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Abstract: - Speech Enhancement and noise reduction have wide applications in speech processing. They are often employed as pre-
processing stage in various applications. The work to be presented in this paper is denoising a single-channel speech signal at the presence of
a highly non-stationary background noise in order to improve the perceptible quality and intelligibility of the speech. Real world noise is
mostly highly non-stationary and does not affect the speech signal uniformly over the spectrum. This paper investigates various Discrete
Fourier Transform-based algorithms as single-channel pre-processing techniques consisting of: Spectral Subtraction using over-subtraction
and spectral floor, Multi-Band Spectral Subtraction (MBSS), Wiener Filter, MMSE of Short-Time Spectral Amplitude (MMSE-STSA)
estimator with, and without using SPU modifier, MMSE Log-Spectral Amplitude Estimator with, and without using SPU modifier,
Optimally-Modified Log-Spectral Amplitude estimator (OM-LSA). The processed speeches from these algorithms are compared at the same
set of conditions using visual examinations of signals in the time domain and the spectrograms, and also the objective and subjective tests for
quality and perceptual evaluation. All the implemented algorithms provide considerable, different degrees of flexibility and control on noise
elimination levels that reduces artifacts in the enhanced speech, resulting in the improved quality, and intelligibility.

Keywords: Speech denoising, non-stationary noise, single channel.

I. INTRODUCTION

Development and widespread deployment of digital communication systems during the last twenty years have
brought increased attention to the role of speech enhancement in speech processing problems. The degradation of
the quality and intelligibility of speech signals, due to the presence of background noise severely affects the
ability of speech related systems to perform well. Speech enhancement algorithms are used to improve the
performance of communication systems when their input or output signals are corrupted by noise. The main
objective of speech enhancement or noise reduction is to improve the perceptual aspects of speech, such as the
speech quality and intelligibility. However, the problem of cleaning noisy speech still poses a challenge to the
area of signal processing. Noise reduction techniques have some problems and questions. One of these problems
is to reach a compromise between noise reduction, signal distortion, and the residual musical noise. Complexity
and ease of implementation of the speech enhancement algorithms is also of concern in applications especially
those related to portable devices such as mobile communications and digital hearing aids. The DFT-based speech
enhancement methods have been one of the most well-known techniques for noise reduction. The spectral
subtraction estimates the power spectrum of clean speech by explicitly subtracting the noise power spectrum from
the noisy speech power spectrum. Due to its minimal complexity and relative ease in implementation, it has
enjoyed a great deal of attention over the past years. This approach generally produces a residual noise commonly
called musical noise. In this paper, we investigate DFT-based single-channel speech enhancement algorithms as
speech signal pre-processing approaches at highly non-stationary noise.

Il. DFT-BASED TECHNIQUES FOR SINGLE CHANNEL SPEECH ENHANCEMENT

This part describes short time DFT-based single channel techniques for additive noise removal. These methods
are based on the analysis-modify-synthesis approach. They use fixed analysis window length (usually 20-32ms)
and frame by frame based processing. They are based on the fact that human speech perception is not sensitive to
spectral phase but the clean spectral amplitude must be properly extracted from the noisy speech to have
acceptable quality of speech at output and hence they are called short time spectral amplitude (STSA) based
methods. Figure 1 shows the basic overview of a single-channel speech enhancement system.
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Figure 1: Basic overview of single channel speech enhancement system

Most real world noise such as street noise, train station noise, restaurant noise, babble noise...etc. are non-
stationary in nature. In the additive noise model the noisy speech is assumed to be the sum of the clean speech
and the noise as defined in the following equation:

Y() =x(®) +n(®) €y
Where y(t) is the noisy speech signal, x(t) is the clean speech signal, and n(t) is the background noise signal.

Let y[n] = x[n] + d[n] be the sampled observed noisy speech signal consisting of the clean signal x[n]and the
noise signal d[n] where, 0 <n < N — 1, and N is the frame length.

A General Structure of DFT-Based Speech Enhancement

The overall structure of the DFT-based speech enhancement techniques is shown in Figure 2.
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Figure 2: Block diagram of the DFT-based speech enhancement [1].
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B. Noise power spectrum estimation

Noise spectrum estimation is a challenging task for single-channel speech enhancement, where we have only
the noisy speech available at the input. Non-stationary noise spectrum varies rapidly over time, hence it needs to
be estimated and updated continuously.

In this paper, we use the algorithm proposed in [2] for estimating highly non-stationary noise environments.
C. Spectral subtraction

Spectral subtraction is a method for restoration of the power spectrum or the magnitude spectrum of a signal
observed in additive noise, through subtraction of an estimate of the noise spectrum from the noisy signal
spectrum [3].

The first detailed treatment of spectral subtraction was performed by Boll [4], [5]. After that, papers [6], [7]
expanded and generalized Boll’s method to power subtraction, Wiener filtering.

Spectral subtraction algorithm is derived under Gaussian assumption for each spectral component.
1. Power spectral subtraction and its generalized form

The basic power spectral subtraction (PSS) principle involves the subtraction of the estimated noise variance,
from the power spectrum of the observed noisy signal, to obtain an estimate of the modulus of speech power

spectrum (taking into account that |)?k|2has to be positive). Mathematically, this is represented as:
A~ 12 =~ 12

|£|” = max (1¥;1? = | D", 0) @)
However, there are limitations to this subtraction rule. The basic problem has been tackled by deriving several
fundamentally and theoretically justified noise suppression rules.
Since the power spectrum of two uncorrelated signals is additive. By generalizing the exponent from 2 to a, Eq.
(2) becomes

|%e|" = max(1%|* - [D|*, 0) 3)
The speech phase is estimated directly from the noisy signal phase. Thus a general form of the estimated speech
in frequency domain can be written as:

|a

1
£ = (max(|¥,|* — a|Di|*,0)) % exp(j6y) (4)
Where a > 1 is used to overestimate the noise to account for the variance in the noise estimate. The inner term
[Yiel® — a|ﬁk|a is limitied to positive values, since it is possible for the overestimated noise to be greater than
the current signal [8].

2. Spectral subtraction using over-subtraction and spectral floor

For more residual musical noise reduction, a modification of the spectral subtraction was proposed by
Berouti et al [9]. The technique could be expressed as:

|)?k|2 =max(|Yk|2—a.|5k|2,ﬁ.|5k|2) (5)

Where: « is the over-subtraction factor, and it is given in terms of the frame noisy signal to noise ratio as
follows:

3
@ =ay—55.SNR —5dB < SNR < +20dB (6)

a, is the desired value of « at 0 dB SNR.

a plays the role of a time-varying factor, which provides a degree of control over the noise removal process
between periods of noise update.
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The parameter S is the spectral floor which prevents the spectral components of the enhanced spectrum from

being below the smallest value . |§k|2. In this case B plays the role of controller (the amount of remaining
residual noise and the amount of perceived musical noise).

3. Multi-Band Spectral Subtraction (MBSS)

The idea of MBSS method proposed by [10] starts from the fact that the colored noise has different effects at
the various frequencies of the speech spectrum. The MBSS technique performs spectral subtraction with
different over subtraction factor in different non-overlapped frequency bands. The spectral subtraction rule in
it" frequency band is given by:

I ~ |2 — ~
N 2 |Yk,1|2 - Sial-. |Dk i| , lf |Yk,z|2 > 6,:6!,:. |Dkvi|2
|Xk¢| = '

B. |Wl|2 else
fOT'biSkSei (7)

Where the spectral floor parameter was set to § = 0.002, and b; and e; are the beginning and ending frequency
bins of the i‘" frequency band.

K is the i*" frequency band of smoothed and averaged version of the noisy speech spectrum. A weighted
spectral average is taken over preceding and succeeding frames of speech as follows:

M
Vo, = D Wik, )
l=—M

Where j is the frame index, and 0 < W, < 1. The averaging is done over M preceding and succeeding frames of
speech.

The number of frames M is limited to 2 to prevent smearing of the speech spectral content. The weights W, were
empirically determined and set to W, = [0.09,0.25,0.32,0.25,0.09] for —2 < [ < +2 [10].

The band-specific over-subtraction factor a; is a function of the segmental SNR; of the it" frequency band,
which is calculated as:
) 2
z:’(il=bi|y"i|
SNR;(dB) = |————— 9
ej =
Zk:bi|Dk,i|

a; can be expressed in terms of SNR; (defined previously) as follows:

4.75 SNR; < -5
a;={4—->-SNR, —5<SNR; <20 (10)
20
1 SNR; > 20

The additional over subtraction factor §; called tweaking factor provides additional degree of control in each
frequency band. The values of this factor are empirically determined and set according to following equation
(Usually 4-8 linearly spaced frequency bands are used).

1 fi <1KHz
Fs
5, =25 1KHz<f <> —2KHz (11
Fs
1.5 fi>§—2KHz

Where f; is the upper frequency of the the i** band, and F, is the sampling frequency [10].
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D. Wiener filter

In terms of our speech enhancement problem the Wiener filter proposed in [11] is given by:

|X| = %IYkI (12)

Where ¢, is defined as the a priori SNR found by Decision Directed Method.
E. MMSE of short time spectral amplitude

Ephraim and Malah [12] formulated an optimal spectral amplitude estimator, which, specifically, estimates
the modulus (magnitude) of each complex Fourier coefficient of the speech signal in a given analysis frame
from the noisy speech in that frame.

In order to derive the MMSE STSA estimator, the a priori probability distribution of the speech and noise
Fourier expansion coefficients should be assumed since these are unknown in reality. Ephraim and Malah [12]
assumed that the Fourier expansion coefficients of each process can be modeled as statistically independent
Gaussian random variables, real and imaginary parts of each component is independent to each other, and the
mean of each coefficient is assumed to be zero and the variance time-varying.

1. Gaussian based MMSE-STSA estimator

The desired gain function for the MMSE-STSA estimator, [12]:

Gumse (Vi) = T(L.5) %exp (- VZ—") @ +vior (VZ—") +viehy (VZ—")] (13)

Where I'(-) is the Gamma function (with I'(1.5) = /”/2) and I,(.) and I, (.) are the zeroth and first order

modified Bessel functions, respectively, defined as:

2
I,(2) = %L cos(fn) exp(z cos B) df8 (14)
In Eqg. (2.30), vy is defined as:
v = E}fj L (15)

Where &, and y , are defined by:

(k)
ML (17)
Aq(k)

&, and y, are interpreted as the a priori and a posteriori signal-to-noise ratios (SNR), respectively. R , denotes
the spectral magnitude of the noisy signal.

Essentially, a priori SNR is the Signal-to-Noise Ratio of the k" spectral component of the “clean” speech
signal, x[n], while a posteriori SNR is the k" spectral component of the corrupted signal, y[n]. Computation of
¥ . is straightforward ratio of the variance of the noisy speech signal to the estimated noise variance. However,
computation of a priori SNR is more involved, especially since the knowledge of “clean” signal is seldom
available in real systems. In this paper “Decision-Directed” estimation [12] has been exploited to compute a
priori SNR.
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2. Amplitude estimator under Speech Presence Uncertainty SPU

Signal absence in noisy observations {y[n], 0 <n < N} is frequent, as speech signals generally contain large
portions of silence, [12]. Nevertheless, it does not mean that speech is never present in noisy sections.
The idea of utilizing the uncertainty of signal presence in the noisy spectral components for improving speech
enhancement results was first proposed by McAulay and Malpass [6], [12].
The MMSE estimator which accounts for uncertainty of speech presence in noisy observation was first
developed by Middleton and Esposito, [12], [13] and it is based on the model of statistically independent
random appearance of signal in noisy spectral components.
In order to derive the new amplitude estimator, we need to calculate the generalized likelihood ratio A(Yy, q;)
while g, denotes the a priori probability of speech absence in the k" spectral component.

'k
1-q P Gxgve

A, @i, E'%) = > 18
Yo, @i, ') 1+¢, (18)
Where &';, is the conditional a priori SNR:
& 2 E{A\HT} (19
= 20
S =T g 5 (20)
F. Speech enhancement using MMSE Log Spectral Amplitude estimator

Based on [14] Malah and Ephraim proposed a new short time spectral amplitude (STSA) estimator for speech
signals which minimizes the mean squared error of the log spectra.

This section will briefly discuss the derivation of the minimum mean squared error log spectral amplitude
(MMSE- LSA).

In order to derive MMSE- LSA, Malah and Ephraim used the same formulation of the estimation problem and
the same statistical model as in [12] (modeling speech and noise spectral components as statistically
independent Gaussian random variables).

With the same definitions for a priori and a posteriori SNR (discussed during the MMSE- STSA derivation), the
desired MMSE- LSA gain function is given as follows [14]:

[oe]

& |1 et
Gumse-1sa(x Vi) = 1+¢, > Tdt , (21)

Vk

Sk

Where Vg = a
k

¥« as shown previously during MMSE- STSA estimator derivation.

The MMSE-LSA estimator may be also modified using the multiplicative gain Ggp;; (k) defined previously for
the MMSE-STSA estimator.

G. Speech enhancement using the Optimally Modified Log Spectral Amplitude estimator (OM-LSA)

The purpose of this section is to study the Optimally-Modified Log-Spectral Amplitude estimator (OM-LSA)
proposed by 1. Cohn [15]. As the name suggests, it estimates A, by minimizing mean-squared error of the log-
spectra for speech signals under signal presence uncertainty where the spectral gain function is obtained as a
weighted geometric mean of the hypothetical gains associated with signal presence and absence.

In this algorithm, Cohen [15] proposed two important estimators:

. An estimator for the a priori signal-to-noise ratio.
. An efficient estimator for the a priori speech absence probability (SAP) which is based on the time-
frequency distribution of the a priori SNR.
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1. Optimal gain modification

Let HE and H” designate respectively hypothetical speech absence and presence in the k" frequency bin, and
assuming a complex Gaussian distribution of the STFT coefficients for both speech and noise [12]:

. Null Hypothesis HE : speech absent: Y, = D,
. Alternate Hypothesis, HX : speech present:
Yk = Xk + Dk

The LSA estimator for the clean speech spectral amplitude (Assuming statistically independent spectral
components [14]), which minimizes the mean-squared error of the log spectra, is given by:

A, = exp{E[In4;\Yy, 0 < k< N —1]} 2
Yl (22)

G OM-LSA"

The Optimally Modified LSA estimator gain is given by:

’ p -
G om-1sa = {GHl( $'k 'Vk)} “ Goin* 7%, where 0 < k< N —1 (23)
’ et
Where:GHl( &' ,yk) = 1:‘5", {%ka%dt} ¢’ apriori SNR,y : a posteriori SNR,
k
and vy, = ﬁy
k E’k,+1 k*

pr=PHK\Y), 0 < k< N —1.

When speech is absent, the spectral gain is constrained to be larger than a threshold G,,;,,, which is determined
by subjective criteria for the noise naturalness [15]. Hence,

exp{E[InA\Yi, HG 1} = Gin- 1Yl (24)
When speech is present, we use Ephraim and Malah’s MMSE-LSA estimator [14]:
exp{E[InA\Y, H 1} = Gy, Ve (25)

Where, G ,, is defined (as defined previously in eq (21) by:

& 1 Fet
G " = = | —dt,, 26
H1(fk]’k) 1+f'k2Jt (26)
Vk
where &', :apriori SNR, y: a posteriori SNR,and v, = %yk.
k

By substituting (24) and (25) into (22), The Optimally Modified LSA estimator gain is given by:
G omporsn = 161 (& Vi) - Gmin ™%, where0 < k< N —1 (27)
2. Priori SNR estimation

According to the decision-directed approach, proposed by Ephraim and Malah [12], it provides a useful
estimation method for the non-conditional a priori SNR &, which is given by:

o A=
& = a/ld(k,l —1

where 0 < a < 1, and [ is the frame number.

+ (1 —a)ymax{y,() —1,0} (28)
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Therefore the estimate for the a priori SNR should be given by: &'} = 1q &,. According to this expression,
k

1-qr
there is an interaction between the estimated g, and the a priori SNR which may deteriorate the performance of
the speech enhancement system [16], [17], [18].

Hence, Cohen in [15] proposed a new estimator of the Priori SNR which is given as follows:
&) =aGy(1-1) %+ (1 - a)max{y, (D) - 1,0} (29)

To explain more this equation, if H% is true then the spectral gain should degenerate to Gy, and the a priori
SNR ¢’, estimate should coincide with ;. In opposite, if HX is true, then the spectral gain should decrease to
Gmin, OF equivalently the a priori SNR estimate should be as small as possible[15].

3. Priori speech Absence probability (SAP) estimation

In [15], Cohen proposed a new estimator for the speech absence probability g. The estimator utilizes a soft-
decision approach in order to find three parameters (Pklocal(l)‘Pkglobal(l)’Pframe(l)) based on the time-

frequency distribution of the estimated a priori SNR, E’\k(l). These parameters exploit the strong correlation of
speech presence in neighboring frequency bins of consecutive frames [15].
Let &', (1) be a recursive average of the a priori SNR:

=g U-D+A-pEU-1) (30)
where £ is a time constant.
Local and global averaging windows are applied in the frequency domain to obtain local and global averages of
the a priori SNR:

wi
0= > M, O 3D
l'=—W,'\L
Where the subscript A designates either “local” or “global”, and h; is a normalized window of size 2w, +1.
We define two parameters, P, (I)and P kglobal(l), which represent the relation between the above averages

and the likelihood of speech in the k" frequency bin of the I*" frame[15]. The local and global parameters are
given by the following expression:

0, if €, OS¢
P =1 N (32)
' n € flk’l(l)/ E,min ) otherwise
In (flmax /E’min ) ’
Where ¢' . and &' are empirical constants.

For more noise attenuation in noise-only frames, a third parameter named, Py,qm (1) is defined. This parameter

is based on the speech energy in neighboring frames. If we average ¢, (1) in the frequency domain we obtain:
Eprame ) = megn, {&, 0} (33)

Figure 3 shows the block diagram for Py, (1) computation.

Where I(1) is given by:

0, if ElfraMe(l) = flpeak(l)"’z,min

A 1, if E,frame(l) = flpeak(l)' flma"
I(l) = ln(flframe(l)/ flpeak(l)/ 5, . ) (34)

TYCANEa. =2, otherwise

And it represents a soft transition from “speech” to “noise”, ¢’ is a confined peak value of &’ Frame

peak
and f’p o E,ﬁmax are empirical constants that determine the delay of the transition [15].
mn

Hence, the proposed estimate for the a priori probability for speech absence is obtained by:
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qk (l) =1- Pklocal(l)'Pkglobal(l)' Pframe(l) (35)

Gx (1) is larger if either previous frames, or recent neighboring frequency bins, do not contain speech. In order to
reduce the possibility of speech distortion we restrict G, (1) to be smaller than a threshold g;,q, (<1).

START
READ Y, , K=0 to N-1
fﬂr’mmcr 1:;:;":'J'||r.l'| P mar E““" 'fpm

Err’rﬂma(r} > 1;-l,rrnzru'hrl:j - 1:]

Mo ]
& pear (D) = min {max [ & (0. &, | &, 1}
L w »
Prrame (fy=o Prrame (D=1 Pr'rﬂm,r(il} =1

L

Figure 3: Block diagram for Psame(l) computation
I1l. IMPLEMENTATION AND PERFORMANCE EVALUATION

This section describes the implementation details and performance evaluation of the proposed pre-
processing algorithms to understand their functionality and behavior. Evaluation of speech enhancement
algorithms is not simple. While objective quality assessment methods can indicate an improvement or
degradation in speech quality based on mathematical measures, the human listener does not believe in a simple
mathematical error criterion. Therefore, subjective measurements of intelligibility and quality are also required.

The IEEE standard database NOIZEUS (noisy corpus) [19] is used to test algorithms. The database contains
clean speech sample files as well as real world noisy speech files at different SNRs and noise conditions like
street, car, restaurant, train, station, babble...etc.

A Implementation details

The factors contributing in the efficient implementation of some of the functional blocks are discussed
below.

. Frame size: 20 ms was chosen as the optimum frame size for our implementations.

. Window Type and Overlap: the most commonly used Hamming window [7], [3]. After a few informal
listening tests and comparing spectrograms, the Hamming window was chosen. The amount of overlap between
consecutive frames is also associated with the frame-size, and is required to prevent discontinuities at frame
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boundaries. For this study we chose the overlap to be 50%, which is also usually the percentage overlap found
commonly in the literature.

. The enhanced signal is obtained by taking the IFFT of the enhanced spectrum using the phase of the
original noisy spectrum.
. The standard overlap-and-add method is used to obtain the enhanced signal.

For the Spectral Subtraction using over-subtraction and spectral floor, the spectral floor parameter is setto g =

4.75 SNR < -5
0.002,and @ = 4—23—OSNR —5<SNR<20
1 SNR > 20

For the Multi-Band Spectral Subtraction (MBSS) implementation, the spectral floor parameter is also set to 8 =
0.002, and all other parameters are taken as given in chapter two.

For the Wiener filter, MMSE-STSA, and MMSE-LSA algorithms implementations, the a priori SNR &, is
calculated using the Decision-Directed estimation approach with « = 0.98 in Eq. (29).

For Speech Presence Uncertainty (SPU) multiplicative modifier implementation, the a priori probability of
speech absence g, is set to g, = 0.3.

For the OM-LSA estimator implementation, the value @ = 0.92, and the values of parameters used for the
estimation of the a priori SAP are given as follows:

B =07 "g’min = —10dB E’max = —5dB
é—,pmin = 0dB f"pma)c = 10dB
Wiocal = 1 Wyiobal = 15
Qmax = 0.95 h,: Hanning window

For the implementation of noise estimation algorithm discussed in section 2.2, the following parameters are
used:

n=20.7, the threshold o0 = 1.3,
1=0.8, ¥ = 0.998, g =08 a, =08 a,=1.
B. Visual examinations for the implemented algorithms

Applying the implemented algorithms to the noisy speech signal sentence in “spl0.wav” corrupted with train
noise at 0 dB SNR, and car noise at 5 dB SNR yields to the results presented along with the original noisy signal
in following figures:

From Figure 4 to Figure 13 show the signals in the time domain of the original sentence in “sp10.wav” along
with the same corrupted with speech-shaped train noise at 0 dB SNR, and the enhanced speech obtained by the
implemented algorithms.

From Figure 14 to Figure 23 show the spectrograms of the original sentence in “sp10.wav” along with the same
corrupted with speech-shaped car noise at 5 dB SNR, and the enhanced speech obtained from implemented
algorithms.
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“The clean speech signal in the time domain
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Figure 4: Clean speech signal in the time domain.

Figure 5: Noisy speech signal (sentence in
“spl0.wav” corrupted with train noise at 0 dB
SNR).

Enhanced speech signal using (Wiener Filter "Decision-Directed estimated a Priori SNR")
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Figure 6: Enhanced speech signal using Wiener
Filter (Decision-Directed estimated a priori SNR).

Figure 7: Enhanced speech signal using Spectral
subtraction using over-subtraction and spectral
floor algorithm

Enhanced speech signal using (Multi-Band Spectral Subtraction "MBSS") Algorithm

o

Normalized amplitude

o

Enhanced speech signal using (MMSE of Short-Time Spectral Amplitude "without SPU Modifier") Algorithm
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Figure 8: Enhanced speech signal using Multi-
band spectral subtraction (MBSS) algorithm.

Figure 9: Enhanced speech signal using MMSE-
STSA (without SPU modifier) algorithm.

Enhanced speech signal using (MMSE of Short-Time Spectral Amplitude “with SPU Modifier”) Algorithm
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Enhanced speech signal using (MMSE Log-Spectral Amplitude “without SPU Modifier”) Algorithm
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Figure 10: Enhanced speech signal using MMSE-
STSA (with SPU modifier) algorithm.

Figure 11: Enhanced speech signal MMSE-LSA
(without SPU modifier) Algorithm.
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Enhanced speech signal using (MMSE Log-Spectral Amplitude "with SPU Modifier") Algorithm

. | \

Normalized amplitude
o

Time, s

Enhanced speech signal using (Optimally-Modified Log-Spectral Amplitude estimator) Algorithm

Normalized amplitude

Figure 12: Enhanced speech signal using MMSE-
LSA (with SPU modifier) algorithm.

Figure 13: Enhanced speech signal using the
optimally modified log-spectral Amplitude (OM-
LSA) algorithm.

From visual examinations of figures presented above, we can notice that:

. A significant amount of noise has been reduced from the noisy speech signal after applying each of the

DFT-based speech enhancement algorithms.

. The enhanced speech panels using Weiner filter, Spectral Subtraction (using over-subtraction and
spectral floor) method, and MBSS method show more distortions in the shape of the signals when compared to

the original clean speech signal.

. The enhanced speech panels using MMSE-STSA, MMSE-LSA (without SPU modifier) algorithms
show small distortions in the shape of the signals when compared to the original clean speech signal.
) The enhanced speech panels using MMSE-STSA, MMSE-LSA (with SPU modifier), and the OM-LSA

algorithms show that the obtained processed signal shapes are more nearer to the original clean speech signal.

The clean speech signal in "sp.10" of the sentence “The sky that moming was clear and bright blue.”
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Figure 14: Spectrogram of the clean speech signal
in “SP.10”.

Figure 15: Spectrogram of the noisy signal in
“SP.10” corrupted with car noise at 5 dB SNR.
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Figure 16: Spectrogram of the enhanced speech

Figure 17: Spectrogram of the enhanced speech

using Weiner Filter, Decision-Directed a priori using  Over-Subtraction and spectral floor
SNR. algorithm.
Enhanced speech using "Multi-Band Spectral Subtraction (MBSS)" Algorithm Enhanced speech using "MMSE of Short-Time Spectral Amplitude (without SPU Modifier)" Algorithm
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Figure 18: Spectrogram of the enhanced speech

Figure 19: Spectrogram of the enhanced speech
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using Multi-band spectral subtraction (MBSS) | using the MMSE-STSA (without SPU modifier)

algorithm. algorithm.
Enhanced speech using "MMSE of Short-Time Spectral Amplitude (with SPU Modifier)" Algorithm Enhanced speech using "MMSE Log-Spectral Amplitude (without SPU Modifier)" Algorithm
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Figure 20: Spectrogram of the enhanced speech Figure 21: Spectrogram of the enhanced speech
using the MMSE-STSA (with SPU modifier) using the MMSE-LSA (without SPU modifier)

algorithm. algorithm.
Enhanced speech usmg "MMSE Log-Spectral Amplitude (with SPU Modifier)" Algorithm Enhanced speech using "Optimally-Modified Log-Spectral A ," {e" Algorithm
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Figure 22: Spectrogram of the enhanced speech | Figure 23: Spectrogram of the enhanced speech
using the MMSE-LSA (with SPU modifier) | using optimally modified log-spectral (OM-LSA)
algorithm. algorithm.

From the visual examinations of the spectrograms in figures presented above, we can remark that:

. In all the enhanced speech spectrograms, the formants are much clearer and visible than in the noisy
speech spectrogram, which indicates that there is a considerable amount of noise has been reduced from the
noisy speech.

. The enhanced speech spectrograms using Weiner filter, Spectral Subtraction (using over-subtraction
and spectral floor) method, and MBSS method contain some random isolated dots which cause audible artifact
known as musical noise.

) The enhanced speech spectrograms using MMSE-STSA, and MMSE-LSA algorithms show better
results, and less amount of isolated dots compared with the spectrograms of Weiner filter, MBSS method, and
Spectral Subtraction (using over-subtraction and spectral floor) method.

. Applying the multiplicative SPU modifier to the MMSE-STSA, and MMSE-LSA algorithms provides
more noise reduction in spectrograms.
. The enhanced speech spectrogram using OM-LSA algorithm is the nearest to the to the original clean

speech spectrogram.
C. Obijective measures for implemented algorithms performance evaluation

Objective measures are based on a mathematical comparison of the original and enhanced speech signals.
Signal-to-Noise Ratio (SNR)

As the name suggests, SNR is the ratio of the signal energy to the noise energy:

Zn
SNRy5 = 10.logyo (2o (36)

Where s(n) is the clean signal and $(n) is the processed signal. If the summation is performed over the whole
signal length, the operation is called global SNR.

Segmental Signal-to-Noise Ratio ( SNRg,,):
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The SNRseg in dB is the average SNR computed over short frames of the speech signal. The SNRseg over M
frames of length N is computed as:

M-1 X

1 le\l_tll\\ll—l sz[n]
SNR = Z 10lo _ Lm=i dB, .
M i=0 oo [Z%Eﬁ*(s[n] — §[n])? (37)

In order to perform our objective tests, each algorithm is evaluated using all the sentences from NOIZEUS data
base corrupted by 4 different SNR values (0, 5,10 and 15dB) in 6 colored noise environments which are as
follows:

. Train

. Car

. Street

. Restaurant

. Train station
° Babble

In addition to that, a synthesized white noise added to clean speech sentences of NOIZEUS database at SNR
range 0-15dB is also used to test the algorithms.

The results (all the obtained SNR and SNRg,, values are averages of 30 measures, the number of sentences in
the database and are given in dB) are shown in tables from 1 to 7.

Table 1: Objective quality evaluation of the implemented | Table 2: Objective quality evaluation of the implemented algorithms

algorithms for train noise. for car noise

Tl'ﬂiﬂ llOiSE SNR:O dB SdB 10 dB 15 dB Car noise SNR=0dB 5 dB 10 dB 15 dB
SNRsyg 2450 | SNRgyg 2167 | SRy 2150 | SNRgy 2450 SNy  ~495 SNNR;”(’JO SNRspp =1.05 | SNRg,q = 4.05

Objetictest | SNR | SMRsy| SR |SNRsoy| SNR | SRy | SR | SNRs, Objectivetest | SNR |SNRgyy | SNR [SNRgy | SNR |SNRsy | SNR | SNRg,,

WeinerDD | 605 | 420 | 871 | 131 | 1301 | 419 |1616] 800 S B B R BT Y By T B Ty

SSuingusing | 614 | 414 | 807 | 131 | 12| 426 |14 413 SSuingover- | 475 | 04 | 946 | 183 | 1347 | 490 |1875| 9.0

over- subtraction

subfraction and spectral

and spectral floor

floor Mband 190 | 02 | 940 | 233 | 1300 | 520 | 1730 945

Mband 640 | 400 | 856 | 237 | 1207 | 502 |1744] 834 MMSESTSA | 516 | 050 | 953 | 280 | 1346 | 530 | 1651| 9.0

MMSESTSA | 648 | 030 | 830 | 240 | 1218 | 576 |1500| 64 MMSELSA | 534 | 055 | 938 | 280 | 1323 | 533 | 1654| 910

AMSELSS | 63 | 035 | 84 | 244 | D0 | 57 |50 44 MMSESTSA | 467 | 080 | 921 | 324 | 1328 | 541 |1615| 9.2

MMSESTSA | 610 | 220 | 800 [ 221 [ 181 | 580 [1532] 87 using SPU

using SPU modifier

= MMSELSA | 605 | 099 | 949 | 335 | B | 548|501 955

MMSEISS | 63 | 125 | 84 | 300 | LB | 581 |5B] 473 uitg SPU

A modofier

using SPU OMLSA 610 | 130 | 1048 | 250 | 1443 | 555 |1838] 920

modofier

OMISA | 640 | 130 | 876 | 320 | 1366 | 600 | 1720] 430

Table 3: Objective quality evaluation of the | Table 4: Objective quality evaluation of the implemented

implemented algorithms for street noise algorithms for restaurant noise
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Street noise SNR=0 dB 5dB 10dB 15dB Restaurant SNR=0dB 5dB 10dB 15dB

SNRgyg = ~425 | SNRgy, SNRggy 2 1.75 | SNRgeg 2470 noise SNRs SNRse SNRgep 2 1.80 | SNRg,, = 4.80

2-1.20 =418 2115
Objectivetest | SNR |SNRgyy | SNR |SNRgy | SNR |SNRgy, | SNR [ SNRgy Objectivetest | SNR |SNRggy | SNR |SNRgyy | SNR |SNRgy, | SNR | SNRg,g
Weiner DD | 400 | 015 | 774 | 185 | 1181 | 394 |1610] 813 Weiner DD | 400 | 002 | 771 | 162 | 1151 | 421 |1610| 849
SSusingusing | 412 | 02 | 835 | 186 | 1221 | 470 | 1601 | 894 SSusingusing | 402 | 000 | 768 | 160 | 1152 | 420 |1731| 850
over- over-
subtraction subtraction
and spectral and spectral
floor floor
Mband 450 | 005 | 783 | 200 | 1180 | 490 |1601| 9.00 Mband 445 | 004 | 770 | 180 | 1200 | 439 |1742] 866
MMSESTSA | 502 | 040 | 796 | 230 | 1217 | 500 | 1502] 961 MMSESTSA | 505 | 010 | 828 | 190 | 1190 | 480 | 1548 868
MMSELSA | 505 | 044 | 767 | 249 | 1200 | 512 |1501| 904 MMSE-LSA | 560 | 040 | 822 | 195 | 1205 | 502 |1530] 871
MMSESTSA | 510 | 070 | 785 | 290 | 1218 | 530 |1506| 945 MMSESTSA | 600 | 052 | 820 | 240 | 1205 | 502 | 154 87
using SPU using SPU
modifier modifier
MMSELSA | 520 | 090 | 800 | 305 | 1218 | 537 |1517] 910 MMSELSA | 605 | 080 | 834 [ 260 | 1210 | 510 [1560| 890
using SPU using SPU
modofier modofier
OMLSA 55T | 126 | 872 | 340 | 1300 | 550 | 1624] 912 OMLSA 612 | 122 | 856 | 312 | 1240 | 530 |1743| 930
Table 5: Objective quality evaluation of the implemented | Table 6: Objective quality evaluation of the
algorithms for train station noise. implemented algorithms for babble noise.
Trainstation |  SNR=0dB 5B 10B 1508 Babblenoise |  SNR=0dB 508 10dB 150
noise SNRg,,=470B | SNR;,,=195dB | SNRg,,= dB | SNRs,,=4 60dB SNRs, SNRgy, | SNRgy = 148 | SNR,, 2440
Objectivetest | SR |SNRgyy | SNR |SNRgpy | SNR |SNRgyy | SIR | SNRseg =448 =-150
Objectivetest | SNR | SNRg, | SNR |SNRgp, | SNR | SNRg,, | SNR | SNR

WeinerDD | 495 | 030 | 906 | 200 | 1250 | 431 |53 | 860 | | | -] Mol . ] el bl B
Vel SSusingusing | 469 | 020 | 915 [ 160 | 1333 [ 460 [1715] 81
subiracion :l:;::‘atﬁ!:l]]
and spectral
loar aﬂl;:l".speml
Mband 9 | %0 | 8B | 2m | LY | 40 [1650] 880 || g | 490 | 005 | 590 | 200 | 50 | 4% [1750] 80
MMSESTSA | 586 | 061 | 8% | 242 | 1303 | 465 1538 B35 | 'N(NGESTSA [ 492 | 040 | 826 | 280 | 1200 | 501 |1526] 895
MMSELSA | 580 | 066 | 877 | 270 | 1305 | 480 |I570] 905 | | [\NSELSA | 490 | 025 | 790 | 268 | 1205 | 810 | 133L] 948
MMSE-STSA | 605 | 080 | 856 | 295 | 1300 | 491 1577 010 | | [NMSESTSA | 530 | 030 | 856 | 280 | 1203 | 533 |1520 911
using SPU using SPU
modifier modifier
MMSELSA | 614 | 110 | 884 | 302 [ 1306 | 510 [1551] 922 || [MMSELSA | 540 | 060 | S44 | 301 | 1207 [ a4l [1502] 920
using SPU using SPU
modofier modofier
OMSA 620 | 166 | 98¢ | 350 | 135 | 570 |165¢] g1 | | [OMLSA 560 | LIS | 930 [ 309 [ 1300 [ 560 [1696 ] 955
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Table 7: Objective quality evaluation with a white noise.

white noise SNR=0 dB 5dB 10dB 15dB
SNRse 2450 | SNRsy 213 | SNRgyg 2203 | SNRsyy 242
Objectivetest | SNR |SNRsy | SNR |SNRsgy | SNR |SNRsy | SNR | SNRsy

Weiner DD 6.65 1.02 1032 | 3.00 | 1400 | 534 |1694| 8.00
SS using using | 5.99 1.05 971 3.01 1323 | 531 |1832| 923
over-

subtraction
and spectral
floor

Mband 6.60 110 | 1020 | 320 | 1355 | 534 [1800| 925
MMSE-STSA 712 150 | 1046 | 400 | 1365 | 640 |1650| 8.61
MMSE-LSA 6.86 1.71 1020 | 415 | 1354 | 655 |1633| 872
MMSE-STSA 6.68 180 | 1010 | 422 | 1324 | 661 |1614| 8388
using SPU
modifier
MMSE-LSA 701 188 | 1034 | 430 | 1347 | 689 [1622] 9.1
using SPU
modofier
OM-LSA 113 200 | 1089 | 442 | 1416 | 700 |1800| 980

According to the objective test results presented above, we can observe the following:

. There are remarkable improvements in both global and segmental SNRs of noisy speech signals after
being processed by the implemented DFT-based speech enhancement algorithms and the noise reduction is
more when it is white.

. The speech enhancement using Weiner filter, Spectral Subtraction (using over-subtraction and spectral
floor) method, and MBSS method provides less segmental SNR values when compared to the other
implemented algorithms in most cases.

. The speech enhancement using MMSE-STSA, and MMSE-LSA algorithms provides better segmental
SNR values, and using the SPU modifier gives a remarkable improvement in segmental SNRs.
. The speech enhancement using Optimally Modified Log-Spectral Amplitude estimator (OM-LSA)

provides the best results (global SNR, and Segmental SNR) in most cases.
D. Subjective measures for implemented algorithms performance evaluation

Subjective tests rely heavily on the opinion of a group of listeners to judge the quality or intelligibility of
processed speech. These tests are often time consuming as they require proper training of listeners. In addition
to this, a constant listening environment (e.g., playback volume), identically tuned output device (e.g.,
headphones and/or speakers) are necessary. Nevertheless, subjective test results present the most accurate
system of performance, insofar as intelligibility and speech quality are concerned, as they are determined
perceptually by the human auditory system. These tests can be structured under two types of evaluation
procedures: speech quality evaluation and also intelligibility testing. Quality refers to the clarity, freedom of
distortion and ease for listening whereas Intelligibility refers to the number of words that can be identified
correctly by a listener or to the likelihood of being correctly understood.

1. Subjective test for speech quality evaluation

In this test, we asked five normal-hearing students who speak, and understand English very well to listen twice
to the different samples of speech for each input SNR used in the previous objective tests. In the first time, we
presented to them the signals in their noisy form, whereas in the second time we presented to them the processed
ones. After that, we asked our listeners to grade each speech heard on a scale from 1 to 5, based on how pleasant
their listening experience was, the highest grade corresponding to the most pleasant one. Then we averaged the
respective grades and results are given in table 8.
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Table 8: Subjective test for speech quality evaluation
o =1 10 15
Input SNR (dB)
0.5 1.0 1.7 22
Noisy speech grade
Weiner DD 1.9 21 26 28
SS using using over-subtraction and spectral floor 2.0 25 2.6 29
Mband 2.4 2.6 2.8 3.2
MMSE-STSA ERESy 2.7 3.0 3.1
MMSE-LSA 2.6 29 33 3.6
MMSE-STSA using SPU modifier 28 31 3.4 39
MMSE-LSA using SPU modofier 3.0 3.3 3.8 4.0
OM-LSA 3.4 38 4.3 4.5
According to this quality subjective test, we can say that:
o The quality of the noisy speech samples has been considerably improved after the enhancement by the
implemented algorithms.
o The speech enhancement using Weiner filter, Spectral Subtraction (using over-subtraction and spectral

floor) method, and MBSS method obtained the smallest grades for speech quality evaluation which confirm the
annoying musical noise shown during the spectrograms visual examinations (random isolated dots).

. The speech enhancement using the OM-LSA algorithms provides the best speech quality.

2. Subjective test for speech intelligibility evaluation

In this test, we asked our listeners to give the percentage of intelligibility (according to the number of words
that can be identified correctly by a listener) in the same speech signals. The results are shown below in table 9.

Table 9: Subjective test for intelligibility evaluation.
0 5 10 15
Input SNR (dB)
10%% 30% 47% 58%
Noisy speech percentage
Weiner DD 53% 56% 66% 69%
SS using using over-subtraction and spectral floor 53% 60% 67% T2%
Mband 56% 67% T0% 75%
MMSE-STSA 65% 71% T4% 82%
MMSE-LSA 67% 73% 75% 85%
MNMSE-STSA using SPU modifier 68% 73% T76% 88%
MNMSE-LSA using SPU modofier T1% 74% T7% 20%
OM-LSA 73% 75% 80% 92%
According to table 9, we can say that:
. The implemented algorithms have considerably improved the intelligibility of the noisy speech signals.
. Weiner filter, Spectral Subtraction (using over-subtraction and spectral floor) method, and MBSS

method provide the smallest percentages of intelligibility in comparison to the other implemented algorithms
and that’s due to the amount of distortions caused them.

. The optimally modified Log-Spectral Amplitude estimator (OM-LSA) algorithm shows the highest
percentages of intelligibility.
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E. Comments

The implemented algorithms performance evaluation based on visual examinations, objective and subjective
tests show that the optimally modified Log-Spectral Amplitude estimator (OM-LSA) algorithm outperforms all
the implemented algorithms (low signal distortion and the best amount of noise reduction). However, we would
like to note the following:

e The global SNR is a poor estimator of subjective quality. A high SNR value, is thus, not necessarily
indicative of good perceptual quality of the speech.

e The segmental SNR objective test is more related to the subjective tests.

e Weiner filter, Spectral Subtraction (using over-subtraction and spectral floor) method, and MBSS method
show acceptable amounts of non-stationary noise reduction but produce some distortions in the shape of the
enhanced speech signals.

e MMSE-STSA, and MMSE-LSA algorithms provide more non-stationary noise reduction and less
distortions.

o Applying the SPU multiplicative modifier with MMSE-STSA, and MMSE-LSA algorithms increases the
quality and the intelligibility of the enhanced speech signals.

IV. CONCLUSION

The work presented in this paper addressed the problem of single-channel speech enhancement at the presence
of highly non-stationary background noise, as pre-processing stage for various speech applications.

A set of DFT-based single-channel speech enhancement algorithms have been implemented using highly non-
stationary noise estimator, and each implemented algorithm has been evaluated using the NOIZEUS data base
corrupted by 4 different SNR values (0, 5,10 and 15dB) in six colored noise environments (train, car, street,
restaurant, train station, and babble) and a synthesized white noise.

The performance evaluation results establish the superiority of the Optimally-Modified Log-Spectral Amplitude
estimator (OM-LSA) algorithm over all the implemented DFT-based single-channel speech enhancement
algorithms with respect to perceptible quality and intelligibility improvements of the enhanced speech signals.
Therefore, OM-LSA can be considered as good pre-processing technigue for single-channel speech applications.
MMSE-STSA, MMSE-LSA (using SPU multiplicative modifier) algorithms provide acceptable levels of speech
intelligibility and quality in most cases and the second one behaves a little bit better than MMSE-STSA
especially in reducing the musical noise. Weiner filter, Spectral Subtraction (using over-subtraction and spectral
floor) method, and MBSS method show more distortions in the shape of the enhanced signals at low SNRs (0-
5dB) range in most cases.

In addition to all the obtained results, we may say that, the most suitable technique for speech enhancement is
the one which provides robustness to environmental noise contributing factors and robustness to acoustical
inputs.

The works on implementing the DFT-based techniques for single-channel speech enhancement as pre-
processing stages for various speech applications should definitely continue considering the good results we
managed to achieve. Here is a short list of items that we think could be subjected to further studies:

) Investigating the speech enhancement using Laplacian-based MMSE estimator of the magnitude
spectrum rather than MMSE estimator, which is based on a Gaussian model.
. The error between the processed signal and the clean speech signal can be strongly minimized if the

estimate of the noise spectrum is more accurate. Hence, it is desirable to estimate the noise signal at every
available instant to get a more accurate estimate of the noise spectrum.

. Single channel blind source separation is a challenging task. Hence working on this provides a good
contribution to speech signals pre-processing techniques.
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