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Psychoacoustically Constrained and Distortion
Minimized Speech Enhancement
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Abstract—This paper considers a psychoacoustically con-
strained and distortion minimized speech enhancement algorithm.
Noise reduction, in general, leads to speech distortion, and a
balanced tradeoff between noise reduction and speech distortion
must be attained. A constrained optimization problem is set to
reduce noise so that speech distortion is minimized while the
sum of speech distortion and residual noise is kept below the
masking threshold of the clean speech. Obtaining a solution to the
optimization problem may be infeasible under certain conditions,
and a slack variable is introduced to allow certain deviation from
the constraint conditions. To estimate the power spectral density
and also the masking threshold of clean speech, a speech model
that assumes coexisting deterministic and stochastic components
in speech is used. Experimental results show that the considered
algorithm outperforms some of the more popular algorithms in
terms of improvement in segmental signal-to-noise ratio (SegSNR),
spectral distance (SD), modified Bark spectral distortion (MBSD),
and mean opinion score (MOS).

Index Terms—Constrained optimization, deterministic compo-
nent, masking threshold, speech enhancement, stochastic compo-
nent.

I. INTRODUCTION

S PEECH is often corrupted by additive wideband acoustic
noise where the disturbance varies from low-level office

noise in a normal phone conversation to high volume engine
noise in a helicopter, and we often observe performance degra-
dation in communication and recognition systems. In general,
additive noise reduces speech intelligibility and induces fatigue
on a listener. Consequently, it is desirable to develop a speech
enhancement system that reduces additive noise from noisy
speech to increase the objective and subjective quality of
speech.

Over the last three decades or so, many speech enhancement
algorithms have been proposed. These can be roughly classified
into three categories: 1) spectral restoration-based algorithms
such as the Wiener filtering [1]–[3], spectral subtraction [4], [5],
and spectral amplitude estimation [6]–[9]; 2) speech production
model-based algorithms such as autoregressive (AR) model
with Wiener filtering [10], [11] and Kalman filtering [12]–[14];
and 3) signal subspace model-based algorithms [15]–[17].
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Many of these algorithms have focused on improving the
signal-to-noise ratio (SNR) without making a distinction be-
tween speech distortion and residual noise. Noise reduction
inevitably leads to speech distortion, and there should be a
delicate balance between speech distortion and noise reduction.
Thus, finding the delicate balance implies maximizing noise
reduction while minimizing speech distortion to improve both
objective and subjective quality. Let us consider the two ex-
tremes: 1) an enhancement algorithm that leaves the degraded
speech unprocessed is not performing any noise reduction
while introducing no speech distortion, and 2) an algorithm
that always outputs a zero is reducing the noise completely
while introducing maximum speech distortion. Ideally, an
enhancement algorithm should be in between the two extremes
such that noise is maximally reduced while minimizing speech
distortion.

Among the aforementioned algorithms, there are some al-
gorithms incorporating the human auditory perceptual system
to improve speech quality [18]–[26]. Usually, this perceptual
system is based on some masking property. A human listener
is unable to hear additive noise as long as it remains below the
masking threshold. In [18]–[20], the masking threshold is used
to control the amount of noise reduction. In [21] and [22], the
audible noise is defined as the amount of noise perceived as
degradation by the auditory mechanism, and clean speech is es-
timated so that the audible noise was kept below the masking
threshold. In [23], the masking threshold is used as a constraint
to keep the residual noise inaudible. In [24], a masking threshold
constrained Kalman filter is described, and it constrained the
estimation error energy below the masking threshold. In [25]
and [26], the residual noise is constrained below the masking
threshold in the signal subspace domain.

To find a delicate balance between speech distortion and noise
reduction, this paper considers a psychoacoustically constrained
and distortion minimized enhancement algorithm: the algorithm
minimizes speech distortion while the sum of speech distortion
and residual noise is kept below the masking threshold, which
is in contrast with the aforementioned algorithms that constrain
only the residual noise. This paper provides a solution to the
constrained optimization problem using the method of Lagrange
multipliers. Obtaining a solution to the constrained optimization
problem is infeasible under certain conditions, and a slack vari-
able is introduced to deal with the infeasible situations. How-
ever, the computational cost in terms of complexity and time
may be too extreme to be used for practical application. Thus,
an alternative approach is discussed.

The performance of the considered algorithm depends on
the accuracy of both the power spectral density estimate and
the masking threshold estimate. In the considered algorithm,
a speech model that assumes coexisting deterministic and
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stochastic components in speech [20], [27], which is derived
from the Muti-Band Excitation (MBE) model [28], is used to
estimate the power spectral density and the masking threshold
of speech. In the past, most algorithms estimated the spectral
coefficients of clean speech either stochastically or determin-
istically. In many stochastically based algorithms, the spectral
coefficients are estimated assuming that the spectral coeffi-
cients follow a certain probability distribution [7], [8], [29].
In other algorithms, the spectral coefficients are estimated
using a deterministic model such as a sum of harmonically
modulated sinusoids with certain deterministic amplitudes and
frequencies [5], [30]. In general, it is observed that a mixture of
harmonically modulated sinusoids and random noise coexist in
the short-time speech spectrum [28], [31].

This paper is organized as follows. Section II presents the
considered algorithm. Section II-A presents psychoacoustically
constrained and distortion minimized speech enhancement
algorithm leading to feasible and infeasible solutions, and
Section II-B considers a modified version of the constrained
optimization problem incorporating a slack variable in order to
deal with infeasible cases. Section II-C describes an alternative
approach of obtaining the speech estimator in order to reduce
the computational cost. Section III discusses the estimation of
power spectral density and the masking threshold of speech.
Section IV provides experimental results, and finally Section V
concludes the paper.

II. PSYCHOACOUSTICALLY CONSTRAINED AND DISTORTION

MINIMIZED SPEECH ENHANCEMENT ALGORITHM

When a clean speech is corrupted by uncorrelated addi-
tive noise , noisy speech is expressed mathematically
as

(1)

In the frequency domain, the following relationship holds:

(2)

where , and are the short-time Fourier
transforms (STFTs) of , , and , respectively. Here,
and denote frequency bin and time frame index, respectively.

Let be an estimate of where
is the gain function for enhancement. The estimation

error can be expressed as

(3)

where and
denote the STFT of speech distortion and

residual noise, respectively.
This paper considers a speech enhancement algorithm that

solves a psychoacoustically constrained optimization problem.
There are four psychoacoustically constrained optimization
problems that can be considered interesting:

1) minimize speech distortion while constraining residual
noise below the masking thresholds;

2) minimize speech distortion while constraining the sum of
speech distortion and residual noise below the masking
thresholds;

3) minimize residual noise while constraining speech distor-
tion below the masking thresholds;

4) minimize residual noise while constraining the sum of
speech distortion and residual noise below the masking
thresholds.

As a side note, the Wiener filter minimizes the sum of speech
distortion and residual noise which is an unconstrained opti-
mization problem. The constrained optimization problem 1) was
considered in [23], [25], and [26]. In [23], only the residual noise
is constrained in the frequency domain such that it is inaudible
and, in [25] and [26], the constraint is placed on the residual
noise in the signal subspace domain. Thus, the solution to the
constrained optimization problem 1) restricts only the residual
noise below the masking threshold while leaving the possibility
of speech distortion being audible. The solutions to the con-
strained optimization problem 3) and 4) do not lead to desirable
solutions. The solution to problem 3) leads to not only severely
distorted speech but also audible residual noise under certain
conditions. The solution to problem 4) also leads to severely dis-
torted speech under certain conditions, and thus, the objective
speech quality will be poor. A detailed explanation is discussed
in Appendix I. The considered algorithm solves problem 2). The
solution leads to a more reasonable balance between speech dis-
tortion and noise reduction than the solutions of problem 1), 3),
and 4).

A. Gain Function Derivation Based on a Constrained
Optimization Using the Psychoacoustic Masking Property

Let and
, and the gain function is obtained

by solving the following constrained optimization problem,
COP:

subject to (4)

where is the masking threshold. Solving the above
constrained optimization problem (COP) will lead to a solution
that minimizes speech distortion while constraining the sum
of speech distortion and residual noise below the masking
threshold such that the sum is inaudible.

The COP can be solved by using the method of Lagrangian
multipliers as shown as follows [32]:

(5)

where
and is the Lagrangian multiplier. Substituting

(3) into (5)

(6)
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where and
are the power spectral density of clean

speech and noise, respectively. For notational simplicity, index
and are omitted in the following equations. Then, by par-

tially differentiating with respect to the gain function , the
optimal gain function is derived as

(7)

where which is defined as a priori
signal-to-noise ratio (SNR). By substituting (7) into (6), is
derived as follows:

(8)

The denominator of is always positive and the numerator
of is a cubic function of . When the leading coefficient of
the cubic function is positive, then the maximum value of
is infinity: when or

, a valid does not exist. Therefore, the
following must be satisfied for a finite value of :

when (9)

By solving (9), two possible values of are obtained as follows:

(10)

where . By imposing the condition
as in (5), is given by

(11)

since
, but when which

means or , in (11) is also negative. Thus, when
, is set to 0. The optimal gain function is derived as

follows:

(12a)
(12b)

no solution (12c)

where

(13)

Fig. 1(a) and (b) displays and the sum of and as a
function of when , and , ,
respectively. A set of , which satisfies the constraint in the

Fig. 1. � and �� � � � are plotted as a function of � for (a) � � ���,
� � �, and (b) � � ���, � � �,respectively.

COP, in other words, ,
is called a feasible set. In this set, that minimizes the cost
function is a solution of the COP.

• Case I) When ( in Fig. 1),the feasible set
includes ; therefore, ( in Fig. 1) is the
solution leading to . The solution, , leads
to zero speech distortion and no noise reduction. Noise is
inaudible in this case.

• Case II) When ( in
Fig. 1), speech distortion is minimized when

, and the solution ( in Fig. 1)
is identical to (12b). In this case, the solution minimizes
speech distortion while the sum of speech distortion and
residual noise being inaudible.

• Case III) When ( in Fig. 1),
there is no satisfying the constraint of the COP since
the minimum value of is

when . That is to say,
the COP is infeasible1 when .
Noise reduction increases speech distortion, and when

, it is impossible to constrain the sum
of speech distortion and residual noise below the masking
threshold.

Thus, the COP needs to be modified such that there is a so-
lution to for all cases.

B. Gain Function Using Slack Variable

A slack variable is introduced as in the case of soft
support vector machine (SVM) [33] such that the constrained
optimization problem always has a solution. Incorporation of
permits certain deviation from the constraint conditions. Modi-
fied constrained optimization problem is as follows:

MCOP:

subject to (14)

This modified constrained optimization problem (MCOP)
is obtained by minimizing speech distortion and the square of
the slack variable while keeping the total distortion below the

1If there is no solution which satisfies the constraint, then the problem is said
to be infeasible.
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masking threshold. The solution of the MCOP always exists
for . A large would place more weight on minimizing

than minimizing .
It is difficult to obtain solution to the MCOP using the method

of Lagrangian multipliers since the Karush–Kuhn–Tucker
(KKT) condition cannot be satisfied. A detailed explanation
is given in Appendix II. A quadratically constrained quadratic
program (QCQP) can be used to solve the MCOP. The form of
the QCQP is as follows:

subject to (15)

where , , and are arbitrary positive-definite matrix, pos-
itive-semidefinite matrix, and a number of constraints, respec-
tively.

The MCOP can be converted to the QCQP as follows:

subject to

and

(16)

Then, the above optimization problem can be solved using the
MATLAB optimizer program called [32].

Fig. 2 shows graphically where the feasible region of the
MCOP lies when and . The shaded regions
represent the feasible set of and , in other words, where

. Level curves of are represented
in solid lines. The star indicates the solution to the MCOP
for the following cases: (a) , , (b) ,

, (c) , , and (d) , . Dif-
ferent values of leads to different solution for and . When

is large, and are small. When is small, and are
large. Examples with different values for , , , and are
presented in next subsection. From the example given below, we
can set a different value for depending on the feasibility and
SNR.

For the solution of the MCOP to be consistent with the solu-
tion of the COP when , must be large,
and in such case, the sum of speech distortion and residual noise
can be made inaudible using given by (12a) and (12b). Thus,

Fig. 2. � � ��� and � � � for all sub figures. The shaded region represents
the feasible set of � and � , which are satisfied � �� � � �� . Level curves
of � � �� are represented in solid lines. The star ��� indicates the solution
to the MCOP for the following cases: (a) � � ���, � � �, (b) � � ���,
� � ���, (c) � � ��	, � � �, and (d) � � ��	, � � ���.

when the COP is feasible,2 in the MCOP should be a large
value so that is close to zero. When ,
the gives for various values of : for

large, , and for small, .
In such case, should be adjusted according to the SNR. When
the SNR is low, should be set to a large value so that noise is
reduced with little regards to the constraint, and, when the SNR
is high, should be set to a low value.

Example: For various , , , and , the corresponding
solutions to the COP and the MCOP are tabulated as shown in
Table I. When , the solution from the is
and , and it is identical to (12a). When

where , the
solution to the MCOP approaches the solution of the COP—
(12b)—with increasing . When , that is
to say, when the COP is infeasible, the solution to the MCOP
is varied depending on : for large, and

, respectively, and for small,
and , respectively.

C. Gain Function When the COP is Infeasible

Obtaining a solution for based on the QCQP has the
following two problems. First, the computational cost in terms
of complexity and time using the MATLAB optimizer program

may be impractical for certain applications. Second, it is
difficult to find an optimum value for in the MCOP. To over-
come these problems, an alternative approach is considered.

When , in
other words, when the COP is infeasible, the solution to the
MCOP using the leads to

2If there exists a solution which satisfies the constraint, then the problem is
said to be feasible.
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TABLE I
EXAMPLES WITH DIFFERENT VALUES FOR � , � , � , AND �

depending on . For this reason, we propose the following
gain function when

as follows:

(17)

where is an over-subtraction factor controlled by the
local averaged value of the a priori SNR defined as

(18)

When is low, noise reduction needs to be increased, and
thus, should be a large value. The converse must happen
when is high.

In this paper, in (17) is set to

(19)

In Fig. 3, is plotted. When is high, equals
0 so that . When is low, equals
1 so that . In other words,

which is consistent with
the solution of the MCOP using the .

Overall, we propose the gain function for enhancement as
follows:

(20)
where and are given by (13) and (19), respec-
tively.

III. ESTIMATION OF THE POWER SPECTRAL DENSITY

AND THE MASKING THRESHOLD

In order to use the considered enhancement algorithm,
, , and need to be calculated in advance.

To estimate , many noise power spectral density es-
timate algorithms are available [34]–[36]. The calculation of

is summarized in a number of literatures [18], [37], and

Fig. 3. Adjustment of ���� ��. The equation is ���� �� � ����� �
	 �� � � which is decided based on the value of
SegSNR.

the steps involved in determining the masking threshold are
summarized as follows:

1) Critical band analysis: sum up the power spectrum in each
critical band (Bark), where the power spectrum is obtained
by magnitude squaring the Fourier coefficient.

2) Spreading: convolve with a spreading function to take into
account the effect of adjacent critical bands.

3) Offset: subtract the offset by considering the tone-like or
noise-like nature of the speech.

4) Re-normalization: convert the spread spectrum back to
Bark domain.

5) Absolute threshold: compare with the absolute threshold
and choose the maximum between them.

When only noisy speech is available, estimation of
and is difficult. Thus, to estimate and ,
the general practice has been to roughly estimate clean speech
using one of many conventional speech enhancement algo-
rithms. However, after informal listening tests, listeners indicate
that inaccurate estimation of and does not lead
to subjective quality improvement as suggested by the improve-
ment in objective quality of the inaccurate estimation. Many
conventional algorithms have had limited success in accurately
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estimating from noisy speech: these algorithms are
derived under the assumption that speech spectral coefficients
follow either stochastic model or deterministic model. In [7]
and [29], speech spectral coefficients are stochastically esti-
mated assuming the coefficients follow a certain probability
distribution. In [5] and [30], speech enhancement algorithms
are derived under the deterministic speech model such as a sum
of harmonically modulated sinusoids.

In general, both deterministic and stochastic components co-
exist in speech. Observation of the short-time spectrum often
indicates that speech is composed of a mixture of harmonically
modulated sinusoids and random noise [28], [31]. Therefore, the
algorithms derived under either only stochastic model or deter-
ministic model tend to limit the algorithm’s performance since
it does not fully capture the speech characteristics.

A. Speech Enhancement Based on the Coexisting Deterministic
and Stochastic Speech Model

A speech model that assumes coexisting deterministic and
stochastic components in speech [20], [27] is incorporated to
estimate and . In this speech model, the speech
signal is represented as sum of two components: determin-
istic and stochastic components denoted as and , re-
spectively. The deterministic component has properties similar
to a voiced speech (a sum of harmonically modulated sinusoids)
and the stochastic component has properties similar to an un-
voiced speech (autoregressive (AR) signal). The noisy speech

can be expressed as

(21)

where . The STFT of can be represented
as

(22)

where , , , and denote the STFT
of , , , and , respectively. When the speech de-
graded by additive random noise is decomposed into coexisting
deterministic and stochastic components, the bulk of the noise
energy appears in the stochastic component, and the determin-
istic component is relatively less corrupted by the noise [27].
In this paper, the STFT of noisy speech is assumed to follow a
nonzero mean complex Gaussian distribution, which is given by

(23)

where is the power spectral density of th frame of ,
and where is the power
spectral density of the stochastic component. When the spectral
coefficients follow a probability distribution such as (23), the
power spectral density of speech is given by

(24)

The deterministic component is modeled mathematically as a
sum of harmonically modulated sinusoids over the time duration
of the window. Thus, the deterministic component can
be modeled as follows:

(25)

where , , , , and are the amplitude
of th harmonic in th frame, the Fourier coefficients of the
window function, the number of discrete Fourier transform
(DFT) points, the fundamental frequency in th frame, and
the number of harmonics in the th frame, respectively. The
parameters of the deterministic component—the fundamental
frequency and the harmonic amplitudes—are estimated using
Griffin’s algorithm [28]. The fundamental frequency estimation
from noisy speech is assumed to be robust [27] for the SNR
above 0 dB. Thus, for noisy speech of the SNR greater than 0
dB, the enhancement of the deterministic component entails
only the modification of the harmonic amplitudes as follows:

if
otherwise

(26)

where is an over-subtraction factor. Very large will lead to
severe distortion in , and very small will lead to residual
noise in . The estimate of the deterministic component is
given by

(27)
and the phase of the deterministic component is estimated as
the phase of noisy speech. As in many enhancement algorithms
proposed in the past, the human ear is assumed insensitive to
phase distortion [1], [6], [7].

The stochastic component is modeled as an output of an AR
process of order . This is expressed mathematically as

(28)

where and represent the gain and white Gaussian noise
with zero mean and unit variance, respectively. Then,
is represented by and as follows:

(29)

After estimating , is obtained by

(30)

Since the energy of the stochastic component is generally much
lower than that of the deterministic component, it is difficult to
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Fig. 4. Block diagram for the considered algorithm. � ��� �� is estimated by
a fast noise tracing estimator [36]. � ��� �� and � ��� �� are estimated after en-
hancing the DS components from noisy speech. ����� �� is estimated by (20).

estimate the stochastic component from noisy speech, and there-
fore, a modified Wiener filter is used to estimate the stochastic
component. The modified Wiener filter is given by

(31)

where is the over-subtraction factor of stochastic compo-
nent.

Finally, the power spectral density of speech is given by

(32)

where and are obtained from which is the inverse STFT
of , and the masking threshold is estimated using

(33)

The scheme of the algorithm is shown in Fig. 4. First, the
STFT of noisy speech is obtained. Second, noise estimation
is performed using noise power spectral density estimation
method. In this paper, a fast noise tracking estimator described
in [36] is employed. Third, the power spectral density and the
masking threshold of speech are estimated after enhancing
the deterministic and stochastic (DS) components from noisy
speech by exploiting each component’s characteristics. Fourth,
the estimator which is derived by constraining the sum of
speech distortion and residual noise to be inaudible is used. Fi-
nally, the estimated speech in time domain is obtained through
the inverse STFT.

IV. EXPERIMENTAL RESULTS

The considered algorithm was evaluated and compared to
other speech enhancement algorithms using sentences selected
from the TIMIT database. Five kinds of background noises in
the NOISEX-92 database were used in the experiments: white
Gaussian, F16 cockpit, car, babble, and helicopter noises. Both

speech and noise were sampled at 16 kHz. Noise was added to
clean speech at various levels. The Hanning window was used
with frame size 512 samples (32 ms) with 50% overlap. The
performance of the considered algorithm was evaluated in terms
of segmental signal-to-noise ratio (SegSNR), spectral distance
(SD), modified bark spectral distortion (MBSD), mean opinion
score (MOS), and spectrogram.

The considered algorithm (PA) was compared to the spec-
tral subtraction (SS) proposed by Boll [4], the Wiener filtering
(WF), the minimum mean-square error short-time spectral am-
plitude (MMSE-STSA) estimator (M-S) proposed by Ephraim
[7], and the speech enhancement algorithm constraining only
the residual noise below the masking threshold (HU) proposed
by Hu et al. [23]. The HU_DS and PA_DS represent the HU
and PA incorporating the coexisting deterministic and stochastic
(DS) speech model to calculate accurately the power spectral
density and the masking threshold of speech. For the WF and
M-S, the a priori SNR was estimated based on the decision
directed method with weighting factor equal to 0.98 as pro-
posed in [7]. For the HU and PA, the power spectral density and
the masking threshold were estimated after Wiener filtering the
noisy speech. For the HU_DS and PA_DS, in (26), and

for voiced frame and for unvoiced frame
in (31), respectively. The AR order for the stochastic compo-
nent is given by

(34)
where denotes the smallest integer not less than the argument
and is a mean value of the a priori SNR in frame. For the
PA and PA_DS, in (18).

In this paper, a fast noise tracking estimator is employed [36]
to estimate . For the estimation of , a spectral
gain function is used, and the gain function is obtained by an
iterative data-driven training method [38]. For data-driven gain
optimization, speech samples in the TIMIT-TRAIN database
contaminated with various levels of stationary white Gaussian
noise of known SNR was used.

A. Segmental SNR Improvement

The amount of noise reduction is generally measured by
SegSNR, which is defined as

where and are the original clean and the estimated
speech samples, respectively. The length of speech segment
was 128 samples (8 ms). The upper and lower bound of the
frame SNR were set to 35 dB and 10 dB, respectively. All the
SegSNR results were averaged over 20 different speech signals.

Fig. 5(a)–(e) shows the average SegSNR improvement for all
algorithms considered under white Gaussian, F16 cockpit, car,
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Fig. 5. SegSNR improvement of the considered algorithm and other algorithms
in (a) white Gaussian noise, (b) F16 cockpit noise, (c) babble noise, (d) car noise,
and (e) helicopter noise. SS: Spectral Subtraction, WF: Wiener filtering, M-S:
MMSE-STSA estimator, HU: [23] without the DS speech model, HU_DS: [23]
with the DS speech model, PA: the considered algorithm without the DS speech
model, PA_DS: the considered algorithm with the DS speech model.

babble, and helicopter noises at various noise levels. The con-
sidered algorithm (PA_DS) outperformed all other algorithms
in terms of SegSNR. The performance of PA was also better
than the other algorithms except the car noise case. Based on the
SegSNR measure, results consistently indicate that processing
by enhancing deterministic and stochastic components sepa-
rately to estimate the power spectral density and the masking
threshold of speech (PA_DS and HU_DS) provides better result
over the algorithms that does not (PA and HU).

B. Spectral Distance

The SD measures the dissimilarity between the spectrum of
frames of clean speech and enhanced speech. It is given by

SD

where and are the magnitude spectra of the
clean and the enhanced speech signals of the th signal segment,
respectively. The length of speech segment was 256 samples
(16 ms). All SD results were averaged over 20 different speech
signals. Large value of SD implies bad performance.

Fig. 6(a)–(e) shows the average SD improvement for all
algorithms considered under white Gaussian, F16 cockpit, car,
babble, and helicopter noises at various noise levels. The con-

Fig. 6. SD of the considered algorithm and other algorithms in (a) white
Gaussian noise, (b) F16 cockpit noise, (c) babble noise, (d) car noise, and
(e) helicopter noise. SS: Spectral Subtraction, WF: Wiener filtering, M-S:
MMSE-STSA estimator, HU: [23] without the DS speech model, HU_DS:
[23] with the DS speech model, PA: the considered algorithm without the DS
speech model, PA_DS: the considered algorithm with the DS speech model.

sidered algorithm (P_DS) outperformed all other algorithms in
terms of SD. The PA also outperformed other algorithms except
for the F16 cockpit noise and helicopter noise cases. Based on
the SD measure, results consistently indicate that algorithms
that enhance deterministic and stochastic components sepa-
rately to estimate the power spectral density and the masking
threshold of speech (PA_DS and HU_DS) perform better than
algorithms that do not (PA and HU).

C. Modified Bark Spectral Distortion

The MBSD measure [39] is an improved version of the Bark
Spectral Distortion (BSD) which is based on the assumption
that speech quality is directly related to speech loudness, and
estimates the overall distortion by using the average Euclidean
distance between loudness vectors of the original and of the en-
hanced speech. The MBSD was found to be highly correlated
with speech subjective quality [39]. All MBSD results were av-
eraged over 20 different speech signals. Smaller value of MBSD
implies better performance.

Fig. 7(a)–(e) show the average MBSD improvement for all
algorithms considered under white Gaussian, F16 cockpit, car,
babble, and helicopter noises at various noise levels. The con-
sidered algorithm (PA_DS) outperformed all other algorithms
in terms of MBSD, and the PA also outperformed the other al-
gorithms in all noise cases. Based on the MBSD measure, re-
sults consistently indicate that algorithms that enhance deter-
ministic and stochastic components separately to estimate the
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Fig. 7. MBSD of the considered algorithm and other algorithms in (a) white
Gaussian noise, (b) F16 cockpit noise, (c) babble noise, (d) car noise, and (e)
helicopter noise. SS: Spectral Subtraction, WF: Wiener filtering, M-S: MMSE-
STSA estimator, HU: [23] without the DS speech model, HU_DS: [23] with the
DS speech model, PA: the considered algorithm without the DS speech model,
PA_DS: the considered algorithm with the DS speech model.

power spectral density and the masking threshold of speech
(PA_DS and HU_DS) perform better than algorithms that do
not (PA and HU).

D. Mean Opinion Score

The MOS, which is the most commonly used subjective
quality measure, was used to evaluate and compare various
algorithms. The MOS is expressed as a single number in the
range 1 to 5, where 1 is lowest perceived quality, and 5 is the
highest perceived quality measurement. Ten listeners partic-
ipated in this test. All MOS results were averaged over ten
different speech signals.

The MOS results are presented in Table II. The PA_DS
outperformed all other compared algorithms in all noise cases.
Comments of the participated listeners were as follows: the
SS led to a lot of tonal artifacts, the WF led to muffled speech
sound, and the M-S led to an echo-like sound. Listeners also
commented that enhanced speech with the PA_DS and the
HU_DS were closer to the original speech than that with SS,
WF, and M-S. There were additional comments stating that
there was more residual noise in enhanced speech processed by
the HU_DS than that by the PA_DS.

E. Spectrogram

Spectrograms of clean, noisy, and enhanced speech by all al-
gorithms considered are shown in Fig. 8 for helicopter noise
at SNR dB. A Hanning window of 512 samples with

TABLE II
MOS RESULTS. SS: SPECTRAL SUBTRACTION, WF: WIENER FILTERING, M-S:

MMSE-STSA ESTIMATOR, HU_DS: [23] WITH THE DS SPEECH MODEL,
PA_DS: THE CONSIDERED ALGORITHM WITH THE DS SPEECH MODEL

an overlap of 475 samples was used in all spectrograms. Com-
pare to the considered algorithm, the spectral subtraction and the
MMSE-STSA estimator resulted in more visible residual noise
with slightly more distortion to speech. The Wiener filtering led
to more noticeable speech distortion than the considered algo-
rithm. The algorithm proposed in [23] is expected to introduce
smaller speech distortion than the considered algorithm; how-
ever, this is difficult to verify from the spectrogram. However,
the algorithm proposed in [23] introduces more visible residual
noise than the considered algorithm.

V. CONCLUSION

This paper considers a psychoacoustically constrained and
distortion minimized speech enhancement algorithm. There
should be a delicate balance between speech distortion and
noise reduction. A constrained optimization problem is set to
reduce noise such that speech distortion is minimized while the
sum of speech distortion and residual noise is kept below the
masking threshold of the clean speech. Obtaining a solution
to the optimization problem may be infeasible under certain
conditions, and a slack variable is incorporated to handle the
infeasible cases. In this paper, to accurately estimate the power
spectral density and the masking threshold of speech, a speech
model that assumes coexisting deterministic and stochastic
components in speech is used. Experimental results show that
the considered algorithm outperforms some of the more popular
algorithms.

APPENDIX I
COMPARISON ON THE CONSTRAINED OPTIMIZATION PROBLEMS

In Section II, four psychoacoustically constrained optimiza-
tion problems are mentioned. Three problems except the con-
sidered constrained optimization problem (COP) are expressed
mathematically as follows:

1)

subject to (35)
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Fig. 8. Spectrograms of the considered algorithm and other algorithms in heli-
copter noise. (a) Clean speech, (b) noisy speech corrupted by 10-dB helicopter
noise, (c) spectral subtraction, (d) Wiener filtering, (e) the MMSE-STSA esti-
mator, (f) algorithm proposed in [23], and (g) the considered algorithm.

2)

subject to (36)

3)

subject to (37)

For notational simplicity, index and are omitted in the fol-
lowing equations. The solutions to the above problems are de-
rived as follows:

1) solution to (35)

(38)

2) solution to (36)

(39)

3) solution to (37)

(40)

where ,
and , respectively.

When and , Fig. 9(a) shows and as
a function of , and Fig. 9(b) shows and the sum of and

as a function of , respectively.
1) Discussion on (38)—solution to (35). When ,

is the solution. In Fig. 9(a), leads
to solution . This solution corresponds to zero
speech distortion and inaudible noise. When ,
is minimized when leading to solution given by
(38). In Fig. 9(a), and lead to
solutions and , respectively. However, when
[ in Fig. 9(a)], the solution [ in Fig. 9(a)] leads
to inaudible residual noise, audible speech distortion, and
poor subjective quality.

2) Discussion on (39)—solution to (36). When ,
is the solution. In Fig. 9(a),

leads to solution . This solution leads to zero
residual noise, inaudible speech distortion, but poor objec-
tive speech quality. When , is minimized when

leading to solution given by (39). In Fig. 9(a),
and lead to solutions

and , respectively. However, when [ in
Fig. 9(a)], the solution [ in Fig. 9(a)] leads to inaudible
speech distortion, audible residual noise, and poor subjec-
tive quality.

3) Discussion on (40)—solution to (37). When ,
is the solution. In Fig. 9(b), leads

to solution . This solution corresponds to zero
residual noise, inaudible speech distortion, but poor objec-
tive speech quality. When ,

is minimized when leading to solution
given by (40). In Fig. 9(b),

leads to solution . Although the sum of speech
distortion and residual noise is inaudible, speech distortion
observed in this case is greater than that observed using the
solution of the COP. Thus, the objective speech quality
of enhanced speech by (40) is expected to be worse than
that of the enhanced speech obtained by the COP. When

[ in Fig. 9(b)], there is no
satisfying the constraint as in case of the COP.

Finding the delicate balance between speech distortion and
noise reduction implies maximizing noise reduction while min-
imizing speech distortion to improve both objective and subjec-
tive quality. However, the solutions to the aforementioned three
problems do not find this balance.
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Fig. 9. When� � ���� and� � �, (a) shows� and� as a function of�,
and (b) shows � and �� �� � as a function of �, respectively. Solution to
(35) and (36) are related to (a), and solution to (37) is related to (b), respectively.

APPENDIX II
OBTAINING SOLUTION TO THE MCOP USING

LAGRANGIAN MULTIPLIERS

It is difficult to obtain solution to the MCOP using the method
of Lagrangian multipliers since the KKT condition cannot be
satisfied. As suggested by [32], the Lagrange dual function of
the MCOP is given as follows:

(41)

where
.

Substituting (3) into (41)

(42)

For notational simplicity, index and are omitted in the fol-
lowing equations. The KKT conditions are given as follows:

(43a)

(43b)

(43c)

(43d)

(43e)

(43f)

(43g)

(43h)

If there exist , , , and satisfied above KKT conditions,
then the solution to the MCOP can be obtained by using the
method of Lagrangian multipliers.

First, consider the KKT conditions when
(the COP is feasible). We assume that ,

then by (43b), and thus, by (43h). does not

exist since we assume . That is to say, there
are not and satisfied the KKT conditions. Thus, when

, the MCOP cannot be solved by using
the method of Lagrangian multipliers.

Second, consider the KKT conditions when
(the COP is infeasible).

1) by (43c);
2) by (43h);
3) by (43b);
4) by (43g);
5)

by substi-
tuting (43a) and 3) into 4).

There always exists only one which satisfies and
equation 5), and thus, and can be obtained by solving (43a)
and (43b) as follows:

(44)

(45)

Also, . For large, is a large
value, and this leads to and

, respectively, and for small, is a small value, and
this leads to and ,
respectively.
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