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Abstract 
A new Time-Frequency (TF) representation of speech signal is 
introduced and used for speech enhancement. TF representa-
tion and speech enhancement algorithm are both based on 
perceptual properties of human auditory system in which the 
concept of band analysis is exploited. TF representation is 
carried out by the means of analytic decomposition of speech 
signal in the hearing Critical Bands (CB) where the envelope 
and phase components of the analytic signals are used. For the 
purpose of enhancement a time varying gain function is used 
which takes into account the threshold of hearing. This thresh-
old is calculated on the basis of masking effects using a per-
ception model. Signal is reconstructed from the modified 
envelopes and the phases of noisy signal decomposed in criti-
cal bands. Experiments show that using the threshold of hear-
ing in which temporal masking is included can effectively 
eliminate the musical noise without a significant decrease in 
intelligibility. Results using noise estimation by Voice 
Activity Detector (VAD) and Speech Presence Probability 
(SPP) are reported on. 

 

1.  Introduction 
Perceptual speech enhancement has been carried out, mostly 
in the past, in Fourier domain [1]-[3]. Perception model was 
exploited to calculate CB hearing threshold in [1]-[2] and, a 
gain function was defined with respect to it. Calculated gain 
function was used to modify the Short Time Fourier Trans-
form (STFT) magnitude and the signal was reconstructed 
using the modified magnitude and the noisy signal phase. In 
some works like that in [3], CB structure is used to justify gain 
smoothing in frequency domain. None of these works uses the 
modification of separate components obtained from decompo-
sition of speech in CBs. However, some early perception 
models suggest that human hearing is sensitive to the envelope 
of signal’s Hilbert Transform (HT) and thereby explain its 
insensitivity to phase changes [4]-[5]. In a recent study [6] of 
the Hilbert envelopes and phases of noisy speech in narrow-
band sub-bands, it was shown that the insensitivity results 
from the fact that, in CBs where the magnitude of the speech 
Hilbert envelope is relatively higher than that of noise, the 
instantaneous frequency of narrow band signal does not 
change significantly. In addition a model of human auditory 
system exists which suggests that perception in ear is a proc-
ess of analytic decomposition of sound wave in basilar mem-
brane [7]. Flanagan experiments [7] showed that the ear is 
completely sensitive to Hilbert Envelope and Instantaneous 
Frequency of speech in the hearing bands. This model has 
been exploited recently for speech enhancement [8] and 
promising results have been obtained.  

In addition to the above discussion, the perception models 
used so far for speech enhancement do not include temporal 
masking and are limited to simultaneous masking only, that is 
the masking effect of a tone on its neighboring frequencies. In 
this paper we report on perceptual speech enhancement carried 
out using spectral subtraction in Hilbert domain where noise is 
attenuated only to a level just below the masking curve in each 
sub-band. The used sub-bands are hearing critical bands which 
result in dyadic wavelet packet transformation [9] and, the 
masking curves are calculated using the Hilbert envelopes of 
the signal decomposed in sub-bands.  

In this paper a VAD is exploited whilst in [8] the same TF 
representation as in this paper is used for speech enhancement 
but noise estimation and calculation of noise reduction 
parameters are carried out using SPP in sub-bands. Estimating 
the SPP is a complex procedure with high computational cost 
that makes the noise estimation time-consuming. In compari-
son, using VAD simplifies noise estimation procedure and 
results in a significant decrease in the amount of computations 
needed for noise estimation. In this paper both noise reduction 
methods using VAD and SPP are introduced and comparison 
is made using objective and subjective tests. The use of a hard 
decision VAD for noise reduction does not affect the overall 
performance significantly and even in some conditions its hard 
decision results in better noise suppression. 

2.  Sub-band Analysis 
Gabor introduced the analytic signal as a signal without nega-
tive frequencies [10]. Based on Gabor’s definition, the ana-
lytic counterpart of the real signal, s(t), can be obtained by 
suppressing the negative frequencies of the spectrum. The 
Analytic signal, z(t), of the real signal s(t) is given by: 
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where )(ˆ ts  is the Hilbert transform of s(t). The Hilbert enve-
lope of s(t) and the phase of the analytic signal are respec-
tively defined as 
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The signal’s instantaneous frequency is given by  
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Now consider the equation 
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which is the linear-filtering interpretation of the sampled 
Short-Time Fourier Transform (STFT) of the discrete-time 
input signal s[n]. In Eq. (5) n is the sample number and λi is 
the ith frequency bin. Beginning with the assumption that hi[n] 
are the same window functions for every i, which have low-
pass frequency response with double-side bandwidth 2σi, it is 
clear that S[n,λi] is calculated by convolving nj iens λ−][  with 
hi[-n] and multiplying the result by the exponential term, 

nj ie λ . This is equivalent to shifting down the spectrum of s[n] 
by λi (as a result of multiplying s[n] by nj ie λ− ), passing it 
through a low-pass filter with impulse response hi[-n], and 
shifting back the result to the original frequency band by 
multiplying it by nj ie λ . If λi is considered as the center fre-
quency of an arbitrary frequency band, it can be seen that the 
described process results in S[n,λi] being a band-pass signal 
centered at λi with the bandwidth 2σi. Obviously if λi is chosen 
adequately large, so that after doing above process no nega-
tive-frequency term remains in the spectrum, the process 
yields an analytic signal. 

Using the description in Eq. (5), s[n] can be decomposed 
into analytic signals in sub-bands of center frequencies λi and 
bandwidths 2σi, whose envelopes and phases are given as: 
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and, 
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Given the sub-band analytic signals, s[n] can be recon-
structed from real parts of the analytic signals: 
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where K denotes the number of the filter bank channels. 
If in Eq. (5) different window functions are used for each 

band, s[n] can be analyzed with arbitrary filter bank structure. 
We are interested in Critical Band (CB) analysis of speech. 
Therefore, filters with the band structure of human’s ear per-
ception [9] are exploited. Low-pass filters with linear phase in 
their pass bands are preferable.  

Low-pass filters should have high attenuation in their stop 
bands, so that, generated analytic signals become narrow band 
signals with no frequency component out of the desired criti-
cal bands. Property of being narrow band is desirable because 
“the more a signal approaches a narrow band condition, the 
better the analytic signal approximates real signal plus its 
imaginary quadrature,” [11] i.e. for a real signal s(t)
=a(t)cos(φ(t)), assuming that a(t) and cos(φ(t)) have separate 
spectrums and the spectrum of a(t) lies in a lower frequency 
region than that of cos(φ(t)) does, the analytic signal becomes   

( ) )()()(sin())(cos()()( tjetatjttatz φϕϕ =+=  [11]. This is 
desirable because when this happens, components of the ana-

lytic signal become “more likely to provide an accurate model 
of a real signal.” Also, it has been experimentally shown that 
the narrower the bandwidth of the analytic signal, the more 
amplitude and phase parts, a(t) and cos(φ(t)), calculated from 
Eqs. (2) and (3), hold the important property of having sepa-
rate spectrums [6]. By holding these properties, a(t) acts as an 
envelope which shapes the exterior boundary of signal’s 
waveform, and the phase term defines signal’s variations 
inside this boundary. As a result, a2(t) can be assumed as the 
power of the phase term. This concept is exploited in noise 
reduction in this paper. FIR filters are used in this preliminary 
study of sub-band decomposition. It is interesting to note that 
the described process of the signal analysis-synthesis, which 
was first proposed by Flanagan [7], is in close relation to some 
auditory models of human’s perception, which suggest that 
human auditory system is sensitive to Hilbert transform com-
ponents [4]-[5]. 

 

3.  Noise Reduction Formulation 
One approach to reducing the additive noise from noisy 
speech signal is using the spectral subtraction-based methods. 
Let es(n,i), en(n,i) and esn(n,i) represent the speech, noise and 
speech plus noise sub-band envelopes (SBEs), respectively. 
Based on the discussion of the previous section, SBEs can be 
assumed as the powers of mean instantaneous frequencies (Eq. 
(4)) of sub-bands. Thus, by replacing STFT magnitudes by 
SBEs, spectral subtraction can be formulated in the general 
form of [12], [13] 
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in which time sample number, n, and frequency band index, i, 
are omitted for simplicity. Parameters p, osc and floor are the 
order of subtraction, the over-subtraction coefficient and the 
minimum allowable value for the estimated speech SBEs, 
respectively. By using the value of 2 for the parameter p, Eq. 
(11) becomes equivalent to power subtraction. This value of p 
is used in this work. Parameters osc and floor are used for 
controlling the amount of residual musical noise and the dis-
tortion caused by filtering. The method of estimating these 
two parameters is discussed in section 5. It is worth mention-
ing that our previous study [6] showed that the effect of noise 
on instantaneous frequency is not significant when the enve-
lope is high. Therefore, Hilbert envelope modification can be 
an effective method for noise reduction. 

In the notation of Eq. (10) the symbol e~  stands for enve-
lope estimation. A Hilbert domain expansion of the Voice 
Activity Detector (VAD), proposed in [14], is used to detect 
speech pauses. In this VAD two separate measures of signal 
energy and noise threshold are defined, and classification of 
signal into noise and speech plus noise is carried out by con-
tinuous comparison of these two measures. In our work, signal 
energy measure is estimated by summing up the SBEs at each 
time sample and, noise threshold measure is obtained by 
minima tracking of the signal energy measure. A brief 
description of this VAD is given in the next section. 

Noise SBEs can be estimated by recursive averaging over 
noise only samples: 
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α(n) is a speech/noise state dependent recursive averaging 
forgetting factor: 

1),()1(1)( 00 <×−−= ααα nXn ,         (12) 

where the value of function X(n) denotes, at each sample n, the 
state of being noise or speech: 
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One technique to improve the performance of the spectral 
subtraction-based methods is to reduce the variance of the 
noisy signal power spectrum estimation so that, in noise sam-
ples, it approaches the estimate of the noise power spectrum, 
resulting from the recursive averaging of Eq. (11) [12]. By 
using the signal classification provided by VAD, a recursive 
averaging is performed on esn as follows: 
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in which β(n) is defined as: 
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Β0 is a forgetting factor to smooth β(n) during speech to noise 
and noise to speech transitions. 
 

4.  Voice Activity Detection 
As mentioned earlier, noise SBEs are estimated during the 
gaps in speech. A Hilbert domain expansion of the Voice 
Activity Detector (VAD) proposed in [14] is used to detect the 
speech pauses. This energy-based VAD works on the concept 
that, the noise-only segments of signal have less energy than 
segments which contain speech plus noise. In this VAD two 
separate measures of signal energy and noise energy threshold 
are defined, and classification of signal into noise and speech 
plus noise is carried out by continuous comparison of these 
two measures. Signal energy measure is estimated by sum-
ming up the SBEs in each time sample and noise energy 
threshold measure is obtained by minima tracking of signal 
energy measure, as 
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Summation in Eq. (16) is carried out only over sub-bands 3-
16, because speech energy is mostly concentrated in this 
range; also it becomes useful in reducing the effect of some 
types of noise (like traffic noise, which is mostly concentrated 
in lower frequency bands) on the VAD’s decision. Eq. (17) is 
an IIR recursive averaging (Eq. (17a)) with the ability of 
minima detection (Eq. (17b)). Time constant BTN should be 
chosen such that NThreshold does not increase significantly 
during talk-spurts which may last 2 seconds [14]. It is empiri-
cally set to 0.999995 at the sampling rate of 16 kHz. First 

samples of noisy signal are assumed to be noise-only samples 
(i.e. 1)0( =X ). The advantage of using IIR recursive averag-
ing in Eq. (17) is its simplicity but it can not adapt quickly to 
the sudden increase of noise power; however, better minima 
tracking can be attained by backward minima searching on the 
desired range, at the expense of higher computational cost. 
Comparison between signal energy measure and noise thresh-
old measure is carried out as,  
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Since VAD’s decision is made by comparing the value of 
d(n) with a constant, by using different factors, 0.9 and 1.1, for 
NThreshold in speech and noise classes in Eq. (18), Hysteresis 
is produced in transition from noise state to speech state, and 
vice versa. By defining a measure which follows the peaks of 
d(n),  
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a normalization is made on d(n) during speech samples:  
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And the speech/noise decision is made as, 
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In order to have correct functionality, )(nSmet  should be nor-
malized too, so that its maximum value becomes unity. Simi-
lar method of normalization can be used to normalize 

)(nSmet . In this case, normalization of d(n) in speech class 
increases its magnitude; therefore further Hysteresis is intro-
duced into transition from speech state to noise state when 

0min >T  is used. In this work the value of minT  is set to 0.05. 

5.  Noise Reduction 
In our noise reduction procedure, noise is attenuated to a 
degree that it becomes inaudible rather than completely sup-
pressed. Virag [2] proposed a method of estimating subtrac-
tion parameters (osc and floor) with regard to the hearing 
thresholds, calculated using masking properties of human 
auditory system, as proposed by Johnston [15]. Masking 
thresholds are estimated by exploiting the concept of critical 
band analysis. The process of masking threshold calculation 
can be implemented easily in the same manner as explained in 
[15] by replacing STFT magnitudes with SBEs, since Hilbert 
envelopes can be assumed as signal power in critical bands. 
By using masking thresholds that determine maximum 
attenuation, signal distortion decreases significantly by 
avoiding non-necessary attenuation of signal components. 
Also, adjusting the value of floor with respect to the hearing 
thresholds, efficiently fills the valleys between spectral peaks 
and effectively masks musical noise. As a result, the rate of 
occurrence of random peaks, which along with the valleys in 
spectrum, were responsible for residual musical noise [12], 
[13] decreases substantially. 
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Subtraction parameters are time-variant and calculated 
separately for each band. By omitting time and frequency 
band indices the process of calculating subtraction parameters 
is formulated as 
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in which flrco is the floor coefficient and defined as: 
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Thr is the masking threshold in terms of power, and max,
~

ne  is 
the maximum of SBEs during noise-only samples. Since noise 
power ( 2~

ne ) is estimated during speech pauses and remains 
unchanged during speech activity, osc is calculated in a way 
that, with the current estimate of noise power, the possible 
maximum noise power would be attenuated to a level below 
the masking threshold.  

A rough estimate of the masking threshold can be made by 
using SBEs after performing the power subtraction of Eq. (10) 
with fixed parameters. Since in this early stage a rough esti-
mate of SBEs is needed to estimate hearing threshold, a high 
value for osc (e.g. 3) is used in order to eliminate musical 
noise, and floor is calculated by setting tco and flrco in Eq. 
(24) respectively to zero and 0.001. Coefficient tco accounts 
for the compensation of possible loss of power resulting from 
this rough estimation of SBEs, using relatively large constant 
osc. Using the estimated Threshold, subtraction parameters 
can be calculated exploiting Eqs. (22)-(24). From Eq. (22) it 
can be seen that when Thr is high and therefore less attenua-
tion is needed, the value of osc becomes low and vice versa. In 
contrast with osc, the value of floor can be high, when 
Threshold is high. Thus, the inverse of osc is mapped into the 
desired range of floor coefficient (flrco). Once the SBEs are 
estimated, signal can be reconstructed using Eq. (9) from 
modified SBEs and the sub-band phases of noisy signal. 

 

6.  Noise Reduction Using Speech Presence 
Probability (SPP) 

6. 1. Noise estimation and SPP calculation 

In this section the procedure of noise estimation and Speech 
Presence Probability (SPP) calculation in each band is 
described as proposed in [8]. SPP is calculated as part of noise 
estimation process. In [8] noise estimation is based on the 
Improved Minima Controlled Recursive Averaging (IMCRA) 
[16] which is, along with some modifications, expanded into 
the Hilbert domain. Estimation of noise and SPP is carried out 
separately in each band by two major iterations of smoothing 
and minima tracking of SBEs. These two iterations are as 
follows: 
1. In the first iteration, after one step of smoothing and min-

ima tracking a rough VAD is constructed in each band 
using the noisy SBEs, smoothed SBEs and tracked local 

minimas. Local minimas of each SBE is found by back-
ward searching for minimum on the short 1.5~1.8 second 
intervals. In contrast with what is proposed in [16] this 
VAD is made biased towards noise, such that only high 
energy parts of SBEs are classified as speech. The classifi-
cation is then used to smooth SBEs only in  parts that are 
classified as noise. The biased classification helps us to 
perform smoothing on parts whose variances have been 
widely influenced by noise. Smoothing in these parts leads 
to reduction of variance; while excluding the high energy 
parts from smoothing facilitates tracking the quick changes 
in SBEs. It is beneficial in the next iteration when a VAD 
is used again, guaranteeing the detection of noise when 
speech energy reduces quickly.   

2. In the second iteration, the SBEs smoothed in the first 
iteration are used for minima tracking and a VAD is estab-
lished which now only classifies very weak components as 
noise. Using this classification, smoothing is carried out 
such that the noisy SBEs are smoothed only in the noise 
parts and in the speech parts they follow the previously es-
timated values. The bias of VAD towards weak compo-
nents eliminates the need of extra minima tracking and as a 
result the smoothed SBEs are used as the estimation of 
noise. SPP in each band is then calculated from [17] 
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in which q is the a priori estimation of Speech Absence 
Probability (SAP) and υ(n,i) is defined as  
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γ and ξ are a posteriori and a priori signal to noise ratios 
respectively and estimated from 
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In these equations ),(~ 2
, ine smoothedsn , ),(~ 2 inen  and ),(~ 2 ines  

respectively represent the smoothed SBEs, the estimated 
noise SBEs and the estimation of the clean signal SBEs, 
which can be computed using any noise reduction rule. Βmin 
is a constant to compensate the bias of ),(~ 2 inen  towards 
lower values and was set to 1.7 [16]. 
SAP (q) which is used in Eq. (25) is defined as [16] 
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in which ),( inψ  is calculated from 
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and ψ1 is a constant which determines the ratio from which 
ψ should exceed so that corresponding SBE is completely 
(with the probability of 1) classified as speech. ψ1 was 
experimentally set to 4.5. 
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6. 2. Noise reduction using SPP 

In [8] SPP is used to calculate the noise reduction parameters, 
osc and floor; in particular osc is calculated using  
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and floor is calculated by exploiting these osc values in Eqs. 
(23) and (24). In Eq. (30) osc is calculated in a way that in the 
noise parts noisy SBEs are attenuated to levels just below the 
masking thresholds and in the speech parts only the estimated 
noise powers are subtracted from noisy SBEs. 
 

7.  Experimental Results 
The performance of the proposed algorithm was evaluated in 
different noise environments and comparisons were made with 
results obtained in [8] and the minimum statistics based spec-
tral subtraction in Fourier domain proposed by Martin [18]. As 
mentioned earlier, in [8] the same TF representation of speech 
as in this paper is used and SPP in sub-bands is employed to 
estimate noise and calculate the subtraction parameters. Esti-
mating SPP is a complex procedure with high computational 
cost which makes the noise estimation time-consuming. In 
comparison VAD simplifies noise estimation procedure and 
decreases computations significantly. Furthermore, in our 
implementation sub-band envelopes were down-sampled to 
the sampling rate of 100Hz as suggested in [7] to decrease 
computations whilst modified SBEs were interpolated before 
signal reconstruction. 

Performance assessment was based on listening test and 
objective assessment. Objective assessment was a segmental 
version of an objective measure which was proposed in an 
ETSI’s standardization project for evaluating noise suppres-
sion systems when combined with AMR codecs [19]. This 
measure computes the SNR improvement separately in three 
energy classes of speech, and final SNR improvement value is 
computed by averaging the SNR improvement values over 
three classes. Segmental SNR improvement (SNRSegImp) in 
each class is defined as: 
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in which nC, sC and Cs~  are noise, clean and reconstructed sig-
nals in specified class, C. MC is the number of segments of 
class C, and N is the length of each segment and is set to 320 
samples at the sampling rate of 16 kHz. It is worth saying that 
the Segmental SNR has the correlation coefficient of 0.77 with 
MOS ratings [20] and using the scheme proposed by ETSI a 
relatively reliable quality assessment can be achieved.  

It was observed that the residual noise in Hilbert domain 
consisted of random transient components with relatively 
wider bandwidths (resulting from band analysis) than those in 
Fourier domain. Consequently, the residual noise in Hilbert 
domain sounds like bubbling which can be very annoying. By 
using masking thresholds, residual noise can be effectively 
eliminated while intelligibility is kept relatively at a certain 
level. However, informal listening tests show that the  
 

proposed algorithm may result in slightly less intelligibility 
than Martin’s method in Fourier domain. By using the 
perceptual model in which temporal masking [21] is included, 
a better estimate of masking threshold is obtained. Thus, more 
signal details can be preserved by avoiding further non-neces-
sary signal attenuation. A visual inspection of the Spectro-
grams of clean, noisy (contaminated by White Gaussian noise 
at SNRseg= 10dB) and modified signal by our proposed 
method and Martin’s can be done in Fig. 1. It can be seen that 
the main spectral components are well preserved in both 
methods. However, no trace of musical noise can be found in 
the Spectrogram of the modified signal by the proposed algo-
rithm while Martin’s method leaves some musical noise in 
order to completely preserve speech components.  

Test signals for objective assessment were taken from the 
real speech signals of six male and six female speakers. Two 
different types of noise (White Gaussian and babble noise 
taken from NOISEX-92 database [22]) were added to the sig-
nal at different segmental SNRs of 10, 5 and 0dB. It is neces-
sary to note that Martin’s method needs a delay of about 2 
seconds to follow noise spectrum and start noise estimation, 
thus a 3 second speechless interval (containing the same noise 
signal) was added to the beginning of the noisy signal to be 
fed into Martin’s algorithm. TABLE I shows the average 
SNRSegImp in different test conditions for all three methods. 
Although better performance was obtained by using Martin’s 
method on the basis of numerical SNRSegImp the results of the 
proposed method of using sub-band Hilbert components are as 
good subjectively. It is noted that no objective criterion re-
flects closely subjective assessment and hardly so when noise 
masking is used. In case of White noise, as mentioned before, 
Martin’s method results in more residual musical noise, while 
our method produces enhanced signal with a little more dis-
tortion but without residual noise. In comparison to noise 
reduction scheme using SPP it can be seen that in case of 
White noise the performance is a little degraded which is 
almost not perceptible. In case of harsh condition of babble 
noise, VAD’s hard decision helps and noise reduction using 
VAD performs better than the SPP-based scheme and less 
residual noise is detected in the enhanced signal. At the end it 
must be remembered that our work was a preliminary study of 
the use of the speech sub-band analytic decomposition for 
noise reduction and it is hoped that better performance can be 
achieved by using more appropriate schemes which are 
derived from the properties of sub-band Hilbert components.   

 

8.  Conclusion 
A new time-frequency representation using a Hilbert trans-
form based sub-band analysis of speech with respect to the 
human perception was proposed and used for speech en-
hancement. Competing results with an effective noise reduc-
tion method in Fourier domain was obtained. In our method 
without the need of calculating STFT, just a pair of compo-
nents was used to describe the signal in each Critical Band. 
For the purpose of enhancement modification was performed 
just on a single component, i.e. the Hilbert envelope of signal 
in each Critical Band. Comparison was made between two 
different schemes of noise reduction in Hilbert domain and it 
was concluded that by using the scheme in which VAD is 
exploited for noise estimation computations are decreased sig-
nificantly while performance remains almost unchanged. 
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(a) 

Noisy Signal Spectrogram (Segmental SNR=10.1335dB)
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(b) 

Spectrogram of signal Modified by Proposed Algorithm
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(c) 

Spectrogram of signal Modified by Martin's Method
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(d) 

Fig. 1 Spectrograms of the signals, (a) clean, (b) noisy,  
contaminated by White Gaussian noise at SNRseg=10dB,  
(c) Modified by proposed algorithm, SNRSegImp=2dB, and  

(d) Modified by Martin’s method, SNRSegImp=3dB. 
 

TABLE I 
SNRimp of Proposed and Martin’s Algorithm in Different Noise 

Conditions. (p=2, tco=1.5, α0=0.8, β0=0.5,  flrcomax=0.005, 
flrcomin=0.00005, oscmax=3.5, oscmin=2) 

 

Noise Type White Gaussian Babble Noise 
SNRseg (dB) 0 5 10 0 5 10 

Proposed 6.3 3.5 1.5 3.4 2.2 0.98 

[8] 6.3 3.8 1.8 3.3 2.0 0.96 SNRSegImp 
(dB) 

Martin’s 7.2 5.0 3.3 4.2 3.0 2.0 
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