration and it is given by (5),

I11:|1_M11 (5)

Retrieval Number: H6313069820/20200BEIESP
DOI: 10.35940/ijitee.H6313.069820
Journal Website: www.ijitee.org

233

The sifting process continuestill an IMF is obtained and it
isgiven by (6),
I = Il(n—l) -M,, (6)
where n isnumber of iterations.
The residua is obtained by subtracting the IMF from the

origina speech and it is given by (7),
R=y0)-1, (7)

where R, isfirst residual and I, isfirst IMF.

C. Proposed method (EM D-KF)

In our work, the original speech is corrupted by the noise.
The noise corrupted speech is given as input to empirical
mode decomposition whose output speech is passed through
the Kalman filter. Hence the denoised speech is obtained as
the output of the filter. The block diagram of the proposed
work isasshowninFig. 1.

The speech used in this work is ‘sp01.wav’ which is taken
from [14]. It is having time period of 20ms, sampling
frequency of 8 kHz and total samples are 22529. The noise
added in this work is additive white gaussian noise (AWGN)
whose signal-to-noiseratio (SNR) isvarying from O decibel to
20 decibel with increase of 5 decibel. The maximum number
of iterations used for the sifting process is 30 and the
maximum number of IMF obtained after EMD is9.

Kaman filter predict the speech from the resultant speech
obtained after applying EMD by following equations (8), (9),
(20), (11) and (12).

Yem|m-1) =y Ym-1m-1) )

where \?/em|m—1) is priori estimate of present state vector
Y(m) and i isstate transition matrix.

Q(m[m-1) =y Q(m-1m-Dy " + HPH™  (9)

where Q(m|m—1) is priori estimate error covariance

matrix, H isinput matrix and P is matrix of process noise
covariance.

k(m) = Q(m‘m—l)GT (GQIMM-1G" +9)™* (10)

where k(m) is Kalman gain for the m ™ ingtant, G is

observation matrix and Sis matrix of measurement noise
covariance.

\?/()m‘m) =Vfmm-1) + k(m)(x(m) —-G¥m|m-1)) (11)
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where \?/(m|m) is posteriori estimate and X(Im) is speech
corrupted by noise.
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Fig. 1.Block diagram of speech denoising using EMD-KF.

Q(m|m) = (I —k(MG)Q(m|m-1) (12)

where Q(m|m) is posteriori estimate error covariance

matrix and | isidentity matrix.
I11. APPLICATIONS

A. Feature Extraction for Speech Recognition

Mel Freguency Cepstral Coefficient (MFCC) isthe process
of extracting features from the speech. MFCC is used in
recognition of speech. The various processes in MFCC are
pre-emphasis, framing, windowing, fast fourier transform
(FFT), mel filter bank and discrete cosine transform (DCT)
[15] and [16]. In pre-emphasis, the speech is passed through a
filter which supports the high frequency.

In framing, the speech samples are divided into frames
which contain the original characteristics of the signal. The
discontinuities in the speech after framing are avoided by
Hamming windowing technique. The Hamming windowing
function is given by (13),

2rm
m] = 0.54 - 0.46cos| ———
S [K J

(13)

where K isthe number of samplesin oneframe. FFT converts
frameto frequency domain from time domain. Mel filter bank
isthe band pass filter which applies mel frequency scaling on
the resultant signal. MFCC coefficients are obtained after

applying DCT.
IV. RESULTS

A. Metric

Mean squared error (MSE) is the average sguared
difference between the actual speech and the noise corrupted
speech computed by (14),

MSE = =3 (X, - X,)? (14)

=
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where X isactual speech, X isnoise corrupted speech and
m istotal samples.

B. Experimental Results

The speech used in this work is ‘spO1.wav’ which is taken
from [14]. It is having time period of 20ms, sampling
frequency of 8 kHz and total samples are 22529. The original
speech is corrupted by the noise. The noise added in our work
is additive white gaussian noise (AWGN) whose
signal-to-noise ratio (SNR) is 0dB. EMD is applied to the
noise corrupted speech. The maximum number of iterations
and the maximum number of intrinsic mode functions are 30
and 9 respectively. The resultant speech obtained after
applying EMD to the noise corrupted speech is passed
through the Kalman filter which gives the denoised speech.

Fig. 2 shows the intrinsic mode functions and residual
obtained after applying EMD to the noise corrupted speech.
The denoised speech is obtained after applying Kalman filter
to the resultant speech as shown in Fig. 3.
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Fig. 2.Intrinsic mode functions (IMF) and residual
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obtained after performing EM D to the noise corrupted
speech.
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Fig. 3.Speech signals obtained after applying EM D-KF.

Table- | illustrates the mean squared error (MSE) values
obtained for various denoising methods. The denoising
methods compared are discrete wavelet transform (wavel et
families — Daubechies 3, Daubechies 5, Symlet 4), empirical
mode decomposition and moving average filter is applied
before empirical mode decomposition.

The MSE vaues are obtained for SNR ranging from 0
decibel to 20 decibel with increase of 5 decibel. The MSE
values of the proposed work are compared with the above
mentioned denoising techniques and found that the MSE
values obtained for EMD-KF are extremely less when
compared with the M SE values obtained for other denoising
methods. The lower value of MSE shows that the noise has
been minimized in the noise corrupted speech. Hence the
proposed (EMD-KF) denoising method gave better results
when compared to other denoising techniques.

The MSE vs SNR is plotted for various denoising methods
isshown in Fig. 4 and Fig. 5 shows that the bar graph isbeing
plotted for the MSE vs SNR values for various denoising
methods.

MSE Vs SNR for various denoising methods
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Fig. 4.Mean squared error (M SE) vssignal-to-noiseratio
(SNR) for different denoising methods - Plot.
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MSE Vs SNR for various denoising methods
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Fig. 5.Mean squared error (M SE) vssignal-to-noiseratio
(SNR) for different denoising methods — Bar graph.

Fig. 6 and Fig. 7 show the original speech and the denoised
speech. As an application the proposed work is used in the
feature extraction for speech recognition. MFCC is applied
for the original speech and the denoised speech.
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Table- I: M SE values obtained for

various denoising methods

SNR MSE (original DWT EMD
(dB) speech, noisy MSE (original MSE (original MSE (original MSE (original MSE (original MSE (original
speech) speech, db3) | speech,db5) | speech,sym4) | speech,EMD) | speech, MA-EMD) | speech, EMD-KF)
0.9890 0.0325 0.0333 0.0320 0.0131 0.0028 0.00096792
0.3116 0.0102 0.0101 0.0103 0.0041 0.0016 0.00096283
10 0.1009 0.0045 0.0044 0.0045 0.0021 0.0012 0.00096293
15 0.0311 0.0020 0.0021 0.0021 0.0013 0.0011 0.00096281
20 0.0102 0.0014 0.0014 0.0014 0.0011 0.0011 0.00096269
20 Extracted features from the original speech signal ”
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Fig. 8.Features obtained after applying M FCC to the
original speech.

Extracted features from the denoised speech signal
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Fig. 9.Features obtained after applying MFCC tothe
denoised speech.

Fig. 8 and Fig. 9 are the original speech features and the
denoised speech features which are obtained after applying
MFCC to the original speech and the denoised speech
respectively.

The original speech features and the denoised speech
features are plotted by scatter plot is shown in Fig. 10. The
magnitude of coefficients values obtained for the original
speech and the denoi sed speech are normalized and plotted by
scatter plot is shown in Fig. 11 and found that the most of the
denoised speech features are similar to the origina speech
features and few denoised speech features are nearby to the
original speech features.
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V. CONCLUSION

In our work, the original speech is corrupted by the noise.
EMD isapplied to the noise corrupted speech and the Kalman
filter is applied to the resultant speech obtained after EMD.
The MSE iscalculated for the proposed work (EMD-KF) and
also for other denoising methods like DWT, EMD and
MA-EMD. The M SE values obtained for noisy speech signal,
DWT (Daubechies3), DWT (Daubechies5), DWT (Symlet4),
EMD, MA-EMD and EMD-KF for AWGN having 0dB as
SNR are 0.9890, 0.0325, 0.0333, 0.0320, 0.0131, 0.0028 and
0.00096792 respectively. It isfound that the MSE values of
EMD-KF are much reduced when compared to other
denoising techniques. Thelower value of M SE shows that the
noise has been minimized. As an application the proposed
approach is used in the feature extraction for speech
recognition. MFCC is applied to both the original speech and
the denoised speech and their features are obtained and found
that the most of the denoised speech features are similar to the
original speech features and few denoised speech features are
nearby to the origina speech features.
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