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Abstract
To mitigate the performance limitations caused by the con-
stant spectral order β in the traditional spectral subtraction
methods, we previously presented an adaptive β-order gen-
eralized spectral subtraction (GSS) in which the spectral or-
der β is updated in a heuristic way [10]. In this paper,
we propose a psychoacoustically-motivated adaptive β-order
GSS, by considering that different frequency bands contribute
different amounts to speech intelligibility (i.e., the band-
importance function). Specifically, in this proposed adaptive
β-order GSS, the tendency of spectral order β to change
with the input local signal-to-noise ratio (SNR) is quantita-
tively approximated by a sigmoid function, which is derived
through a data-driven optimization procedure by minimizing
the intelligibility-weighted distance between the desired speech
spectrum and its estimate. The inherent parameters of the sig-
moid function are further optimized with the data-driven op-
timization procedure. Experimental results indicate that the
proposed psychoacoustically-motivated adaptive β-order GSS
yields great improvements over the traditional spectral subtrac-
tion methods with the intelligibility-weighted measures.
Index Terms: Psychoacoustically-motivated adaptive β-order
GSS, Data-driven optimization, Importance function, Speech
intelligibility, Sigmoid function.

1. Introduction
Background noises severely degrade performance of state-of-
the-art speech applications, for example, in the reduced intel-
ligibility of perceived speech for cochlear implant users. As a
pre-processor, noise reduction has been shown to be effective in
improving the quality and/or intelligibility of noisy signal, and
feeding the enhanced signal to implant users results in signifi-
cant benefits in sentence/word recognition [1].

Research studies on speech intelligibility show that vari-
ous factors affect speech intelligibility to different degrees [2].
These factors include the audibility in each subband derived
from the corresponding subband SNR and the listener’s hear-
ing threshold, and the band-importance functions that indicate
to which degree each frequency band contributes to intelli-
gibility [3, 4]. Speech intelligibility was traditionally com-
puted from the long-term speech and noise spectra in station-
ary noise [2, 3]. This calculation approach was recently ex-
tended for non-stationary noise conditions by first calculating
the speech intelligibility in each short-term frame followed by
averaging these intelligibility values across frames, yielding the
overall intelligibility for that particular condition [4].

To improve the speech intelligibility of the received sig-
nal in noisy conditions, a number of noise reduction algo-

rithms have been proposed in the past several decades [5].
As a well-known noise reduction method, spectral subtraction
(SS) has been used widely due to its simplicity in implemen-
tation and improved to overcome its shortcomings in different
ways [5, 6, 7, 8]. Boll applied several secondary procedures to
the processed signal after SS to further attenuate the residual
noise [5]. To enhance noise reduction and mitigate “musical”
noise, Berouti et al. introduced two additional parameters, an
oversubtraction factor that controls the amount of noise to be
subtracted, and a spectral flooring factor that mitigates “musi-
cal” noise [6]. Schless et al. suggested to set both oversubtrac-
tion factor and spectral flooring factor based on the signal-to-
noise ratio (SNR) [7]. Kamath et al. proposed to empirically
set different oversubtraction factors in different subbands [8].
Sim et al. derived a short-time spectral amplitude estimator of
the speech signal based on a parametric formulation of gener-
alized spectral subtraction (GSS) [9]. In all SS methods men-
tioned above, however, the spectral order β is always fixed to
some constants which result in performance limitation to a cer-
tain degree. More recently, therefore, Li et al. suggested an
adaptive β-order GSS in which the spectral order β is updated
in each subband according to the input local SNRs in a heuristic
way [10].

In this paper, we propose a psychoacoustically-motivated
adaptive β-order GSS based on the research results on speech
intelligibility and a data-driven optimization procedure. Con-
sidering the different contributions of different frequency bands
to speech intelligibility which is quantified by the band-
importance function [2, 3], we propose to quantitatively deter-
mine the tendency of spectral order β to change with the input
local SNR in MMSE sense, and introduce a data-driven opti-
mization procedure that quantifies this change tendency as a
sigmoid function and optimizes the inherent parameters. Ex-
perimental results in various noise conditions show that the
proposed method outperforms the traditional SS algorithms in
terms of the intelligibility-weighted measures.

2. β-order generalized spectral subtraction
2.1. Signal model

Suppose the observed noisy signal to be the sum of the clean
speech signal and the uncorrelated additive noise signal. Ap-
plying the short-time Fourier transform (STFT), the observed
signal in the time-frequency domain is represented as

X (k, �) = S(k, �) +N(k, �), (1)

where k and � are the frequency bin index and the time frame
index, respectively;X(k, �), S(k, �) andN(k, �) are the STFTs
of the noisy signal, the clean signal and the noise signal.
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2.2. β-order generalized spectral subtraction

The β-order generalized spectral subtraction is defined as [9]
∣∣∣Ŝβ (k, �)

∣∣∣
β

=aβ (k, �)
∣∣∣X(k, �)

∣∣∣
β

−bβ(k, �)E
[∣∣∣N(k, �)

∣∣∣∣
β]
, (2)

where β denotes the spectral order, Ŝβ (k, �) is the spectral esti-
mate of the speech enhanced by the β-order GSS, and aβ(k, �)
and bβ(k, �) are two parameters. Note that the speech spectrum
estimate Ŝβ(k, �) is dependent not only on time and frequency,
but also on the spectral order β.

The parameters aβ(k, �) and bβ(k, �) in the β-order GSS
are determined and optimized by minimizing the MSE of the
β-order speech spectrum amplitude |Sβ(k, �)|β and its estimate
|Ŝβ(k, �)|β . Under the complex Gaussian assumption and sub-
stituting the two newly-derived optimal coefficients into Eq. (2),
the gain function of the β-order GSS is derived as [9]

Ĝβ

(
k, �

)
=

{ [
ξβ(k,�)

]β

1+

[
ξβ(k,�)

]β

} 1
β
{
1−

(
1−

[
ξβ(k, �)

]−β
2

)

Γ

(
β
2
+ 1

)(
1

γ(k,�)

) β
2

} 1
β

, (3)

where ξβ(k, �) and γ(k, �) are the a priori SNR and the a poste-
riori SNR as defined in [11], and Γ(·) denotes the Gamma func-
tion. The estimate of ξβ(k, �) is updated in a decision-directed
scheme, greatly decreasing the residual “musical” noise [11].

3. Psychoacoustically-motivated adaptive
β-order GSS using data-driven optimization
Considering the research findings on speech intelligibility, in
this section, we propose a psychoacoustically-motivated adap-
tive β-order GSS in which the dependence of β on the local
SNR is derived and optimized through a data-driven optimiza-
tion procedure.

3.1. Subband-processing-based determination of spectral
order β

The value of spectral order β has been shown to be largely de-
pendent on the SNR in the current condition [10]. Furthermore,
the SNRs vary greatly with time due to the time-varying charac-
teristics of speech and noise signals, and also significantly vary
in different subbands because of the colorness of noise signals
and the non-uniform spectral energy distribution of speech sig-
nals. As a result, speech signal corrupted by real-world noises
is characterized by different local SNRs in different partitions
in the time-frequency domain. Further taking the strong corre-
lations of spectral components between adjacent frequency bins
into account, the appropriate value of β should be determined
depending not only on knowledge of the current frequency bin
under consideration, but also on knowledge of the neighbor-
ing bins. As a result, the appropriate value of spectral order β
must be adaptively determined according to the local SNRs cal-
culated in subbands instead of the instantaneous SNR in each
individual frequency bin in the time-frequency domain.

3.2. Psychoacoustically-motivated derivation of spectral or-
der β

Improving speech intelligibility motivates us to derive the ap-
propriate value for spectral order β by integrating the psychoa-
coustical research findings on speech intelligibility. There are

a number of aspects which play an important role in speech in-
telligibility enhancement. For example, it is understood that
the short-term spectrum is of primary importance in the per-
ception of speech, and different frequency bands contribute dif-
ferent amounts to speech intelligibility [2, 3]. Speech intelli-
gibility index (SII) in ANSI S.35-1997 standard quantifies the
degree of speech intelligibility in the presence of background
noise [3]. Audibility is measured as the ratio of time-averaged
speech power and time-averaged noise power in a set of fre-
quency bands, followed by weighting with the so-called band-
importance function. The band-importance function indicates
to which degree each frequency band contributes to intelligi-
bility. Finally, the SII is determined by accumulation of the
audibility across the different frequency bands. As a result, the
band-importance functions should be integrated when determin-
ing the appropriate value of spectral order β, as shown in the
following section.

3.3. Data-driven optimization of spectral order β

In our previous study, the change tendency of the spectral or-
der β along with the input SNR was qualitatively analyzed and
intuitively described by a sigmoid function, where no theoreti-
cal/experimental evidences were provided [10]. With the con-
sideration of the non-uniform effect of noise on speech in Sec-
tion 3.1 and the psychoacoustical findings on speech intelligi-
bility in Section 3.2, in this section, we aim to quantify the de-
pendency of the spectral order β on the input local SNR using a
data-driven optimization approach.

In our data-driven optimization procedure, ten speech sen-
tences were randomly selected from the NTT database [12],
and two noise signals (“car” and “babble”) were taken from the
NOISEX-92 database [13]. The speech and noise signals were
first downsampled to 8kHz and then mixed with the global SNR
ranging from −40 to 40 dB. We assume that the noise spec-
trum is a known prior in this optimization procedure. For a
given value of β, the gain function of the β-order GSS is calcu-
lated using Eq. (3), and then used to enhance the target speech
signal. Furthermore, based on the discussions in Sections 3.1
and 3.2, we propose to optimize the spectral order β by mini-
mizing the overall intelligibility-weighted distance between the
spectral amplitude

∣∣S(k, �)
∣∣ of the clean signal and that of its

estimate
∣∣Ŝβ(k, �)

∣∣ summed across all subbands, that is,

βopt = argmin
0.1≤β≤3.0

(
M∑

m=1

ωm+1∑

k=ωm

Im
[∣∣S(k, �)

∣∣−
∣∣Ŝβ(k, �)

∣∣
]2
)
, (4)

where Im is the band-importance function in the m-th sub-
band [3],M is the number of subbands, ωm denotes the bound-
ary frequency of the m-th subband, and the range of β is em-
pirically confined to [0.1, 3.0]. Note that the importance func-
tions are normally given as constant values [3] and each term in
the overall intelligibility-weighted spectral amplitude distance
in Eq. (4) are positive, therefore, the minimization problem
in Eq. (4) can be simplified to the minimization problem per-
formed in each independent subband. That is, the minimiza-
tion of the overall intelligibility-weighted spectral amplitude
distance can be achieved by the value that yields the minimal
intelligibility-weighted spectral amplitude distance of the clean
signal and its estimate in each individual subband, given by

βoptm = argmin
0.1≤β≤3.0

(ωm+1∑

k=ωm

[∣∣S(k, �)
∣∣−

∣∣Ŝβ(k, �)
∣∣
]2
)
. (5)
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Figure 1: Scatter plots of the optimized β value with respect to the
input local SNR, the mean of the scattered data (solid line) and the fitted
sigmoid function (dashed line) with the parametersA = 0.1,B = 2.0,
D = 7.0, in the car noise condition (upper panel) and in the babble
noise condition (lower panel).

Though only ten speech sentences are used in this optimization
procedure, we should note that the optimization is performed in
the following scenarios: in each frames (each speech sentence
is divided into 220 ∼ 350 overlapping frames by windowing
before Fourier transform.), in each critical subband (e.g., 18
subbands) and at the different global SNR conditions (that is,
−40 to 40 dB in 10 dB increments). It is therefore believed that
the optimization of spectral order β is sufficient in the statis-
tical sense, and the parameters obtained from this optimization
procedure might also be applicable in other different conditions.

Fig. 1 shows the scatter plots of the optimized β value
against the local SNR (defined in Eq. (6)), the mean curve as
well as the fitted sigmoid function in the “car” and “babble”
noise conditions. The results shown in Fig. 1 indicate that:
(1) The optimal β value increases (decreases) as the local in-
put SNR increases (decreases), which proves our previous qual-
itative analysis results [10]; (2) Most importantly, the change
tendency of the appropriate value of β with the change of the
local SNR can be approximated by a sigmoid function (defined
in Eq. (7)); (3) Moreover, the inherent parameters are also de-
termined through this data-driven optimization.

3.4. Adaptive scheme for an appropriate value of spectral
order β

As stated in Sections 3.1 and 3.2, the appropriate value of spec-
tral order β vary with the change of the local SNR in each sub-
band. Further considering the mechanism of human perception,
the whole spectrum is first divided into subbands according to

the critical-band scale [14]. Then, the local SNR ρ(m, �) in the
m-th critical band and the �-th frame is calculated as

ρ(m, �) = 10 log10

⎛
⎜⎝

∑ωm+1

k=ωm

∣∣∣|X(k, �)| − |N̂(k, �)|
∣∣∣
2

∑ωm+1

k=ωm

∣∣∣N̂(k, �)
∣∣∣
2

⎞
⎟⎠ , (6)

where ωm is specified as the boundary frequency of the m-th
critical band.

Based on the data-driven optimization results in Sec-
tion 3.3, we propose to determine the optimized value of the
spectral order β̃(m, �) according to the local SNR ρ(m, �) in
each critical band, frame by frame, by the use of the sigmoid
function, given by

β̃(m, �) =
B

1 + e−A
[
ρ(m,�)−D

] , (7)

where the parameterA controls the changing speed of the value
of β̃(m, �)with respect to the local SNR ρ(m, �),B determines
the range of the value of β̃, and D denotes the shift along the
SNR axis. In order to avoid severe speech distortion caused
by an extremely low β value, we further confine the value of
β̃(k, �) with a minimum value βmin. As a result, the optimized
value of the spectral order β̂(m, �) is finally determined as

β̂(m, �) = max

[
β̃(m, �), βmin

]
. (8)

4. Experiments and results
4.1. Experimental configuration

Performance of the proposed psychoacoustically-motivated
adaptive β-order GSS was assessed by the following exper-
iments. We randomly selected 40 clean continuous speech
sentences produced by two females and two males from NTT
speech database [12]. Two types of noise source, “car” and
“babble”, were chosen from NOISEX-92 database [13]. The
clean speech and noise signals were first downsampled to 8kHz.
We generated noisy speech signals artificially by adding vari-
ous noise signals to the clean signals at different SNRs ranging
from 0 to 15 dB in 5 dB increments. Note that the car noise
was a stationary signal, whereas the babble noise was a non-
stationary signal. Based on the optimization results shown in
Fig. 1, the parameters in our experiments were set as follows:
A=0.1, B=2.0, D=7.0 and βmin=0.1. Note that the spec-
tral order β in the current experiments ranges from 0.1 to 2.0.
Performance of the proposed adaptive β-order GSS was further
compared with that of the traditional SS methods (power SS,
amplitude SS and SS when β=0.1) that were implemented by
setting the spectral order β to 2.0, 1.0 and 0.1 in Eq. (3) derived
in [9], respectively.

4.2. Experimental results

Performance of the studied algorithms was objectively ex-
amined in terms of intelligibility-weighted SNR (SNRint)
and intelligibility-weighted log-spectral distance (LSDint), as
defined in [15]. The experimental results of SNRint and
LSDint, averaged across all sentences in two noise conditions,
are shown in Tables 1 and 2, respectively.

Table 1 illustrates that the proposed psychoacoustically-
motivated adaptive β-order GSS consistently provides the high-
est SNRint improvements, compared to the traditional SS meth-
ods, for all conditions at all SNRs. While the SS method with
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Table 1: Intelligibility-weighted SNR [dB] of the noisy signal, the
power SS (β=2.0) output, the amplitude SS (β=1.0) output, the SS
output when β = 0.1, and the proposed adaptive β-order GSS output.

Global SNR 0 5 10 15

Condition car noise
Noisy −11.51 −6.26 −1.15 3.85

β=2.0 (Power SS) −6.02 −2.35 1.06 4.02

β=1.0 (Amplitude SS) −3.56 −0.54 2.50 5.32

β=0.1 −5.33 −5.54 −5.35 −5.33

Adaptive-β −2.12 0.89 3.76 6.04

Condition babble noise
Noisy −13.96 −8.61 −3.41 1.65

β=2.0 (Power SS) −9.54 −5.31 −1.42 1.95

β=1.0 (Amplitude SS) −6.56 −3.05 0.28 3.32

β=0.1 −5.22 −5.28 −5.31 −5.32

Adaptive-β −4.38 −1.33 1.58 4.22

Table 2: Intelligibility-weighted LSD [dB] of the noisy signal, the
power SS (β=2.0) output, the amplitude SS (β=1.0) output, the SS
output when β = 0.1, and the proposed adaptive β-order GSS output.

Global SNR 0 5 10 15

Condition car noise
Noisy 18.93 15.96 13.43 11.30

β=2.0 (Power SS) 15.29 13.22 11.46 10.00

β=1.0 (Amplitude SS) 13.97 12.15 10.57 9.29

β=0.1 52.78 54.33 55.24 55.69

Adaptive-β 13.69 11.63 10.05 8.97

Condition babble noise
Noisy 20.47 17.25 14.51 12.21

β=2.0 (Power SS) 17.41 14.89 12.76 11.04

β=1.0 (Amplitude SS) 15.75 13.62 11.79 10.27

β=0.1 50.37 52.43 53.84 54.69

Adaptive-β 14.78 12.82 11.13 9.81

β = 0.1 yields greatly reduced SNRint results because it intro-
duces severe speech distortion due to the too small value of β
(i.e., 0.1). The highest SNRint by our proposed algorithm indi-
cates high noise reduction ability corresponding to high speech
intelligibility in some sense [15]. This might be attributed to
the use of low gains in speech-absence periods due to the low
values of the spectral order β.

Concerning the results of LSDint shown in Table 2, we
can observe that all tested algorithms decrease the LSDint in
all conditions, except for the SS algorithm with β = 0.1 that
markedly increases LSDint (i.e., high speech distortion and low
intelligibility). The enhanced speech signal processed by the
proposed algorithm involves the lowest speech distortion, which
corresponds to high speech intelligibility to a certain degree.
This achievement can specifically be attributed to the use of
high gains in speech-presence periods, due to the high values
of the spectral order β.

As a result, the proposed psychoacoustically-motivated
adaptive β-order GSS outperforms the traditional SS algorithms
in speech intelligibility enhancement, due to the time-varying
frequency-dependent spectral order β that is derived and op-
timized through a data-driven optimization procedure based on
the consideration of psychoacoustic research findings on speech
intelligibility (e.g., the band-importance function).

5. Conclusion
In this paper, we proposed a psychoacoustically-motivated β-
order generalized spectral subtraction for speech intelligibility
enhancement, in which the dependence of the spectral order β
on the local SNRs is derived and optimized through a data-
driven optimization procedure based on consideration of the
different contributions of different frequency bands to speech
intelligibility. Experimental results illustrate that the proposed
algorithm outperforms the traditional SS algorithms in various
noise conditions in terms of intelligibility-weighted measures.
As a future work, the effectiveness of our proposed algorithm
in improving speech intelligibility for cochlear implant users
(using state-of-the-art cochlear implants) should be assessed in
daily-life noise conditions.
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