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Abstract—In this work, the speech signal recorded from the
desired speaker close to microphone in natural environment
is regarded as foreground speechand rest of the interfering
sources asbackground noise. The proposed work exploits speech
production features like Glottal Closure Instants (GCIs) in
time domain and vocal tract information in spectral domain to
segment the desired speaker’s speech and to further enhance
it. The foreground speech is perceptually enhanced using the
auditory perception feature in mel frequency domain using mel
cepstral coefficients (MCC) and its inversion using mel log
spectrum approximation (MLSA) filter. The focus is on enhancing
the production and perceptual features of foreground speech
rather than relying on modeling the interfering sources. The
speech data is collected in different natural environments from
different speakers in order to evaluate the proposed method. The
enhanced speech signals derived at three different stages of the
proposed method are evaluated with state-of-the-art methods in
terms of subjective and objective measures. The proposed method
provides improved performance compared to the considered
state-of-the-art methods. In terms of the proposed objective
measureForeground to Background Ratio (FBR), the enhancement
approach presented in this work gives an average improvement of
12 dB as opposed to existing spectral subtraction based method
which provides 3 dB. Moreover, subjective evaluation using 24
different subjects corroborates the objective test results.

Index Terms—Foreground segmentation, zero band filter
(ZBF), glottal closure instants (GCI), formant peaks, MCC,
MLSA, speech enhancement.

I. I NTRODUCTION

I N most of the cases, the speech signal recorded in natu-
ral environment is degraded by other interfering acoustic

sources. The natural environment typically refers to an of-
fice or laboratory environment with relatively high acoustic
background noise like call centers. The degradation can be of
different levels and consists of one or more interfering sources.
Speech enhancement is still a challenging task when signal is
recorded using a single sensor in natural environment [1]. The
task is complicated if the interfering sources are from other
background speakers. The perceptual quality improvement in
terms of intelligibility and reduction in the background noise
to enable comfortable speech communication is of paramount
importance [2]. In such cases, it is of interest to segment
the desired speaker’s speech from rest of the interfering
background noise first and then enhance the desired speaker’s
speech.
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The general approach of most methods is to model the
additive noise only components from noisy speech signal
and suppress them to obtain the enhanced speech [3], [4].
The noise modeling depends on efficient segmentation of
additive background noise from rest of the speech regions.
The suppression of noise usually takes place in spectral do-
main through subtraction. However, such spectral subtraction
methods introduce distortions in enhanced speech because of
overestimating the noise spectrum in the form of undesired
musical tones. Many methods were proposed in order to
overcome this problem [5], [6]. The human auditory perceptual
cues were considered to improvise the spectral subtraction
methods [7], [8]. The objective is not to completely suppress
the additive noise. Rather, the purpose is to utilize the masking
properties of human auditory system and live with certain
amount of residual noise that are below the masking threshold.
The advantage of such algorithms over conventional methods
is that, they do not introduce spectral distortions in the form
of audible musical noise due to over subtraction. However,
utilizing complex auditory phenomena like psychoacoustic
models for the sake of speech enhancement can make such
methods to be more complex.

There is some evidence that humans perceive speech by
capturing the features from high signal to noise ratio (SNR)
regions and extrapolate those features to low SNR regions,
both in temporal and spectral domains [9]. The idea is to
enhance the high SNR regions further relative to low SNR
regions for enhancing the noisy speech signal. This is equiv-
alent to the phenomenon of Lombard effect, where, speaker
emphasizes the production apparatus to increase SNR of the
produced speech when background noise in feedback path
increases [10]. There are some methods proposed in literature
that basically utilize the high SNR regions like instants of
significant excitation of speech signal in the temporal domain
to enhance speech [11]. The idea is to emphasize instants
of significant excitation which are predominantly glottal clo-
sure instants (GCIs) relative to other regions of LP residual
signal. The GCIs are located using Hilbert envelope of LP
residual (HELP), using which, a temporal weighting function
is derived so to enhance GCI positions relative to other
regions. The synthesized speech signal from such temporal
enhancement may not completely eliminate the background
noise, nevertheless, the distortion caused by such enhancement
methods are minimal. The recently proposed method in [12]
utilizes temporal enhancement as the preliminary stage of
enhancement and subsequently uses spectral enhancement to
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eliminate the remaining residual noise. The advantage of this
method is that it causes lesser spectral distortion.

There is evidence that when speech signal is recorded in
natural environment, the speech production characteristics tend
to vary depending on the levels of interfering sources [13].
Therefore, speech enhancement techniques may have to focus
on exploiting such unique characteristics of speech signal. The
present work focuses on practical scenario when the speech
signal is recorded in different natural environments. In a typ-
ical recording scenario (head mounted microphone or mobile
phones held close to ears), the desired speaker is closer to
microphone relative to other interfering sources. In this work
it is assumed that the proximity of desired speaker is closest
to microphone compared to the distance between other sound
sources and the microphone. The speech signal so recorded
from desired speaker is termed asforeground speechand rest
of the interfering sources are termed asbackground noise.
Due to close proximity of speaker to microphone and also
the modified speech production characteristics due to acoustic
feedback, there are significant differences in the nature of sig-
nal for foreground speech and the background noise [14], [15].
The core idea being that not all foreground speech regions are
affected equally by interfering background noise. In particular,
the instants of significant excitation in temporal domain and
formant locations in the spectral domain remain robust to
background noise. Hence, such regions form high SNR regions
of speech signal that can be utilized for speech enhancement.
Furthermore, the proposed method utilizes the subtle aspects
of human auditory feature to enhance the foreground speech.
The merits of proposed method lies in exploiting the speech
production features such as excitation source and vocal tract
information along with auditory perception feature and study
the benefits of each in terms of speech enhancement.

The rest of the paper is organized as follows: Section II
illustrates the overall block diagram of the proposed method
and explains foreground segmentation in detail. The Sections
II-A and II-B describe excitation source based features and
vocal tract articulatory feature, while, Section II-C explains
the combination of features for foreground speech segmenta-
tion. Section III-A describes the details of excitation source
based enhancement, while, Section III-B explains the details
of formant based enhancement using a block diagram. The
Section III-C explains the details of analysis and synthesis
sub modules using mel cepstral coefficients (MCC) and mel
log spectral approximation (MLSA) filter, respectively. Section
IV describes the details of the evaluation procedure and results
obtained in terms of subjective and objective evaluation scores.
The summary and conclusions of the present work, and the
scope for future work are mentioned in Section V.

II. FOREGROUNDSPEECHSEGMENTATION

The proposed work mainly consists of foreground speech
segmentation and multistage foreground speech enhancement
modules. Ifs(n) is the speech signal recorded in foreground
scenario from a natural environment, then there can be other
interfering sources along with foreground speech signal. The
objective of the current work is to first temporally segment
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Fig. 1: The overall block diagram of the proposed foreground speech segmentation
and enhancement method, where,s(n) is the input speech signal recorded in foreground
scenario,wg(n) is the gross weight function that mainly segments the foreground speech
regions from rest of the background noise,w(n) is the final temporal weight function,
l(n) is the LP residual signal,rw(n) is the temporally weighted LP residual signal,
st(n) is excitation based enhanced output,sf (n) is formant based enhanced output
andsp(n) is perceptually enhanced output.

foreground speech regions from rest of the background noise
and then enhance foreground speech regions. The overall block
diagram of the proposed work is shown in Fig. 1. The details
of foreground speech segmentation module is explained in
this Section. The acoustic background noise picked up by
the recording microphone can be speech like. It is therefore
difficult to distinguish the desired foreground speech from
rest of the background noise. However, it is important to
temporally segment foreground speech regions from rest of
the background noise for subsequent processing to enhance
foreground regions.

A. Excitation Source based Features

Due to the close proximity of foreground speaker to micro-
phone relative to other acoustic sources there are significant
differences in the signal characteristics of foreground speech
and background noise [15]. Most of the voice activity detection
methods developed either in temporal or spectral domains
have to deal with all frequency components of speech signal.
Alternatively, a method is developed in [15] that analyses
foreground speech and background noise at zero frequency
using zero frequency filter (ZFF) [16]. The ZFF allows signal
components around zero frequency and significantly attenuates
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rest of the frequency components. The output of ZFF is called
as zero frequency filtered signal (ZFFS) using which two
temporal domain featuresviz., normalized first order auto-
correlation coefficient (NACC) and ZFFS energy are derived
to segment foreground speech from rest of the background
content. However, ZFF is a marginally stable filter and the
output of filter grows or decays exponentially and such a filter
requires remove trend procedure to obtain ZFFS. The trend is
removed by subtracting the average over 1 to 2 pitch period
from each sample of ZFF output. In a method proposed [17]
recently, the stable realization of resonator filter called zero
band filter (ZBF) is used to obtain zero band filtered signal
(ZBFS), similar to ZFFS. The advantage of using ZBF is that,
the output of the filter is converging type and does not require
F0 estimation.

Let s(n) be the foreground speech signal recorded in natural
environment that can have other interfering sources. The first
order difference of this signal is given by

d(n) = s(n)− s(n− 1) (1)

The difference signald(n) is to deemphasize low frequency
fluctuations and emphasize high frequency components present
in signal and is passed twice through the transfer functions as
given in [17]

H1(z) =
Y1(z)

D(z)
=

1

1− 2rz−1 + r2z−2
(2)

H2(z) =
Y2(z)

Y1(z)
=

1

1− 2rz−1 + r2z−2
(3)

where,r represents the value of radius on unit circle in z-
plane at which the poles are placed, andr value should satisfy
0 < r < 1 for stability and its value is taken as0.99 in ZBF.
In time domain, the filter outputs can be represented in the
form of summation series given by

y1(n) =

∞
∑

k=0

(k + 1)rkd(n− k) (4)

y2(n) =
∞
∑

k=0

(k + 1)rky1(n− k) (5)

The outputy2(n) is filtered using a Butterworth4th order
high pass filter having a cutoff frequency 80 Hz in order
to attenuate low frequency fluctuations. The nature of the
resulting ZBFS is different for background acoustic sources
compared to foreground speech. It can be noted from [15] that,
the nature of ZBFS is nearly periodic and has higher amplitude
levels for foreground speech, while, ZBFS appears to be
dispersed in case of background speech and other acoustic
sources. Also, the amplitude levels of ZBFS is significantly
low in background noise regions compared to foreground
speech regions. This can be attributed to the fact that, the
proximity of foreground source is closer to microphone than
other acoustic sources. This is illustrated in Fig. 2, where,
Figs. 2(a) and (b) show 50 ms segments of foreground
speech and background speech chosen from same recording,
respectively. The signal is recorded at 16 kHz sampling rate
using headphone microphone connected to laptop in a living

room. The speaker is closer to microphone while talking
and a television is playing speech at the background. Since,
the signal is recorded in natural environment using single
microphone sensor there is no reference clean speech signal
available to measurea priori signal to noise ratio (SNR).
Hence, a similar measurement can be made using foreground
to background ratio (FBR) that essentially computes the ratio
of normalized foreground speech to background power and it is
expressed in decibels (dB). The detailed description of FBR is
given in Section IV-B3. The segments shown in Figs. 2(a) and
(b) are taken from signal having FBR 6.27 dB. The Figs. 2(e)
and (f) illustrate the corresponding ZBFS, while, Figs. 2(i) and
(j) show normalized autocorrelation sequence computed from
ZBFS, respectively. The slope value measured at positive zero
crossings of ZBFS indicates the strength of excitation (SoE)
[18]. The Figs. 2(m) and (n) show SoE computed from ZBFS
segments shown in Figs. 2(e) and (f), respectively. The Figs.
2(q) and (r) illustrate ZBFS normalized energy computed using
the segments shown in Figs. 2(e) and (f), respectively. The
ZBFS normalized energy is computed using a frame size of 5
ms with one sample shift. However, for illustration purpose the
ZBFS energy is sampled at glottal closure instants to compare
them with SoE. It can be noticed that, the signal contours of
SoE and ZBFS energy follows similar trend and hence offers
the same discriminative abilities to distinguish foreground and
background speech regions. The similar trend of these two
signals can be attributed to the fact that ZBFS energy depends
on SoE and hence they are related. The Fig. 2(c) shows 50 ms
segment of background music with vocals chosen from signal
having FBR 5.21 dB. The signal is recorded from a foreground
speaker when television is playing background music with
vocals at the background. The corresponding ZBFS, nor-
malized autocorrelation sequence computed from ZBFS, SoE
derived using ZBFS and ZBFS normalized energy plots are
shown in Figs. 2(g), (k), (o) and (s), respectively. Further, Fig.
2(d) shows 50 ms segment of background noise chosen from
another recording. The speech signal is recorded in foreground
scenario from a speaker in office environment when mosaic
polishing machine is operating at the background. The segment
is chosen from signal having FBR 7.38 dB. The corresponding
ZBFS, normalized autocorrelation sequence computed from
ZBFS, SoE derived using ZBFS and ZBFS normalized energy
plots are shown in Figs. 2(h), (l), (p) and (t), respectively.

It can be observed that, the ZBFS derived from foreground
speech region appears to be nearly periodic, while, it appears
distorted for background speech, music, and noise regions.
This fact is further illustrated using normalized autocorrelation
sequence plots. It can be noticed that the value of first largest
peak (excluding center) normalized with respect to the center
value in autocorrelation sequence defined as normalized auto-
correlation coefficient (NACC) is larger in case of foreground
speech regions compared to background regions. The reason
for such a change in ZBFS characteristics can be ascribed
to the fact that, foreground source is closer to microphone
sensor and hence the excitation source is least affected by
interfering sources. The amplitude level of ZBFS is directly
related to epoch strength of excitation source and hence energy
at foreground speech region is relatively larger compared
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Fig. 2: 50 milliseconds of (a) foreground speech, (b) background speech, (c)
background music with vocals, and (d) background noise. Respective, ZBFS ((e) -
(h)), normalized autocorrelation sequence using ZBFS ((i) - (l)), strength of excitation
computed using ZBFS ((m) - (p)), and ZBFS energy sampled at glottal closure instants
((q) - (t)).

to background regions. Hence, such discriminative features
derived from ZBFS can be used to segment foreground speech
from rest of the background noise that may include speech like
sources. This is further illustrated by choosing a full sentence
spoken by foreground speaker in Fig. 3. The Fig. 3(a) shows
speech signal recorded from a male speaker in office, while,
mosaic polishing machine is operating in background, the FBR
value is 7.38 dB. The signal is recorded using a headphone
microphone connected to a laptop for recording. It can be
observed that there is significant amount of noise present in
background. The NACC and ZBFS energy computed from
signal is shown in Figs. 3(b) and (c), respectively. The two
features derived from ZBFS offers discriminative information
between foreground and background regions. The NACC and
ZBFS energy are relatively higher in case of foreground speech
regions relative to background noise regions. Hence, theses
two features can be used to segment foreground speech from
recorded signal.

B. Vocal Tract Articulatory Feature

The features discussed so far are derived using excitation
source information and does not make use of vocal tract
articulatory gestures that are unique to foreground speech. One
way of capturing vocal tract information is by measuring the
spectral envelope. However, it is suggested that, the temporal
dynamics of spectral envelopes as more reliable means for
carrying the linguistic context of speech message and can
be obtained through modulation spectrum energy of speech
signal. The temporal envelope of speech is dominated by
low frequency components that are in similar range to the
dynamics of speech production, in which, the articulators
move at such slow rate [19]. It is studied that, the linguistic
information of speech signal lies in the range of 2 to 16
Hz and centered at 4 Hz. Subsequently, filtering slow and
fast varying trajectories of spectral envelopes can be useful
in alleviating the effects of interfering background sources.
Hence, modulation spectrum energy can be used as a feature to
segment foreground speech from rest of the background noise.
In this work, the modulation spectrum energy is extracted
from signal as given in [20]. However, the signal is divided

into 18 subbands using compressive gammachirp auditory
filter (cGC) [21], [22]. The auditory filter designed is level
dependent and nonlinear, this emulates psychophysical data
on masking and two tone suppression. The cGC consists
of two filters viz., a passive gammachirp filter (pGC) and
a dynamic filter which is asymmetric function that shifts in
frequency with stimulus level. The cGC filter is realized using
the following relationship

gc(t) = atn1−1exp(−2πb1ERBN(fr1)t)

× exp(j2πfr1t+ jc1 ln t+ jφ1)
(6)

where, a is amplitude;n1 and b1 are parameters defining
the envelope of gamma distribution;c1 is chirp factor;fr1
is frequency referred to as asymptotic frequency, since the
instantaneous frequency of carrier converses to it whent is
infinity; ERBN(fr1) is equivalent rectangular bandwidth of
average normal hearing subjects;φ1 is initial phase; andln t
is natural logarithm of time. The Fourier magnitude spectrum
of cGC is given by

|Gc(f)| = aΓ. |GT (f)| . exp(c1θ1(f)) (7)

|θ1(f)| = arctan

(

f − fr1
b1ERBNfr1

)

(8)

where,|GT (f)| is the Fourier magnitude spectrum of gamma-
tone filter; exp(c1θ1(f)) is an asymmetric function because
θ1 is an antisymmetric function centered at asymptotic fre-
quencyfr1 andaΓ is constant. Further the asymmetric func-
tion exp(c1θ1(f)) is decomposed into lowpass and highpass
asymmetric filter functions to represent passive and dynamic
components separately. The resulting compressive cGC filter
|Gcc(f)| is

|Gcc(f)| = [aΓ. |GT (f)| . exp(c1θ1(f))]. exp(c2θ2(f)) (9)

|Gcc(f)| = |Gcp(f)| . exp(c2θ2(f)) (10)

The compressive gammachirp is composed of a level in-
dependent passive gammachirp filter (pGC)Gcp(f) which
represents passive basilar membrane and a level dependent
highpass asymmetric function which simulates active compo-
nent in the cochlea. The Amplitude envelope is computed from
each individual subband outputs obtained from filter bank.
Each of the filter’s output is first halfwave rectified and then
subjected through a lowpass filter having a cutoff frequency
28 Hz. The amplitude envelope obtained is downsampled by
a factor of 100 and normalized by average value obtained
from the respective filter bank output. The modulations of
the normalized envelope signals obtained are further analyzed
using Discrete Fourier Transform (DFT). The DFT is com-
puted using 250 ms Hamming window with shift of 12.5
ms, this essentially captures dynamic properties of the signal.
However, 2-16 Hz components from each such channel are
summed together to obtain the modulation spectrum energy.
The modulation spectrum energy can be computed using the
following relationship
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Fig. 3:The figure illustrates the foreground segmentation using the combined evidence
from different features (a) speech signal recorded in foreground scenario, (b) normalized
first order autocorrelation coefficients derived from ZBFS, (c) short term energy derived
from ZBFS, (d) modulation spectrum energy derived from speech signal, (e) combined
evidence, and (f) combined evidence passed through sigmoidal function to segment the
foreground speech regions from rest of the background noise.

m(i) =

18
∑

p=1

k=k2
∑

k=k1

| Ŝp(k, i) |
2 (11)

where,i is frame index,p represents critical band filter andk1,
k2 represents frequency index of 4 Hz and 16 Hz, respectively.
Ŝp(k, i) is obtained using the following relationship

Ŝp(k, i) =

N−1
∑

n=0

ŝp(n+ i× F )w(n)e−j2πnk/N (12)

where, ŝp(n) represents normalized envelope ofpth filter
output,F is frame shift,w(n) is Hamming window, andN
is number of points used for computing DFT. The modulation
spectrum energy computed for each frame are upsampled to
16000 samples/s. The modulation spectrum energy computed
from the signal shown in Fig. 3(a) is illustrated in Fig. 3(d).
It can be noticed that, the modulation spectrum energy values
are significantly higher in foreground speech regions compared
to background noise regions. This can be attributed to the
fact that vocal tract articulatory gestural movements operate
in an exclusive frequency range of 2-16 Hz compared to other
acoustic sources. Hence, the modulation spectrum energy can
be used to distinguish foreground speech regions from rest of
the background content.

C. Combined Evidence

The excitation source based features such as NACC and
ZBFS energy are combined with vocal tract based modulation
spectrum energy in order to identify the foreground speech
regions. In order to illustrate the concepts of NACC, ZBFS en-
ergy, and modulation spectrum energy, features are computed
with 1 sample shift and each such signal is amplitude normal-
ized. Let us denote such normalized sequence of NACC, ZBFS
energy, and modulation spectrum energy asNc(n), ZE(n),
andME(n), respectively, where,n represents the number of
samples in a given signal. The features are temporally added
and normalized with respect to maximum value of the added
sequence to obtain the combined evidence given byE(n) =

(Nc(n)+ZE(n)+ME(n))/max(Nc(n)+ZE(n)+ME(n)).
The combined evidence of all three features is shown in
Fig. 3(e). However, it is difficult to set the threshold directly
on such signal for foreground segmentation. Alternatively,
the gross level feature is obtained by passingE(n) through
sigmoidal function given by

wg(n) = (1− wgm)
1

1 + exp (−λ(E(n) − Th))
+ wgm (13)

where, wg(n) is sigmoidal function ofE(n), λ is slope
parameter set to 20,Th is threshold derived from mean
value of the signalE(n) and wgm is minimum value of
sigmoidal function which is set to 0 in this case. Thewg(n)
function forms gross level feature that mainly helps to segment
foreground speech in the presence of background noise. This
is illustrated using Fig. 3(f), where, the foreground regions
are further enhanced relative to other background regions. The
weight functionwg(n) derived from three features can be used
as gross level feature to temporally enhance the foreground
speech.

III. F OREGROUNDSPEECHENHANCEMENT

The foreground speech enhancement is carried using mul-
tiple stages. The proposed enhancement scheme is explained
using the block diagram shown in Fig. 1, classified into four
major modulesviz., foreground speech segmentation, excita-
tion source based enhancement, formant based enhancement
and perceptual based enhancement. The foreground speech
segmentation is discussed in Section II. The enhanced speech
signal obtained from different modules are named as excitation
source based enhancement (st(n)), formant based enhance-
ment (sf(n)), and perceptual based enhancement (sp(n)).
It can be observed that all three modules are connected
sequentially.

A. Excitation Source based Foreground Speech Enhancement

The excitation source information, especially instants of
significant excitation are high SNR regions which can be
used as anchor points to enhance the foreground speech
regions. A robust method is required to locate instants of
significant excitation even when speech signal is recorded in
noisy environments. It is shown in [17] that, ZBF is robust in
identifying the locations of GCIs in foreground scenarios and
there is no requirement for estimation ofF0. The positive zero
crossings of ZBFS derived from Eqn. (5) precisely match with
the locations of GCIs. In order to modify excitation source
signal using GCI locations, it is beneficial to resolve speech
signal in terms of source and filter components.

In linear prediction (LP) analysis, the vocal tract system
can be modeled as a time varying all pole filter using frame
based analysis. The LP analysis works on the principle that, the
current speech sample can be predicted from pastp samples,
where, p is called linear prediction order and is chosen as
Fs/1000+ 4 (Fs is sampling frequency). In order to compute
LP coefficients, the frame size is selected to be 20 ms with a
frame shift of 10 ms. Ifs(n) denotes speech signal recorded
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in foreground scenario, then the predicted sample at the time
instantn is given by

ŝ(n) = −

p
∑

k=1

aks(n− k) (14)

where,ak is the set of LP coefficients predicted. The residual
error is the difference between actual sample sequences(n)
and predicted sample sequenceŝ(n) and it is given by the
following relationship

l(n) = s(n)− ŝ(n) (15)

From Eqns. (14) and (15), the residual signall(n) can be
written in z-domain transfer function as

L(z) = S(z) +

p
∑

k=1

akS(z)z
−k (16)

i.e.,

A(z) =
L(z)

S(z)
= 1 +

p
∑

k=1

akz
−k (17)

where, the LP residual signal can be obtained by filtering
speech signalS(z) through the filterA(z), which is generally
called as inverse filtering. The prediction error is relatively
high at GCI locations compared to other regions of speech
signal. Hence, the amplitude level of LP residual signal is
higher at GCI locations compared to other regions of LP
residual signal. The LP residual signal is uncorrelated and
therefore any modification of such residual signal introduces
least distortion for later synthesis of speech signal. It is shown
in [11] that, the enhanced speech can be synthesized by
modifying LP residual signal without much audible distortion.
The LP residual signal is derived from noisy speech signal and
modified by retaining 2 ms regions around GCIs. The method
proposed in [12] uses similar approach by utilizing GCIs as
anchor points obtained from HELP. The identification rate
(IDR) and accuracy (IDA) of locating GCIs using HE of LP
residual is inferior in case of noisy speech signal compared to
recently proposed methods [23]. Alternatively, in the proposed
method, ZBF is used to locate GCIs directly from speech
signal recorded in natural environment.

This is illustrated in Fig. 4, where, Fig. 4(a) shows fore-
ground speech signal recorded when music is playing in the
background. It can be noticed that there is significant amount
of background music present along with foreground speech
signal. The foreground speech regions are shown in Fig. 4(a)
as dotted lines and the corresponding ZBFS can be obtained
by passing speech signal through Eqns. (2) and (3) as shown
in Fig. 4(b). The positive zero crossings of ZBFS corresponds
to GCI locations of speech signal. The region around GCI
locations can be used as anchor points to modify the LP
residual signal. The LP residual signal derived from speech
signal is shown in Fig. 4(e). In order to emphasize the regions
around GCI locations, a fine weight function is obtained
similar to [12]. The GCI location is convolved with Hamming
window functionhw(n) having a temporal duration of 3 ms
that closely corresponds to closed phase interval of a glottal
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Fig. 4: Illustration of excitation based enhancement. (a) speech signal recorded in
foreground scenario (dotted lines and arrows indicate the foreground region), (b) the
positive zero crossings of ZBFS indicate the epoch locations, (c) the foreground weight
function wg(n), (d) the temporal weight functionw(n) by combining the evidence
of epoch locations with foreground segmentation, (e) LP residual signal derived from
speech signal, (f) modified LP residual signalrw(n) (g) excitation based enhanced
speech signal synthesized.

cycle. If GCIs are considered as shifted train of impulses, then
the fine weight functionwf (n) is given by

wf (n) =

(

Nk
∑

k=1

δ(n− ik)

)

∗ hw(n) (18)

where,Nk is total number of GCIs located,ik is estimated
location of GCI. The minimum value ofwf (n) is set to
a threshold value ofT in order to keep the distortion low
because of overemphasizing GCI locations in LP residual and
the relationship is expressed as

wf (n) =

{

T, if wf (n) < T
wf (n), otherwise

(19)

where,T is set to 0.5 in this work. It can be noted that, tempo-
ral processing is not sensitive to a range ofT values [12]. The
final weight functionw(n) is obtained by multiplying gross
weight functionwg(n) as shown in Fig. 4(d) with fine weight
functionwf (n) and it is expressed as

w(n) = wg(n)× wf (n) (20)

The normalized final weight functionw(n) is multiplied to
residual signall(n) to obtain the weighted LP residual signal
(WLPR)rw(n) as shown in Fig. 4(f). The temporally enhanced
speech signalst(n) can be synthesized by the transfer function
given in z-domain as

St(z) =
Rw(z)

1 +
∑p

k=1 akz
−k

(21)

where,St(z) is temporally enhanced speech signal andRw(z)
is WLPR in z-domain, while,ak are the LP filter coefficients.
The temporally enhanced speech signal is shown in Fig.
4(g). Temporally there is overall reduction in the background
noise after temporal enhancement. This is further illustrated
using Fig. 5, where, Fig. 5(a) shows foreground speech signal
recorded while music is being played at the background and
Fig. 5(e) shows the corresponding narrowband spectrogram.
There is significant amount of background noise present
throughout the temporal duration of speech recording. The
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Fig. 5: Illustration of enhancement outputs obtained at different stages and their
narrowband spectrogram plots. (a) speech signal recorded in foreground scenario, (b)
excitation based enhanced output, (c) formant based enhanced output, (d) perceptual
based enhanced output, ((e) - (h)) are corresponding narrowband spectrograms.

narrowband spectrogram shown in Fig. 5(f) obtained from
temporally enhanced foreground speech signal and this illus-
trates that there is significant reduction of background noise.
Although, there is reduction of background noise in foreground
regions, still there is audible background noise present in the
foreground regions and it is evident from the spectrogram
plots. Hence, excitation source based enhancement alone may
not be sufficient to suppress background noise present in
foreground speech regions.

B. Formant based Foreground Speech Enhancement

The Sections II and III-A helped to temporally segment
foreground speech regions from rest of the background noise
and further enhance the foreground speech using excitation
source information. However, the foreground speech enhance-
ment st(n) using excitation source information is still left
with some residual background noise. Considering the fact
that, instants of significant excitation are high SNR regions
in temporal domain, similarly, the formant peak locations
are high SNR regions in spectral domain. The vocal tract
information is intact in most of the foreground recording
scenarios and hence such information can be exploited to
enhance foreground speech regions further. The formant peak
enhancement relative to spectral valleys have been exploited
in many methods for speech enhancement [24]. In proposed
method, the1st stage of excitation based enhanced output
st(n) is further subjected through formant based enhancement
(FBE). The formant enhancement is carried on LP spectrum
which helps to enhance formant locations relative to adjacent
valleys. The formant enhancement is shown in the form of
block diagram in Fig. 6.At(z) is the 1st order LP inverse
filter expressed as

At(z) = 1 + bz−1 (22)

andHvt(z) is LP filter predicted frompth order LP analysis,
where,p is chosen asFs/1000 + 4 [25]

Hvt(z) =
1

1 +
∑p

k=1 ckz
−k

(23)

In order to estimate spectral tilt fromst(n), a 1st order LP
analysis is carried using Eqn. (22) as shown in the block

Order

Filtering
Inverse

 LP Analysis

 LP Analysis
Order

LP Filter

1stst(n)

pth

Hvt(z)

sf(n)

At(z)

Fig. 6: The formant enhancement block diagram, where,st(n) is excitation based
enhanced foreground speech signal,At(z) is a1st order LP filter,Hvt(z) is thepth

order LP filter, andsf (n) is formant enhanced foreground speech signal.
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Fig. 7: Illustration of formant enhancement. (a) LP magnitude spectrum obtained from
a 20 ms voiced segment before formant enhancement, (b) LP magnitude spectrum of the
intermediate stageHvt(z), and (c) LP magnitude spectrum after formant enhancement.

diagram in Fig. 6. The residual signal obtained from1st order
LP analysis is the excitation based enhanced speech signal
st(n) minus the spectral tilt. Hence, the LP filter estimation
using Eqn. (23) would model the vocal tract information
without spectral tilt. Therefore, the foreground speech signal
st(n) passed through Eqn. (23) will further enhance the
formant peaks relative to adjacent valleys while maintaining
the spectral tilt. The output speech signalsf (n) is formant
enhanced foreground speech signal. The formant enhancement
is illustrated using LP magnitude spectrum plots obtained from
voiced frame before and after formant enhancement as shown
in Fig. 7. The Fig. 7(a) shows the LP magnitude spectrum of
coefficients derived from speech signalst(n). The Fig. 7(b)
shows LP magnitude spectrum derived fromHvt(z). It can
be noticed that, the LP magnitude spectrum is similar to Fig.
7(b) except that, the magnitude response is relatively flat. It
can be noticed that, the LP spectrum derived from speech
signalsf (n) as shown in Fig. 7(c) has sharper formant peaks
relative to Fig. 7(a). Also, the peak to adjacent valley ratio is
increased.

This is further illustrated using Figs. 5(c) and (g), which
shows the foreground speech signalsf (n) after formant en-
hancement and its corresponding narrow band spectrogram,
respectively. It can be noticed that there is reduction of
background noise and formant tracks are enhanced in the
foreground regions. The effect of passing foreground speech
signal st(n) through LP filter makes formant peaks much
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sharper than original signal by moving poles of the filter
closer to unit circle. Hence, Sections III-A and III-B uses the
production aspects to enhance foreground speech signal. The
enhancement of foreground speech signal is achieved without
exclusive modeling of noise and such enhancement does not
introduce unwanted musical noise to enhanced speech signal.
Since, the poles of all pole LP filter moves close to unit circle
in case of such formant enhancement, this makes speech sound
unnatural [26]. Consequently, further processing is necessary
to perceptually make speech more natural and enhance the
foreground speech of any left over residual noise.

C. Perceptual based Foreground Speech Enhancement

The formant enhanced foreground speech signal obtained
in Section III-B is further subjected to enhancement us-
ing cepstral analysis and synthesis on mel frequency scale.
However, the cepstral analysis involves deriving mel cepstral
coefficients (MCCs) using which, the enhanced speech sig-
nal is synthesized through mel log spectral approximation
(MLSA) filter [27]. The advantage of using MCCs is two
fold, where, the coefficients can be directly used in speech
and speaker recognition applications apart from foreground
enhancement. The MCCsCα(m) are the Fourier cosine coef-
ficients of spectral envelope derived from mel log spectrum.
The spectrum represented by MCCs closely resemble human
auditory spectral resolution having higher resolution at lower
frequencies and lower resolution at higher frequencies [28].
The MLSA filter is applied to get approximate vocal tract
response from MCCs using the adaptive algorithm. The true
spectrum of MLSA filter formth order MCCsc(m) is given
by

Hα(z) =
z−1 − α

1− αz−1
(24)

is an all-pass function, which represents the mel-warped
frequency characteristics andα is a coefficient corresponding
to the mel-scale (for exampleα = 0.35 for 10 kHz sampling
rate)

βα(Ω) = tan−1 1− α2sin(Ω)

(1 + α2)cos(Ω)− 2α
(25)

where, α depends on sampling frequency andβα(Ω) is
the phase of all-pass function, the smooth spectral envelope
Gα(Ω̃) of mel log spectrum is expressed as polynomial
function of orderM given by

Gα(Ω̃) =

M
∑

m=0

Cα(m)cos(mΩ̃) (26)

where,Ω̃ is mel frequency scale given byβα(Ω) andCα(m)
are the cepstral coefficients of orderM .

In order to compute 34 dimensional MCCs, a Hamming
windowed frame of size 20 ms with a frame shift of 10 ms
is considered. The smoothed spectral envelope is computed
from the MCCs using MLSA filter. The MLSA filter provides
the best mean square approximation of log spectrum enve-
lope on linear frequency scale and further used to directly
synthesize the best quality speech signal. The MLSA filter
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Fig. 8: Illustration of different outputs obtained from 20 ms voiced frame using
log magnitude spectrum of (a) original speech recording in foreground scenario, (b)
excitation based enhanced output, (c) formant based enhanced foreground speech, (d)
smoothed envelope obtained from MCCs using MLSA filter, and (e) perceptually
enhanced foreground speech signal using MLSA filter.

needs excitation signal along with MCCs in order to synthe-
size the speech signal. The excitation signal is synthesized
using F0 information along with voiced/unvoiced decision.
Alternatively, in the current work, WLPRrw(n) is used as
excitation signal along with MCCs to synthesize perceptually
enhanced foreground speech signalsp(n). This is illustrated
in Fig. 8, where, Fig. 8(a) shows log magnitude spectrum
of 20 ms voiced frame taken from the original recording.
The Fig. 8(b) shows log magnitude spectrum from excitation
based enhancement (EBE) method, while Fig. 8(c) illustrates
the log magnitude spectrum of FBE method. The Fig. 8(d)
shows smoothed log magnitude spectrum derived from MLSA
filter. It can be observed that, the smoothed log magnitude
spectrum forms the envelope of spectrum shown in Fig. 8(c).
Consequently, the log magnitude spectrum of speech signal is
synthesized through MLSA filter by using WLPR signalrw(n)
and MCCs and it is shown in Fig. 8(e). It can be noticed that,
the sharpness of formant peaks are relatively reduced. This
helps to get rid of unnaturalness that is introduced in Section
III-B due to formant enhancement. Also, the current block
further attenuates remaining background noise. The Figs. 5(d)
and (h) show perceptually enhanced speech signal and its
narrowband spectrogram, respectively. It can be observed, that
the sharpness of formant locations are reduced and further
there is attenuation of background noise.

IV. EXPERIMENTAL RESULTS AND DISCUSSIONS

The proposed scheme of foreground speech enhancement
is evaluated with some of the well known speech quality
measures along with 3 state-of-the-art methods considered.
In order to evaluate the proposed work both subjective and
objective measures are used. The mean opinion scores (MoS)
and preference test scores are used for subjective analysis
which are discussed in Sections IV-B1 and IV-B2, respectively.
The clean speech signal is seldom available while recording
in noisy environments. Therefore, two objective measuresviz.,
foreground to background ratio (FBR) similar toa posteriori
SNR and epoch to non-epochal ratio (ENR) measurements
are introduced in Sections IV-B3 and IV-B4, respectively. All
methods considered for evaluation are compared using FBR



2329-9290 (c) 2015 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/TASLP.2016.2549699, IEEE/ACM
Transactions on Audio, Speech, and Language Processing

FOREGROUND SPEECH SEGMENTATION AND ENHANCEMENT USING GLOTTAL CLOSURE INSTANTS AND MEL CEPSTRAL COEFFICIENTS 9

and ENR measurements. The data set consisting of natural
recordings in noisy environments are used to evaluate different
methods using MoS, preference test, FBR, and ENR mea-
sures. Subjective analysis of enhancement methods are time
consuming task and often it is difficult to get right subjects
for subjective evaluations. Therefore, perceptual evaluation of
speech quality (PESQ) is one of the important objective mea-
sures that closely resemble subjective analysis [29]. However,
PESQ measurement requires reference clean speech signal
for evaluations. Hence, TIMIT speech database is used to
benchmark the proposed work [30].

A. Performance Evaluation of Foreground Speech Segmenta-
tion

The foreground speech segmentation can be compared to
voice activity detection (VAD) as they have similar objective.
Hence, the performance is compared with considered two
state-of-the-art VADs. One of the VAD considered for per-
formance evaluation is the latest G.729 ITU-T VAD standard
developed for fixed telephony and multimedia communica-
tions [31]. The G.729 VAD uses multiple boundaries for
voice activity decision. More recently a variable frame rate
approach is proposed on the basis that, the speech signal
is not stationary in short period of fixed frame rate [32].
Therefore, a variable frame rate (VFR) approach is followed
based ona posterioriSNR weighted energy distance. In order
to compare the performance of all three different methods,
10 different TIMIT speech files consisting of 5 female and
5 male speakers are considered [30]. The speech files are
modified by appending 50 ms silence on either sides of speech
signal to closely simulate the natural recording scenario. Also,
it can be noted that the ground truth of VAD is manually
marked in TIMIT files and they form the reference boundaries
for evaluation. The noisy speech recordings are simulated
by additively combining clean speech signal with 4 differ-
ent types of noise at different levels. The 4 different types
of noise considered are mosaic machine noise, hostel mess
recording (babble noise), background music with vocals and
background speech. The background noise files are recorded
in 4 different natural environments as explained in Section II
using headphone microphone connected to laptop. However,
the background noise sources are far away from microphone.
In order to compare the performance of all three methods, the
following parameters are used

• Correct VAD decision (CD): Correct decisions made by
the VAD.

• Front End Clipping (FEC): Clipping introduced while
passing from noise to speech activity.

• Missed Speech Clipping (MSC): Clipping due to speech
misclassified as noise.

• Noise Detected as Speech (NDS): Noise interpreted as
speech within silence period.

• OVER: Noise interpreted as speech due to VAD flag
remaining active in passing from speech activity to noise.

All parameters are expressed in terms of percentage. The Fig.
9 illustrates the performance of three different methods in

the form of graph plots. The Figs. 9(a), (e), (i), (m) and
(q) show the performance of different methods in terms of
CD, FEC, MSC, NDS, and OVER for additive background
mosaic machine noise, respectively. It can be noted that, the
noise is added at 20, 15, 10, 5, 0, and -5 decibels. It is
observed that, the performance of foreground segmentation
and VFR VAD are equally robust for background machine
noise even at low SNR levels. However, the performance of
G.729 VAD degrades as the noise level increases. The reason
for degradation in case of G.729 is due to increase in FEC,
MSC and OVER. Similarly, Figs. 9(b), (f), (j), (n) and (r) show
the performance of three methods for additive background
noise recorded in a large hostel mess environment when it
is crowded (babble noise). It can be observed from the plots
that the performance of foreground segmentation and VFR
VAD remains robust upto additive noise level of 5 dB and
followed by degradation in performances. However, it can be
noticed that the performance of VFR VAD is better compared
to foreground segmentation and G.729 VAD at lower SNR
levels. The deterioration in the performance of foreground
segmentation is mainly due to the increased OVER rate at low
SNR levels, particularly at 0 and -5 dB levels. The Figs. 9(c),
(g), (k), (o) and (s) show the performance curves for additive
background music with vocals at different levels. It can be
observed from the plots that the foreground segmentation
performance is better than other two methods at low SNR
levels. Similarly, Figs. 9(d), (h), (l), (p) and (t) show the
performance of 3 different methods for additive background
speech at different levels. It can be noticed that there is
degradation in performance of all 3 methods at low SNR
levels. However, the performance of foreground segmentation
is marginally better compared to VFR VAD at low SNR
levels. The signal characteristics of background music with
vocals and background speech are similar to foreground speech
signal. Hence, analyzing the signal at zero frequency rather
than entire set of frequencies helps in better discrimination of
foreground speech from rest of the background noise as in case
of foreground speech segmentation. As explained in Section
II, the features derived from ZBFS such as ZBFS energy and
NACC are used as features for foreground segmentation. Also,
modulation spectrum energy centered at 4 Hz is used in com-
bination with features derived from ZBFS. The performance
evaluation shows that, the foreground segmentation is robust
to interfering background noise.

B. Performance Evaluation of Foreground Speech Enhance-
ment using Natural Recordings

In order to evaluate proposed method, the speech files
recorded in natural environment from ten different speakers
are considered, and this include 3 female and 7 male speakers.
Typically each speaker has spoken two to three different
sentences in each such recordings. The spoken sentences are
chosen from English radio broadcast and it has the com-
position of 74.10% of voiced sounds and25.90% unvoiced
sounds. All speakers were native Indians and were well
versed with English as their second language. The speech
is recorded in 7 different natural environments that includes
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Fig. 9: Illustration of performance evaluation of VAD using foreground segmentation, VFR VAD, and G.729 VAD for 4 different noise types, ((a) - (d)) is CD, ((e) - (h)) is
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busy city road traffic, office room when mosaic machine is
operating at the background, air condition machine room,
home environment when television is on, room environment
when background music is playing along with vocals, crowded
hostel mess (babble noise), and building construction site when
concrete mixing machine is on. All speech files are recorded in
foreground scenario, where, the foreground speaker is closer
to microphone sensor relative to other interfering sources. The
recording setup includes headphone connected to laptop. The
speech files are recorded using WAVESURFER [33] tool at
the sampling rate of 16 kHz. Three different headphone sets
of different make and prices were used for the recordings in
order to maintain the variability of sensors. It can be noted
that, the headphones used for recording had no special front
end preprocessing circuits to enhance the speech signal. In
all such recordings, the speaker is wearing headphone and
typically microphone is closer to mouth of the speaker (within
1 to 2 inches). The background acoustic sources are far away
from microphone sensor compared to foreground speaker.

The proposed method is compared with three other methods
chosen from literature. The spectral domain subtraction based
method is one of the earliest methods for enhancing speech
signal distorted by additive noise. In spectral subtraction based
methods the noise components are modeled by average magni-
tude spectrum using several frames of noise only regions. The
noise spectrum is subtracted from signal spectrum to obtain
the enhanced output [3]. The method proposed in [4] assumes
that the Fourier coefficients of speech and noise can be inde-
pendently modeled as zero mean Gaussian random variables.
The method aims to minimize the mean square error between
the clean speech and enhanced speech signal and hence it is
called as minimum mean square error (MMSE). There are
several modifications suggested to these two basic methods in
literature to improve the quality of enhancement by reducing

the musical noise. The matlab implementations available in
VOICEBOX [34] are used to compare with the proposed
method in this paper. Recently, a method is proposed that
makes use of temporal and spectral processing to enhance the
degraded speech signal [12]. The temporal processing relies on
HELP signal to extract the epoch locations and enhance those
locations using LP residual signal, similar to excitation based
enhancement module in this work. The signal is enhanced
in spectral domain by a comb like function that emphasizes
the fundamental component and its harmonics. Both temporal
and temporal-spectral enhancement are compared with the
proposed method.
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Fig. 10: Bar graph representing the mean opinion scores obtained from different
subjects, where, FGS is foreground speech, BAK is background noise and OVL is overall
ratings. The graph also depicts the error computed using95% confidence interval from
the subjective scores.

1) Subjective Evaluation using MoS Score:The subjective
evaluation is carried using three parameters as foreground
speech (FGS), background noise (BKG) and the overall quality
(OVL) of enhanced speech signal. The original and enhanced
speech files were provided to 24 different subjects in random
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order for subjective evaluation scores similar to [35]. The
subjects include 16 male and 8 female adult listeners having
an average age of26 ± 5 years. All listeners are well versed
with English language and English was their medium of
instruction in their academic studies. The listeners are mainly
working in the area of speech processing, speech synthesis,
speaker verification and speech recognition topics and they
typically have 1 to 3 years of experience in this domain.
All listeners had normal hearing abilities without any kind of
hearing impairment. The files were listened to in a typical lab
environment when air condition is switched on. The files were
listened without visualizing the waveform using similar types
of headphones connected to personal computer. The subjects
were provided with the following instructions for each of such
parameters.

• Focus listening on FGS regions alone in terms of reduced
background noise, intelligibility and lesser distortion with
scales suggesting [1 - Very Unnatural, 2 - Fairly Unnat-
ural, 3 - Somewhat Natural, 4 - Fairly Natural, 5 - Very
Natural].

• Focus listening on BAK regions alone in terms of reduced
background noise, and lesser distortion with scales sug-
gesting [1 - Very Intrusive, 2 - Somewhat Intrusive, 3 -
Noticeable but not Intrusive, 4 - Somewhat Noticeable, 5
- Not Noticeable].

• Focus listening on the OVL in both foreground and back-
ground regions in terms of reduced background noise,
intelligibility and lesser distortion with scales suggesting
[1 - Bad, 2 - Poor, 3 - Fair, 4 - Good, 5 - Excellent].

The subjects were provided with three sets of same files
arranged in random order for evaluation. The Fig. 10 shows
the results of subjective evaluation in terms of MoS using the
original and enhanced speech files generated using different
methods. The Fig. 10 shows the bar graph plots along with
margin of error with 95% confidence interval. It can be
observed from Fig. 10 that all three scores i.e., FGS, BAK
and OVL is lower in case of original signal as expected and
this forms the reference score to evaluate other methods. The
subjective scores obtained for MMSE is better compared to
SS in all three parameters. Also, MMSE based method is
better than temporal enhancement in terms of FGS and OVL,
while, TE remains better in terms of BAK compared to SS
and MMSE. Though, conceptually TE and EBE are similar
in approach, it can be noticed that EBE performs better than
TE in all three parameters. The reason of EBE performing
better than TE is because of better identification rate (IDR),
identification accuracy (IDA), and lower miss rate (MR) to
extract epoch locations using ZBF compared to HELP [17].
Also, ZBF remains robust to noisy conditions and hence
leads to lower distortion while temporally processing the LP
residual signal. This helps to set reasonably lower threshold
value to attenuate the background noise in case of EBE.
Consequently, further processing modules can benefit from
such higher attenuation of background noise in the proposed
work.

It can be noticed that TSP, FBE, and PBE methods perform
better than SS, MMSE, TE, and EBE methods. The TSP and

TABLE I: Subjective evaluation of different methods using preference test score in
terms of percentage, where, SS - spectral subtraction, MMSE - minimum mean square
error approximation, TE - temporal enhancement, TSP - temporal and spectral processing,
EBE - excitation based enhancement, FBE - formant based enhancement, and PBE -
perceptual based enhancement.

Method SS MMSE TE TSP

EBE 51% 44% 53% 39%

FBE 58% 54% 61% 49%

PBE 61% 58% 63% 54%

FBE based methods outperform other methods in terms of
FGS, while, FBE and PBE based methods are better in terms
of BAK and OVL. It can be noted that spectral processing in
case of TSP is useful in attenuating the valleys of spectral
magnitude and formant peaks remain unmodified. In case
of FBE, the formant peaks are boosted further relative to
spectral valleys. The formant locations are high SNR regions
in spectral domain and hence relative enhancement of formant
peak locations help to reduce the background noise and
enhance the foreground speech regions. This is evident from
subjective evaluation using FGS and OVL parameters. Any
residual background noise left over can be reduced further by
PBE method and this can be observed from Fig. 10 by the
increased BAK and OVL. Also, it can be observed that MoS
of TSP, FBE and PBE methods in terms of FGS, BAK, and
OVL are better than TE and EBE methods.

2) Subjective Evaluation using Preference Test:Preference
test is one of the simpler tests to asses the speech quality.
A subset of speech files that were used for MoS evaluations
in Section IV-B1 are used in preference test. The speech files
recorded from 5 different speakers in 5 different environments
are used. The speakers include 2 female and 3 male speakers
and each has spoken a English sentence chosen from English
Broadcast. The speech files are assessed by 10 different sub-
jects that include 5 female and 5 male listeners. All listeners
were adults and not having any hearing impairments and
the average age of listeners is28 ± 5 years. The listening
environment was in a typical computer laboratory with rela-
tively less background noise. The listeners used high quality
headphones of similar make to listen speech files. The files
are enhanced using SS, MMSE, TE, TSP, EBE, FBE and PBE
methods. A pairwise listening test was conducted, where, one
of the speech files were either EBE, FBE, or PBE, while, the
other is SS, MMSE, TE, or TSP. The listeners were asked to
listen to reference file before listening to pair. Here, reference
file is the original recording in foreground scenario. The 5
different noisy environments include mosaic machine noise,
building construction noise, traffic noise, background music
with vocals, and background speech. The subjects were given
with following instructions to asses files

• Listen to reference file before listening to individual pair
of files.

• Asses the speech files in terms of reduced background
noise, lesser distortion, and speech intelligibility by giv-
ing equal weightage to all 3 features.

Table I shows the preference test scores averaged for 5
different types of noisy files assessed by 10 different subjects.
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The percentage score refers to which subjects have preferred
EBE, FBE, and PBE over other methods. It can be observed
that, the subjects have preferred EBE over SS and TE, while,
MMSE and TSP scores better compared to EBE. The EBE
does not cause distortion in the form of musical noise. Also,
due to better epoch extraction method, the background noise is
suppressed relatively more compared to TE method. However,
the temporal enhancement alone is not sufficient to reduce the
background noise and hence MMSE and TSP scores better
than EBE. The FBE is preferred relatively higher compared
to SS, MMSE, and TE. The formant enhancement helps to
increase the spectral peaks which are essentially high SNR re-
gions in spectral domain compared to spectral valleys. Hence,
there is reduction of background noise in spectral domain and
this may be the reason for preference over SS, MMSE, and TE.
The sharpening of formant peaks leads to audible distortion
and this can be the reason for low preference score compared
to TSP. However, the spectral envelope is smoothened by
PBE module to reduce the distortion and further elimination
of any residual noise left in previous stages. Hence, overall
PBE performs better in terms of preference score. In case of
preference test it is difficult to asses the specific reason for
the choice made by subject as the preference depends on all 3
factors. However, comparing preference test score with MoS
test reveals that, the overall trend of preference test score is
similar to OVL of MoS from Section IV-B1.

3) Foreground to Background Ratio (FBR):When speech
signal is recorded in natural environment, seldom speech and
noise signals are available separately toa priori estimation
of speech and noise signal powers, respectively. Since, the
speech signal is recorded in natural environments and there
can be many types of interfering noises, and that may include
background speakers. As explained in Section II foreground
speech segmentation is one of the reliable ways to tempo-
rally segment foreground speech from rest of the background
regions. Hence, gross weight functionwg(n) obtained from
Eqn. (13) is used to segment the foreground and background
regions using the following relation

f(n) =

{

1, if wg(n) > µwg(n)

0, otherwise
(27)

where, f(n) is the binary signal indicating foreground and
background regions andµwg(n) is the mean value derived
from wg(n). Hence, the SNR computed using foreground
segmentation is called foreground to background ratio (FBR).
The FBR can be computed using the following relationships

σ̂2
f =

1

Lf

l−1
∑

n=0

s2(n).f(n) (28)

σ̂2
b =

1

Lb

l−1
∑

n=0

s2(n).(1 − f(n)) (29)

FBR = 10 log10
σ̂2
f

σ̂2
b

(30)

where,σ̂2
f is foreground speech power estimation,Lf is the

number of samples in foreground speech region,s(n) is the

naturally recorded speech signal,f(n) is foreground back-
ground binary signal,̂σ2

b is the background power estimation,
and Lb is the number of samples in background region. In
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Fig. 11: Average FBR obtained from 10 different TIMIT speech files by adding
noise at different levels of 20, 15, 10, 5 and 0 dB, with different types of noise like (a)
Mosaic Machine Noise, (b) Hostel Mess Noise (Babble Noise), (c) Background Music
with Vocals, and (d) Background Speech.

order to study the characteristics of FBR, 10 different speech
files from TIMIT database consisting 5 female and 5 male
speakers are considered. The clean speech files are added with
4 different types of noise at different levels as shown in Fig.
11. The x-axis represents the added noise levels to speech
files at 20, 15, 10, 5 and 0 dB, whereas, y-axis represents
the FBR calculated using the relationship given in Eqn. (30)
expressed in decibels. It can be observed that there is linear
relationship between the noise added to clean speech files
and the foreground to background ratio estimated in all 4
noisy casesviz., machine noise, babble noise, background
music with vocals and background speech. However, it can be
noticed that there is degradation in estimating FBR in case of
background speech case at 0 dB noise level. Overall the FBR
estimate is reliable and robust to different types of additive
noise at different levels. Hence, FBR can be used to measure
a posteriori SNR that can help indicate the suppression of
background noise by different methods.
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Fig. 12: Bar graph representing objective scores in terms of average FBR obtained
from original and processed outputs. The graph also depicts the error computed using
95% confidence interval from the objective scores.

The same set of files used to evaluate subjective measures
as described in Secion IV are used to evaluate the performance
of different methods using FBR. Totally 27 different speech
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files collected naturally in different noise environments are
considered for FBR measurement. The FBR is computed for
all the enhanced outputs using different methods. The objective
scores are illustrated using bar graph in Fig. 12 in terms
of average FBR expressed in decibels (dB). Also, the plot
indicates the margin of error with95% confidence interval. It
can be noticed that the performance of TSP, EBE, FBE, and
PBE methods are superior compared to SS, MMSE and TE
methods. The objective scores obtained further corroborates
the subjective analysis as discussed above. However, the
performance of FBE, and PBE remains best in terms of FBR.
The difference between the average scores of original signal
and the enhanced outputs from FBE and PBE shows that there
is an improvement of 12 dB. This shows that, the proposed
method performs best in attenuating the background noise
compared to other methods and still maintains the overall
quality of enhanced foreground speech. The similar trend can
be observed from subjective analysis using BAK parameter as
shown in Section IV-B1.

4) Epoch to Non-Epochal Ratio (ENR):The effect of
interfering sources are not uniform throughout the foreground
regions. There are certain regions of foreground speech that
are relatively more robust to interfering sources, especially
the regions around instants of significant excitation are high
SNR regions compared to other regions within a glottal cycle.
Hence, the ratio between energy around epochal region to non-
epochal region within a glottal cycle of foreground speech
can be an important objective measure to evaluate different
methods. In order to compute such a ratio, Hilbert Envelope
of LP residual (HELP) signal is considered similar to [36],
where, Hilbert Envelope of LP residuale(n) is given by the
following relationship

h(n) =
√

e2(n) + eh2(n) (31)

where,h(n) is Hilbert envelope andeh(n) is the Hilbert trans-
form of e(n). This measurement, when compared between the
original recording and enhanced output will help to assess the
performance of different methods in terms of enhancing high
SNR regions further relative to other regions. The quantity
essentially measures the energy between epochal and non-
epochal regions and hence termed asEpoch to Non-Epochal
Ratio (ENR).

The epochal energy is calculated by considering the sum-
mation of normalized energy around 3 ms of epoch locations,
where, 3 ms closely corresponds to glottal closure interval.
The non-epochal energy is computed by the summation of
normalized energy excluding 3 ms region around the epoch
locations with reference to each glottal cycle. The ENR can
be computed using the following relationships

Ê =

Nk
∑

k=1

1
2M+1

∑ik+M
p=ik−M h2

e(p)

1
L1

∑ik−M−1
q=ik−1+M+1 h

2
e(q) +

1
L2

∑ik+M+1
s=ik+1−M−1 h

2
e(s)
(32)

and

Ô =

Nk
∑

k=1

1
2M+1

∑ik+M
p=ik−M h2

o(p)

1
L1

∑ik−M−1
q=ik−1+M+1 h

2
o(q) +

1
L2

∑ik+M+1
s=ik+1−M−1 h

2
o(s)
(33)

where, he(p) is HELP derived from enhanced foreground
speech,̂E is the estimation of ENR using enhanced foreground
speech,Nk is total number of epochs in foreground speech
regions,M corresponds to samples of 1.5 ms,ik is the epoch
location atkth epoch,ik−1 is the previous epoch location to
ik, ik+1 is the epoch location afterik, L1 = ik−ik−1−2M−2,
L2 = ik+1 − ik + 2M + 2, and Ô is the estimation of ENR
using HELP derived from original recordingho(p). The ratio
between10 log 10 Ê

Ô
represents the improvement achieved in

terms of enhancing high SNR regions further relative to low
SNR regions. A similar approach is followed to characterize
ENR as in case of FBR explained in Section IV-B3. The 10
speech files are from different speakers chosen from TIMIT
database is additively corrupted using 4 types of noise at
different levels. The Fig. 13 shows the ENR evaluation for
clean and additive noise cases. It can be observed that there is
a linear relationship between additive noise and ENR for all
4 different noise types. It can be noticed that ENR increases
linearly as additive noise increases. The ENR is computed
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Fig. 13: Average ENR obtained from 10 different TIMIT speech files by adding
noise at different levels of 20, 15, 10, 5, and 0 dB, with different types of noise like (a)
Mosaic Machine Noise, (b) Hostel Mess Noise (Babble Noise), (c) Background Music
with Vocals, and (d) Background Speech.

for all the enhanced outputs using different methods. The
objective scores are as shown in Table II that is computed
by averaging the scores from all files. It can be noted that
the ratio is computed between enhanced output to original
recording while computing ENR. It can be observed that EBE
and PBE methods are best amongst all other methods in terms
of ENR. The improvement achieved in case of EBE is due to
better identification of epochs using ZBF, as a result of which
the noise components are suppressed in LP residual to obtain
WLPR. The speech signal synthesized using WLPR results
in enhanced output in which high SNR regions are enhanced
further compared to low SNR regions. However, in case of
PBE the spectral envelope is smoothened and this leads to
reduction of background noise, mainly in low SNR regions.
Hence, EBE and PBE methods have high ENR compared to
other methods. In case of FBE, due to LP filter enhancement,
the formant peaks are sharpened and thereby increasing the
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TABLE II: Objective evaluation of different methods using Epoch to Non-Epochal
Ratio (ENR) that is computed as a ratio between ENR of enhanced foreground speech
to original recordings. The table represents the average ratio expressed in decibels (dB)
computed across all the enhanced speech files obtained from different methods.

SS MMSE TE TSP EBE FBE PBE

1.28 0.83 3.68 2.31 4.23 1.26 5.46

TABLE III: Perceptual Evaluation of Speech Quality Scores, where, MMN - Mosaic
Machine Noise, MN - Hostel Mess Noise, TN - Traffic Noise, BM - Background Music
with Vocals, BS - Background Speech SS - spectral subtraction, MMSE - minimum mean
square error approximation, TE - temporal enhancement, TSP - temporal and spectral
processing, EBE - excitation based enhancement, FBE - formant based enhancement,
and PBE - perceptual based enhancement.

Noise Decibels Original SS MMSE TE TSP EBE FBE PBE

15 2.5 3.2 3.1 2.9 3.0 2.9 3.0 3.1

MMN 10 2.3 3.1 3.0 2.8 2.9 2.8 2.9 3.0

5 1.8 2.7 2.6 2.4 2.5 2.5 2.5 2.6

15 2.6 3.0 2.9 2.8 3.1 2.8 2.9 3.0

MN 10 2.2 2.7 2.6 2.7 3.0 2.7 2.8 2.9

5 1.9 2.3 2.2 2.5 2.6 2.4 2.5 2.6

15 2.4 2.6 2.5 2.8 2.9 2.7 2.8 2.9

TN 10 2.2 2.3 2.2 2.7 2.8 2.6 2.7 2.8

5 1.8 2.0 2.0 2.2 2.3 2.0 2.1 2.2

15 2.4 2.8 2.7 2.7 3.0 2.8 2.9 3.0

BM 10 2.2 2.4 2.3 2.5 2.7 2.6 2.7 2.8

5 1.8 2.1 2.0 2.2 2.4 2.2 2.3 2.4

15 2.8 2.8 2.7 2.8 3.0 2.8 3.0 3.1

BS 10 2.7 2.7 2.6 2.7 2.9 2.8 2.9 3.0

5 1.9 1.8 1.8 2.2 2.3 2.3 2.3 2.4

gain of the filter transfer function at formant locations. The
enhanced LP filter convolves with excitation signal resulting
in relatively higher amplitude at non-epochal regions and
hence the ENR is lower in case of FBE. The enhancement
of foreground speech signal using FBE is achieved mainly
because of enhancement of high SNR regions in spectral
domain.

C. Perceptual Evaluation of Speech Quality (PESQ)

The PESQ is carried using 10 TIMIT speech files taken
from 5 female and 5 male speakers. The clean speech files are
corrupted by adding 5 different types of noise at 3 different
levels. The Table III shows the average PESQ scores obtained
from 10 different speech files. It can be observed that in case of
mosaic machine noise (MMN) the spectral subtraction method
performs well. Since, MMN is nearly stationary noise and
hence SS is able to better model the background noise in such
cases. However, in case of hostel mess noise (babble noise) and
traffic noise which are relatively non stationary in nature, TSP
and PBE methods performs better than other enhancements.
The background music with vocals and background speech
cases are the most challenging, as the background noise
characteristics is similar to foreground speech regions. Due
to robustness of foreground speech segmentation and better

estimation of GCI locations using ZBF, the performance of
the proposed work is relatively better compared to other
methods. Overall, the performance of TSP and PBE are better
and comparable. Though, it is difficult to correlate all the
parameters of subjective MoS with PESQ score, the trend
remains consistent with subjective analysis.

V. SUMMARY AND CONCLUSIONS

In this paper, a new way to approach the problem of
speech enhancement is suggested, where, the distance be-
tween the foreground speaker to microphone and rest of the
background sources is utilized. The proposed work relies on
known production and perceptual features to enhance the
foreground speech. The advantage of proposed method is that
the distortion is significantly lower and does not introduce
musical noise unlike other methods as spectral subtraction
and MMSE. The method exploits reliable ZBF for foreground
segmentation and extraction of glottal closure instants, due
to which, higher attenuation of background noise is possible
with least distortion. The advantage of using ZBF is that,
there is no necessity of findingF0 of foreground speaker.
The performance of proposed work is compared with 3 other
existing state-of-the-art methods in terms of subjective and
objective evaluations. It is found that, the proposed method can
significantly attenuate the background noise and still maintain
the better quality of enhanced foreground speech signal. Future
work should focus on using proposed framework of production
and perception features for enhancement in other types of
degradation like reverberation and multi-speaker environment.
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