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Abstract

Deep learning-based speech enhancement algorithms have shown their powerful ability in removing both stationary
and non-stationary noise components from noisy speech observations. But they often introduce artificial residual
noise, especially when the training target does not contain the phase information, e.g., ideal ratio mask, or the clean
speech magnitude and its variations. It is well-known that once the power of the residual noise components exceeds
the noise masking threshold of the human auditory system, the perceptual speech quality may degrade. One intuitive
way is to further suppress the residual noise components by a postprocessing scheme. However, the highly
non-stationary nature of this kind of residual noise makes the noise power spectral density (PSD) estimation a
challenging problem. To solve this problem, the paper proposes three strategies to estimate the noise PSD frame by
frame, and then the residual noise can be removed effectively by applying a gain function based on the
decision-directed approach. The objective measurement results show that the proposed postfiltering strategies
outperform the conventional postfilter in terms of segmental signal-to-noise ratio (SNR) as well as speech quality
improvement. Moreover, the AB subjective listening test shows that the preference percentages of the proposed
strategies are over 60%.
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1 Introduction
In the last decade, the huge success of deep learning
has been witnessed in the field of speech enhancement.
Typical deep neural networks (DNNs) contain fully con-
nected networks (FCNs) [1], recurrent neural networks
(RNNs), e.g., networks consist of long short-termmemory
(LSTM) layers [2–4], and convolutional neural networks
(CNNs) [5–7]. Generally, CNNs require much less train-
able parameters than FCNs and RNNs because of its
weight sharing mechanism [5]. Among all the CNNs, the
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convolutional encoder-decoder (CED) networks which
are also referred to as U-Net architectures are the most
popular and widely used for their promising speech
enhancement performance [8–11].
However, the typical deep learning-based speech

enhancement methods often introduce artificial residual
noise, especially when the phase information is neglected
in the training target [12], e.g., ideal ratio mask [13, 14], or
the magnitude of the clean speech and its variations [10,
11, 15]. Usually, this kind of noise is highly non-stationary,
and its power remains considerable in the middle-high
frequency band where the speech power spectral density
(PSD) is relatively low. According to the human hearing
model which is widely used in wideband audio coding
[16–19], when the residual noise PSD exceeds the noise
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masking threshold, it will be audible and annoying to a
human listener. Although many great efforts have been
made to suppress the residual noise either by combining
multiple dilated CNN layers, such as gated residual net-
works with dilated convolutions (GRN) in [8] and recur-
sive network with dynamic attention (DARCN) in [10], or
by adopting sub-pixel convolution, e.g., densely connected
neural network (DCN) in [20], the residual noise problem
has not been completely solved.
There are several DNN-based studies aiming to improve

speech quality by introducing perceptual metrics as a loss
function, i.e., the perceptual evaluation of speech quality
(PESQ)-based objective function [21, 22], because PESQ
score has been proven to show high correlation with
the speech quality rated by humans [23]. However, these
approaches focus on the improvement of only one objec-
tive metric, but the other metrics may have a degradation
[22]. Other studies employ phase-dependent targets such
as complex ratio mask (CRM) [24] and the complex spec-
trum [25, 26] to improve the perceptual quality of speech.
In these methods, the real and the imaginary components
of the targets need to be trained separately or jointly,
which can increase the network complexity as well as the
computational complexity in some degree.
This paper considers introducing some very low-

complexity schemes to suppress the artificial residual
noise components, so that speech quality can be improved
at a very low cost. It is well-known that, compared
with DNN-based methods, many conventional monau-
ral speech enhancement have much lower computational
complexity [27–30], and their performance is highly
dependent on the estimation accuracy of the noise PSD.
Classical noise PSD estimation methods include mini-

mum statistics (MS)-basedmethods [31, 32], minima con-
trolled recursive averaging (MCRA)-based methods [33–
35], minimum mean-square error (MMSE)-based meth-
ods [36, 37], and so on. Among those methods, the
unbiased MMSE-based noise PSD estimator proposed by
[37] is well-known for its low complexity and low track-
ing delay, which has shown brilliant noise PSD tracking
performance even in non-stationary noise scenarios. The
core component of this method is speech presence prob-
ability (SPP) estimation, which can determine the esti-
mation accuracy of noise PSD. However, the accuracy of
SPP estimation can be degraded when the non-stationary
property of the residual noise is remarkable.
To solve this problem, we consider three strategies to

estimate the SPP that can achieve faster noise tracking
than conventional unbiased MMSE-based noise PSD esti-
mator. The first strategy is utilizing the original noisy
speech signal to estimate SPP directly. The second strat-
egy regards the DNN framework as a gain function with
respect to the a posteriori signal-to-noise ratio (SNR),
from which the SPP is deduced. Both of the two methods

solve the SPP overestimation problem by avoiding esti-
mating the residual noise PSD directly from the enhanced
speech signals of DNNs. In contrast, the third strategy
takes advantage of the residual noise PSD to extract the
potential priori knowledge of SPP, and thus, an adap-
tive a priori SPP can be obtained. Notably, this strategy
is conducted frame-by-frame without introducing any
unnecessary latency.
Numerous objective and subjective experiments are

conducted to compare the proposed postfiltering strate-
gies with the conventional postfilter. The objective evalu-
ation results indicate that the proposed strategies have the
larger amount of noise reduction and better perceptual
speech quality than the conventional method. The sub-
jective listening test results also show that the proposed
posterfiltering strategies are more acceptable.

2 Problem formulation
2.1 Signal model
Assuming that the monaural noisy signal at the nth dis-
crete time index is modeled as x(n) = s(n) + d(n), where
s(n) denotes the clean speech, d(n) denotes the additive
noise, and the noise is uncorrelated to the clean speech,
then with short-time Fourier transform (STFT), we have

X(k, l) = S(k, l) + D(k, l), (1)

where k and l denote the frequency index and the
time frame index, respectively. X(k, l), S(k, l), and D(k, l)
denote the complex spectral coefficients of the noisy
speech, the clean speech and the noise, respectively. If we
regard the NN-based speech enhancement algorithms as
nonlinear mapping functions, then the enhanced speech
signal can be expressed as

Y (k, l) = G(X(k, l)), (2a)
= G(S(k, l) + D(k, l)), (2b)
= ̂S(k, l) + ˜D(k, l), (2c)

where G(·) denotes the nonlinear mapping function for
a certain DNN model, and ̂S(k, l) and ˜D(k, l) denote
the speech component and the noise component of the
enhanced speech signal, respectively. Notably, G(·) is a
nonlinear mapping function but not a linear gain func-
tion, so that Ŝ(k, l) �= G(S(k, l)) and ˜D �= G(D(k, l)). As
mentioned above, the residual noise generated by DNNs
is highly non-stationary, and its power is considerable
in the middle-high frequency band, which may severely
degrade the perceptual speech. This phenomenon will be
demonstrated and analyzed in the following part.

2.2 Analysis of the residual noise generated by DNNs
In this part, we tested the noise reduction performances
of several state-of-the-art and typical DNN models such
as CRN [9], GRN [8], DCN [20], and DARCN [10] and
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investigated the residual noise generated by these neural
networks through a psychoacoustic model.

2.2.1 Dataset generation and setups for training
The DNNs to be tested were fed in with the same input
feature, i.e., the noisy spectrum |X(k, l)|, and the same
target, i.e., the clean spectrum |S(k, l)|. Moreover, they
shared the same dataset as well. To obtain the simu-
lated data, we selected 4856, 800, and 100 utterances
from TIMIT [38] corpus for the training, validation, and
test sets, respectively. Besides, 130 types of noises in
accordance with [10] were selected for the training and
validation sets, where 115 types were taken from [39],
9 types (birds, casino, cicadas, computer keyboard, eat-
ing chips, frogs, jungle, machine guns, and motorcycles)
were selected from [40], 3 types (destroyer engine, fac-
tory1, and pink) were selected from NOISEX-92 [41], and
other 3 types of noise (aircraft, bus, and cafeteria) were
selected from a large sound library (available at https://
freesound.org). The Gaussian white noise was used for the
test set to investigate the noise reduction performance as
comprehensively as possible, because of its stationarity on
over time in fullband. The SNRs of training and valida-
tion sets were chosen in the range from −5 dB to 10 dB
with a resolution of 1 dB and that of the test set were
chosen from {−5, 0, 5, 10} dBs. The simulated noisy sig-
nals were obtained by mixing the clean utterances with a
certain noise under a certain SNR. Note that the noise sig-
nals were trimmed from a random start point and had the
same length with the clean speech signals. Finally, 40,000,
4000, and 800 noisy-clean pairs in total were generated for
training, validation, and testing, respectively.
The sampling rate for all speech signals was set at 16

kHz, and the speech signals were transformed into the fre-
quency domain using a 20-ms Hamming window, which is
widely used as it has lower worst-case side lobe than Hann
window and rectangular window. The frame shift param-
eter was set to 10 ms. All the models were trained using
stochastic gradient descent with ADAM optimizer [42],
with mean-square error (MSE) as the loss function. The
learning rate was initialized at 0.001, which was halved if
the validation loss increased 3 consecutive times. If the
validation loss increased 10 consecutive times, the train-
ing was then stopped early. In addition, the maximum
training epoches was set at 50, and the minibatch was
set at 4.

2.2.2 Results and analysis
Speech spectrograms before and after DNN-based speech
enhancement processing are presented in Fig. 1, where
the speech was randomly chosen from the test set, and
the background noise was white Gaussian noise with SNR
= 0 dB. Figure 1a and b are the clean and noisy and
speech spectrograms, respectively. Figure 1 c, d, e, and

f are the enhanced speech spectrograms of CRN, DCN,
GRN andDARCN, respectively. By comparing Fig. 1a with
c, d, e, and f, it can be observed that the residual noise
components of the four DNNs are all obvious, where the
enhanced speech spectra are blurred along both the time
axis and the frequency axis. Notably, during a large speech
absence segment, i.e., from 1.2 s to 1.5 s, the residual noise
components of the four DNNs have strong energies. By
comparing Fig. 1b with c, d, e, and f, it is obvious that
the stationary white noise became highly non-stationary
after the processing of DNNs, so that this kind of noise is
referred to as artificial noise. Herein, a log-spectral distor-
tion (LSD)measurement was conducted to test the speech
quality degradation, where the LSD was calculated as [43]

LSD =
[

1
KL

K
∑

k=1

L
∑

l=1

∣

∣

∣LS(k, l) − L̂S(k, l)
∣

∣

∣

2
]1/2

, (3)

where LS(k, l) = max
{

20 lg(|S(k, l)|), δ}, L̂S(k, l) =
max

{

20 lg(|̂S(k, l)|), δ}, and δ = maxk,l
{

20 lg(|S(k, l)|)} −
50. K is the number of frequency bins, and L is the
number of frames. The LSD measurement result showed
that the log-spectral distortion of CRN, DCN, GRN, and
DARCN were 2.50, 2.71, 4.84, and 2.86, respectively, indi-
cating the 4 typical DNNs could cause significant speech
quality degradation. To the best of our knowledge, the
existence of this artificial noise is a common phenomenon
of most DNN-based speech enhancement methods, espe-
cially when the training target does not contain the phase
information.
To further analyze and validate that the residual noise

of the aforementioned DNNs is disturbing to a human
listener, a psychoacoustic model was introduced to calcu-
late the noise masking threshold of the enhanced speech
signals. By taking consideration of the frequency selectiv-
ity and the masking property of the human ear, the noise
masking threshold was calculated as in [18]. The noise
masking threshold as well as the speech spectrum of the
clean speech and that of the enhanced speech are given in
Fig. 2, where the tested sentence and other setups were the
same as Fig. 1 and DCN was chosen as an example of typ-
ical DNNs. Particularly, the time and the frequency were
fixed at 0.96 s in Fig. 2a and 4500 Hz in Fig. 2b, respec-
tively. One can see from Fig. 2a that during the speech
presence frame and in some frequency bands, e.g., from
2000 Hz to 3000 Hz and from 4000 Hz to 5000 Hz, the
speech PSD is relative low, but the residual noise PSD is
over 10 dB larger than the noise masking threshold on
average. As for Fig. 2b, it can be observed that the resid-
ual noise is highly non-stationary. Notably, during a large
speech absence segment, i.e., from 1.2 s to 1.5 s, the noise
PSD far exceeds the noise masking threshold, i.e., about
50 dB on average. According to psychoacoustics, once the
noise PSD is larger than the noise masking threshold, the

https://freesound.org
https://freesound.org
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Fig. 1 Speech spectrograms. a Clean speech. b Noisy speech. c Speech enhanced by CRN. d Speech enhanced by DCN. e Speech enhanced by
GRN. f Speech enhanced by DARCN

Fig. 2 Speech spectrums and the corresponding noise masking thresholds. aMask threshold at 0.96 s. bMask threshold at 4500 Hz
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noise can be audible to a human listener, so one can see
that the perceptual quality of the enhanced speech could
be severely degraded.
It should be noted that, many state-of-the-art DNNs like

GRN [8], DARCN [10], and DCN [20] have already taken
the artifacts into consideration and adjusted their net-
works by either combining multiple dilated convolutional
layers or adopting sub-pixel convolution procedures, but
the artificial residual noise problem still remained and
influenced the auditory perception seriously. As con-
ventional monaural speech enhancement methods are
well-known for their low computational complexity and
effectiveness [37], this paper utilizes conventional speech
enhancement method as postprocessing for those DNN
models.
Themost crucial and challenging component of conven-

tional monaural speech enhancement method is the noise
PSD estimation. Once the noise PSD is estimated, then the
a priori SNR can be deduced via decision-directed (DD)
approach [27], and the gain function can be obtained as

G(k, l) = ̂ξDD(k, l)
1 +̂ξDD(k, l)

, (4)

wherêξDD is the estimated a priori SNR. Finally, the post-
filtered signal Z(k, l) can be obtained by applying the gain
function on the enhanced speech signal, namely Z(k, l) =
G(k, l)Y (k, l). In the following section, the proposed noise
PSD estimation methods will be illustrated.

3 Noise PSD estimationmethods
3.1 MMSE-based noise PSD estimation method
When applying the unbiased MMSE-based noise PSD
estimator on the enhanced speech spectrum Y (k, l) of
DNNs, two hypotheses H0(k, l) and H1(k, l) which indi-
cate speech absence and presence in the kth frequency bin
of the lth frame, respectively, are assumed as [37]

H0(k, l) : Y (k, l) = ˜D(k, l), (5a)
H1(k, l) : Y (k, l) =̂S(k, l) + ˜D(k, l). (5b)

And the a posteriori probability of speech presence can be
calculated using Bayes’ theorem:

P (H1|Y )=
(

1+ P(H0)

P(H1)
(1+ξH1)exp

(

−|Y |2
σ̂ 2

˜D

ξH1

1 + ξH1

))−1

,

(6)

where the speech and noise spectral coefficients are sup-
posed to be subject to a complex circular-symmetric
Gaussian distribution, and their PSDs are defined by σ 2

̂S =
E{|̂S|2} and σ 2

˜D = E{|˜D|2}, respectively; ξH1 is a fixed
a priori SNR, and P(H0) and P(H1) denote the a priori

speech absence and presence probability, respectively. For
notational convenience, the time-frame index l and the
frequency index k has been discarded. As in [37], the opti-
mal value of the a priori SNR is equal to 15 dB, which is
obtained byminimizing the total probability of error when
assuming the true a priori SNR ξ is uniformly distributed
between 0 and 100 dB. Besides, the fixed a priori SNR can
also guarantee that the two models for speech presence
and speech absence differ and thus enables a posteriori
SPP estimates close to zero in speech absence. Both P(H0)
and P(H1) are set to 0.5 under the worst case assump-
tion. Accordingly, under speech presence uncertainty, an
MMSE estimator for the raw noise PSD can be obtained as

E
{|˜D|2∣∣Y} = (1 − P(H1|Y )) |Y |2 + P(H1|Y )̂σ 2

˜D, (7)

where σ̂ 2
˜D is estimated from the previous frame, i.e., σ̂ 2

˜D =
σ̂ 2

˜D(k, l − 1). Thus, the estimated noise PSD can be cal-
culated using the estimated raw noise PSD by recursive
averaging

σ̂ 2
˜D(k, l) = ησ̂ 2

˜D(k, l − 1) + (1 − η)E
{|˜D|2∣∣Y}

, (8)

where η = 0.8 is a smoothing factor.
Once the noise PSD is very small or strongly underes-

timated, one can see from Eq. (6) that the SPP will be
highly overestimated. Consequently, the raw noise PSD in
Eq. (7) will not be updated anymore. To avoid stagnation,
the estimated SPP is calculated by recursively smoothing
illustrated in [37]. Through this way, the delay of noise
tracking can be effectively reduced. But even then, it still
is significant, especially when dealing with highly non-
stationary noise, e.g., the artificial residual noise of the
enhanced speech signals of DNNs. To solve this problem,
this paper presents three noise estimation strategies that
can further speed up noise tracking on the base of the
conventional unbiasedMMSE-based noise PSD estimator.

3.2 Proposed noise PSD estimation methods
3.2.1 SPP estimation using original noisy spectrum
The first strategy is to estimate the SPP from the original
noisy spectrum, X(k, l), instead of the enhanced speech
spectrum of DNNs, Y (k, l). Namely, the notations Y (k, l)
and σ̂ 2

˜D in Eq. (6) are substituted by X(k, l) and σ̂ 2
D, respec-

tively, where σ̂ 2
D = E{|D|2} is the estimated noise PSD

of the original noisy observation. The two hypotheses of
speech absence and presence are respectively denoted as

H(1)
0 : X(k, l) = D(k, l), (9a)

H(1)
1 : X(k, l) = S(k, l) + D(k, l). (9b)

Thus, the a posteriori SPP can be written as
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P
(

H(1)
1 |X

)

=
⎛

⎝1+
P

(

H(1)
0

)

P
(

H(1)
1

)

(

1+ξH1

)

exp
(

−|X|2
σ̂ 2
D

ξH1

1 + ξH1

)

⎞

⎠

−1

,

(10)

where P(H(1)
0 ) and P(H(1)

1 ) denote the a priori speech
absence and presence probability, respectively. Similarly,
we also let P(H(1)

0 ) = P(H(1)
1 ) = 0.5. Subsequently, substi-

tute P(H(1)
1 |X) for P(H1|Y ) in Eq. (7), then the estimated

noise PSD can be obtained using Eq. (8). This strategy
is motivated by the fact that, on the one hand, for the
same speech corrupted by different types of noise, the
SPP should keep consistency. On the other hand, the
original noisy spectrum is relatively more stationary than
that of the residual noise of DNNs, and thus, the SPP
overestimation problem can be mitigated.

3.2.2 SPP estimation using gain functions of DNNs
As illustrated above in Eq. (2a), if the DNN-based speech
enhancement processing can be considered as a nonlinear
mapping function, then the original noisy speech signal
can be expressed as X(k, l) = Y (k, l) + V (k, l), where
V (k, l) denotes the removed noise by a certain DNN that is
independent with Y (k, l). Accordingly, the two hypotheses
of speech absence and presence can be written as

H(2)
0 : X(k, l) = V (k, l), (11a)

H(2)
1 : X(k, l) = Y (k, l) + V (k, l), (11b)

and the time-frequency (T-F) mask M(k, l) can be
deduced as

M(k, l) = E
{|Y (k, l)|2}

E
{|X(k, l)|2} ≈ E

{|X(k, l)|2} − E
{|V (k, l)|2}

E
{|X(k, l)|2}

= γ (k, l) − 1
γ (k, l)

,

(12)

where γ (k, l) = E
{|X(k, l)|2} /E

{|V (k, l)|2} denotes the a
posteriori SNR. In reality, E

{|Y (k, l)|2} and E
{|X(k, l)|2}

can not be obtained, so the transient T-F mask is used
instead, i.e., M(k, l) = |Y (k, l)|2/|X(k, l)|2. According to
Eq. (12), the a posteriori SNR can be calculated as

γ (k, l) = 1
1 − min

(

M(k, l), 0.999
) , (13)

where the upper bound of mask M(k, l) is set at 0.999 to
avoid division by zero. By substituting the item |X|2/σ̂ 2

D
using γ in Eq.(10), the estimated SPP based on the DNN

gain function can be obtained as

P
(

H(2)
1 |γ

)

=
⎛

⎝1+
P

(

H(2)
0

)

P
(

H(2)
1

) (1+ξH1) exp
(

−γ
ξH1

1 + ξH1

)

⎞

⎠

−1

,

(14)

where P
(

H(2)
0

)

and P
(

H(2)
1

)

denote the a priori speech
absence and presence probability, respectively. Both of
them are set to 0.5. Subsequently, by substituting Eq. (14)
in Eqs. (7) and (8), the noise PSD can be obtained.

3.2.3 SPP estimation using potential prior knowledge of
residual noise

The first two strategies replace the a posteriori SNR,
|Y |2/σ̂ 2

˜D, in Eq. (6) by |X|2/σ̂ 2
D and γ , respectively. In

this way, SPP overestimation can be mitigated when σ̂ 2
˜D

was strongly underestimated. However, the a priori SPP
P

(

H(1)
1

)

and P
(

H(2)
1

)

are set to 0.5 under the worst case
assumption. Differently, the third strategy takes advantage
of the relationship between the residual noise PSD and
the SPP, and deduces an adaptive a priori speech presence
probability, i.e., P

(

H(3)
1

)

.
In this strategy, we exploit the priori probability of

speech presence information from the ratio between the
PSDs of the original noisy speech and the enhanced
speech, which is defined as

ζ(k, l) = E
{|X(k, l)|2}

E
{|Y (k, l)|2} . (15)

Assuming the clean speech and the original noise are
mutually independent, and the speech component and
the noise component of the enhanced speech signal are
also mutually independent, then the corresponding two
hypotheses of speech absence and speech presence can be
expressed as

H(3)
0 : ζH0(k, l) = E

{|D(k, l)|2}

E
{|˜DH0(k, l)|2

} , (16a)

H(3)
1 : ζH1(k, l) = E

{|S(k, l)|2} + E
{|D(k, l)|2}

E
{|̂S(k, l)|2} + E

{|˜DH1(k, l)|2
} , (16b)

where ζH0(k, l) and ζH1(k, l) denote the PSD ratios
under hypotheses H(3)

0 and H(3)
1 , respectively.

∣

∣˜DH0(k, l)
∣

∣

and |˜DH1(k, l)| denote the residual noise spectra during
speech absence and speech presence, respectively. Sup-
posing E{|̂S(k, l)|2} ≈ E{|S(k, l)|2}, then Eq. (16b) can be
approximated by

ζH1(k, l) ≈ 1 + ξ−1(k, l)
1 +˜ξ−1(k, l)

, (17)

where ξ(k, l) = E
{|S(k, l)|2} /E

{|D(k, l)|2} denotes the
a priori SNR of original noisy speech, and ˜ξ(k, l) =
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E{|S(k, l)|2}/E{|˜DH1(k, l)|2} denotes the a priori SNR of
the enhanced speech processed by DNNs. Mostly, the
residual noise PSD is lower than the original noise PSD,
i.e.,˜ξ(k, l) ≥ ξ(k, l), then we have

ζH1(k, l) ≤ ˜ξ(k, l)
ξ(k, l)

= E{|D(k, l)|2}
E{|˜DH1(k, l)|2}

. (18)

Moreover, the residual noise PSDs in the speech absence
segments are prevalently lower than that in the speech
presence segments, i.e. E

(|˜DH0 |2
) ≤ E

(|˜DH1 |2
)

, because
DNN-based speech enhancement methods tend to pro-
tect the speech from distortion during the speech pres-
ence segments by sacrificing the noise reduction amount.
Thus, by comparing Eq. (16a) and Eq. (18), we can con-
clude that ζH0(k, l) ≥ ζH1(k, l) with a high probability.
Namely, the larger the value of ζ(k, l), the greater the
probability of speech absence. Accordingly, we utilize the
generalized sigmoid function as the a priori probability of
speech absence P

(

H(3)
0

)

, which is defined by

P
(

H(3)
0

)

= 1
1 + exp(−αζ(k, l) + β)

, (19)

where α and β are two non-negative parameters, which
satisfy α = 1.18 and β = 0.5, respectively. Note that β is
set to be non-negative to limit the value of P(H0), so that
speech distortion can be reduced. By substituting Eq. (19)
in Eq. (6), the SPP based on priori knowledge of speech
presence can be obtained as

P
(

H(3)
1 |Y

)

=
⎛

⎝1 +
P

(

H(3)
0

)

P
(

H(3)
1

)

(

1 + ξH1

)

exp
(

−|Y |2
σ̂ 2

˜D

ξH1

1 + ξH1

)

⎞

⎠

−1

,

(20)

where P
(

H(3)
1

)

= 1 − P
(

H(3)
0

)

. Similarly, the estimate
noise PSD can be estimated by substituting Eq. (20) into
Eq. (7) and Eq. (8).
Finally, we substitute the noise PSD estimated from each

noise PSD estimator described above into Eq. (6), and by
applying the MCRA method [33], a smoother noise PSD
can be estimated, which is beneficial for avoiding speech
distortion as well as music noise.

3.3 Computational complexity comparison
In this part, the computational complexity of the afore-
mentioned 4 typical DNN-based speech enhancement

algorithms and the 3 proposed postfiltering methods
are evaluated and compared. Their floating point opera-
tions (FLOPs) per frame are summarized in Table 1. As
shown in Table 1, the FLOPs of the proposed 3 post-
filtering methods are far lower than that of the 4 typi-
cal DNN-based speech enhancement methods, indicating
that when using the proposed 3 postfiltering methods,
there is almost no additional amount of computation.

4 Experiments and discussion
4.1 Noise tracking and reduction performance
Section 3.2 presents three strategies of noise PSD esti-
mation to solve the SPP overestimation problem. In
this section, numerous experiments were conducted
to demonstrate the negative effects of SPP overesti-
mation by using the conventional MMSE-based noise
PSD estimation method and to validate the perceptual
speech quality improvement by using the three pro-
posed SPP estimation strategies. In the following, post-
filtering based on conventional MMSE noise PSD esti-
mation is referred to as SPP-MMSE, and the postfil-
ters proposed in Sections 3.2.1, 3.2.2, and 3.2.3, using
P

(

H(1)
1 |X

)

, P
(

H(2)
1 |γ

)

, and P
(

H(3)
1 |Y

)

, are referred to as
SPP-proposed-1, SPP-proposed-2, and SPP-proposed-3,
respectively.
To compare the noise PSD estimation performance

of the conventional MMSE-based noise PSD estimation
method and that of the proposed three strategies, the
residual noise PSD needs to be calculated first. Assum-
ing the speech component and the noise component
in Eq. (2c) are mutually uncorrelated, then we have
E

{|Y (k, l)|2} = E
{|̂S(k, l)|2}+E

{|˜D(k, l)|2}. If we rewrite
Eq. (12) as

E
{|Y (k, l)|2} = M(k, l)E

{|X(k, l)|2}

≈ M(k, l)
(

E
{|S(k, l)|2} + E

{|D(k, l)|2}) ,
(21)

then the approximate residual noise PSD can be obtained
as E

{|˜D(k, l)|2} ≈ M(k, l)E
{|D(k, l)|2}. As M(k, l) is

hard to know in reality, the transient mask M(k, l) =
|Y (k, l)|2/|X(k, l)|2 was used instead. Figure 3 plots their
noise PSD estimation results under white noise and babble
noise. Figure 3a and b show the enhanced speech PSDs of
DCN [20], the corresponding residual noise PSDs and the
estimate noise PSDs of different noise estimationmethods

Table 1 The FLOPs per frame of CRN, DCN, GRN, DARCN, and the 3 proposed posterfiltering methods

DNNs Postfiltering methods

Method CRN DCN GRN DARCN SPP-proposed-1 SPP-proposed-2 SPP-proposed-3

MFLOPs 32.22 46.68 10.40 64.66 0.014 0.0098 0.016
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Fig. 3 Noise PSD estimate results. a Noise PSD estimate results at 800 Hz under white noise. b Noise PSD estimate results at 4500 Hz under white
noise. c Noise PSD estimate results at 800 Hz under babble noise. d Noise PSD estimate results at 4500 Hz under babble noise

at 800 Hz and 4500 Hz, respectively, where the back-
ground noise was white Gaussian noise with SNR set at
0 dB. Figure 3c and d show the results under babble noise
with the same SNR.
As shown in Fig. 3, the noise tracking performance

of the conventional MMSE-based noise PSD estimation
method named as SPP-MMSE is the worst one under
the two types of noise scenarios. This is because the SPP
was overestimated. In contrast, the noise PSD estimation
methods proposed in this paper show better noise track-
ing performances than SPP-MMSE. As shown in Fig. 3a
and c, among the proposedmethods, SPP-proposed-3 can
not track the noise PSD as fast as the others, because
this method is based on the SPP P(H(3)

1 |Y ), which uses
the same a posteriori SNR as SPP-MMSE and has the
SPP overestimation problem as well. By comparing Fig. 3b
and d, it can be seen that when the background noise
is white noise and the frequency is equal to 4500 Hz,
SPP-proposed-1 has the fastest noise tracking capability,
and thus shows the most impressive noise PSD estimation
performance. But when the background noise is bab-
ble noise, SPP-proposed-2 outperforms SPP-proposed-1.

This is because the babble noise has more energy in the
low-frequency band than that in the high-frequency band,
so the a posteriori SNR at high frequency bins, e.g., 4500
Hz, is relatively high. When using the original noisy signal
to estimate the SPP, the noise tracking can be impacted. In
contrast, as SPP-proposed-2 utilizes the enhanced speech
signals obtained from the DNN-based methods to calcu-
late the a posteriori SNR, the resulting noise energy is
almost uniform after the processing of DNNs. As a result,
SPP-proposed-2 shows faster noise tracking than SPP-
proposed-1 under babble noise. Notably, when SNR is
relatively high, e.g., more than 10 dB during 0.6 s and 0.8 s,
all the noise PSD estimators may underestimate the noise
PSD. This is because during the time interval with high
SNR, the estimated SPPs of these estimators approach to
1, and thus the noise PSD will not update anymore. This
property is helpful to reduce the speech distortion.
To intuitively observe the noise reduction performance

of the post-filters, we demonstrated the speech spectro-
grams before and after postfiltering in Fig. 4, where the
tested speech was the same with Fig. 1 and the DARCN
was chosen as an example of typical DNNs. Figure 4a
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Fig. 4 Speech spectrograms before and after postprocessing. a Clean speech. b Speech enhanced by DARCN. c DARCN with postfiltering based on
SPP-MMSE. d DARCN with postfiltering based on SPP-proposed-1. e DARCN with postfiltering based on SPP-proposed-2. f DARCN with postfiltering
based on SPP-proposed-3

is the clean speech. Figure 4b is the enhanced speech
processed by DARCN. Figure 4c–f illustrate the postpro-
cessed speech spectrograms using conventional MMSE-
based noise PSD estimation method and the proposed
three strategies, respectively. It can be seen from Fig. 4c
that considerable residual noise remains, this is due to the
overestimated SPP of the conventional unbiased MMSE-
based noise PSD estimator impacting the noise tracking.
In contrast, the proposed three methods have better noise
reduction performance, whereas the results of the three
proposed methods are similar. In order to observe and
compare these postfiltering methods more comprehen-
sively, numerous objective and subjective experiments
were conducted in the following part.

4.2 Objective evaluation
We utilized the perceptual evaluation of speech quality
(PESQ) [23], the segmental SNR (segSNR) [44], and the

short-time objective intelligibility (STOI) [45] to evaluate
the speech quality improvement, the noise reduction per-
formance, and the speech intelligibility improvement of
the aforementioned postfiltering methods. Table 2 gives
the average PESQ scores of the noisy speech, the enhanced
speech of typical DNNs, and the postfiltered speech sig-
nals with SNR set at −5 dB, 0 dB, 5 dB, and 10 dB.
Under each SNR, 10 utterances of the same test set with
the Section 2.2 were chosen, and the background noise
for each clean speech signal was chosen randomly from
NOISEX-92.
From Table 2, it is obvious that through postfiltering,

the speech quality of the enhanced speech processed by
typical DNNs such as CRN, DCN, GRN, and DARCN
can be remarkably improved. Besides, all the proposed
postfiltering strategies show better performance than the
conventional MMSE-based postfilter. Among the pro-
posed methods, SPP-proposed-1 can obtain the highest
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Table 2 The average PESQ scores with and without postfiltering for the typical DNN-based speech enhancement methods

SNR/dB − 5 0 5 10 Aver. SNR/dB − 5 0 5 10 Aver.

Noisy 1.32 1.66 2.00 2.40 1.85 Noisy 1.32 1.66 2.00 2.40 1.85

CRN 1.94 2.55 2.78 3.10 2.59 DCN 1.89 2.46 2.75 3.06 2.54

SPP-MMSE 2.00 2.59 2.83 3.19 2.65 SPP-MMSE 1.90 2.48 2.79 3.12 2.57

SPP-proposed-1 2.03 2.70 2.94 3.28 2.74 SPP-proposed-1 1.99 2.58 2.93 3.23 2.68

SPP-proposed-2 2.03 2.68 2.92 3.27 2.73 SPP-proposed-2 2.01 2.57 2.90 3.22 2.68

SPP-proposed-3 2.03 2.69 2.90 3.23 2.71 SPP-proposed-3 1.96 2.57 2.86 3.19 2.65

GRN 1.96 2.57 2.75 2.94 2.56 DARCN 1.97 2.65 2.86 3.15 2.66

SPP-MMSE 1.95 2.59 2.77 3.00 2.58 SPP-MMSE 1.96 2.70 2.90 3.22 2.70

SPP-proposed-1 2.03 2.71 2.89 3.12 2.69 SPP-proposed-1 2.00 2.80 3.00 3.33 2.78

SPP-proposed-2 2.03 2.71 2.86 3.11 2.68 SPP-proposed-2 1.96 2.74 2.95 3.27 2.73

SPP-proposed-3 2.01 2.70 2.85 3.06 2.66 SPP-proposed-3 1.99 2.80 2.96 3.31 2.77

average PESQ score. One can see that when applying
SPP-proposed-1 on GRN with the SNR equal to 10 dB,
the PESQ score could be improved up to 0.18, that was
0.12 higher than SPP-MMSE, indicating its prominent
speech quality improvement ability. By comparing SPP-
proposed-2 and SPP-proposed-3, it can be observed that
when dealing with the enhanced speech signals of CRN,
DCN, and GRN, SPP-proposed-2 showed slightly better
performance than SPP-proposed-3, but when dealing with
the enhanced speech signals of DARCN, SPP-proposed-
3 gained more PESQ scores than SPP-proposed-2. This
is because SPP-proposed-3 tended to underestimate noise
PSD than other two strategies as shown in Fig. 3, and the
residual noise PSD of DARCN may be smaller than that
of other DNNs [10], making SPP-proposed-3 fits DARCN
better than SPP-proposed-2.
Table 3 gives the average segSNRs of the noisy speech

signals, the enhanced speech signals of typical DNNs and
the postfiltered speech signals with SNR set at − 5 dB,
0 dB, 5 dB, and 10 dB, respectively. The simulated data was
in accordance with Table 2. As shown in Table 3, the con-
ventional MMSE-based postfiltering method had already

improved the segmental SNR of the enhanced speech
signals of typical DNNs, and the proposed postfiltering
strategies showed better performance than SPP-MMSE.
Among the three proposed strategies, SPP-proposed-1
and SPP-proposed-3 obtained more segmental SNRs than
SPP-proposed-2. Note that, when the SNRs were equal
to − 5 dB and 5 dB, SPP-proposed-1 could mostly gain
higher segmental SNR than SPP-proposed-3. In con-
trast, when the SNRs were equal to 0 dB and 10 dB,
SPP-proposed-3 gained higher segmental SNR than SPP-
proposed-1.
Table 4 gives the average STOIs of the noisy speech sig-

nals, the enhanced speech signals of typical DNNs and
the postfiltered speech signals with SNR set at − 5 dB,
0 dB, 5 dB, and 10 dB, respectively. From Table 4, it
can be seen that almost all the postfiltering processing
might reduce the speech intelligibility. This is because
the 4 state-of-the-art DNN models were very excellent
in speech intelligibility improvement, especially when the
input SNR was relatively low, and although the post-
filtering processing could reduce the residual noise, it
also introduced some speech distortion as well. As the

Table 3 The average segSNRs with and without postfiltering for the typical DNN-based speech enhancement methods

SNR/dB − 5 0 5 10 Aver. SNR/dB − 5 0 5 10 Aver.

Noisy −7.00 −4.06 −0.85 2.69 −2.31 Noisy −7.00 −4.06 −0.85 2.69 −2.31

CRN −0.03 3.61 5.62 9.18 4.60 DCN −0.28 3.25 5.68 8.82 4.37

SPP-MMSE 0.46 4.10 6.14 9.71 5.10 SPP-MMSE 0.26 3.65 6.14 9.40 4.86

SPP-proposed-1 1.34 4.50 6.75 9.95 5.64 SPP-proposed-1 1.34 4.28 6.79 9.70 5.53

SPP-proposed-2 1.27 4.38 6.60 9.76 5.50 SPP-proposed-2 1.30 4.15 6.59 9.50 5.39

SPP-proposed-3 1.25 4.62 6.68 10.05 5.65 SPP-proposed-3 1.32 4.29 6.64 9.76 5.50

GRN 0.11 3.99 6.02 9.28 4.85 DARCN 0.67 3.99 6.13 9.10 4.97

SPP-MMSE 0.57 4.28 6.33 9.62 5.20 SPP-MMSE 1.10 4.46 6.48 9.37 5.35

SPP-proposed-1 1.66 4.79 6.97 9.90 5.83 SPP-proposed-1 1.73 4.66 6.69 9.40 5.62

SPP-proposed-2 1.53 4.67 6.80 9.76 5.69 SPP-proposed-2 1.35 3.98 5.87 8.34 4.89

SPP-proposed-3 1.57 4.91 6.87 9.93 5.82 SPP-proposed-3 1.73 4.85 6.75 9.60 5.73
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Table 4 The average STOIs (%) with and without postfiltering for the typical DNN-based speech enhancement methods

SNR/dB − 5 0 5 10 Aver. SNR/dB − 5 0 5 10 Aver.

Noisy 60.12 73.29 85.89 91.30 77.65 Noisy 60.12 73.29 85.89 91.30 77.65

CRN 77.46 86.82 93.93 95.70 88.48 DCN 79.46 86.10 93.78 95.73 88.77

SPP-MMSE 76.95 86.55 93.67 95.71 88.22 SPP-MMSE 78.92 85.61 93.59 95.79 88.48

SPP-proposed-1 75.28 84.70 92.76 95.46 87.05 SPP-proposed-1 76.89 84.06 92.72 95.56 87.31

SPP-proposed-2 75.42 84.84 92.41 95.03 86.93 SPP-proposed-2 77.56 84.28 92.17 95.37 87.34

SPP-proposed-3 75.51 85.65 93.62 95.83 87.65 SPP-proposed-3 77.27 85.21 93.46 95.91 87.96

GRN 79.52 87.93 94.23 95.71 89.35 DARCN 79.44 88.99 94.02 95.64 89.52

SPP-MMSE 79.36 87.79 94.03 95.66 89.21 SPP-MMSE 79.26 88.92 93.89 95.63 89.43

SPP-proposed-1 77.34 85.94 93.15 95.60 88.01 SPP-proposed-1 76.95 86.73 92.83 95.37 87.97

SPP-proposed-2 77.61 86.28 92.67 94.97 87.88 SPP-proposed-2 77.54 86.41 91.51 93.75 87.30

SPP-proposed-3 77.94 87.06 94.08 95.86 88.74 SPP-proposed-3 77.65 87.37 93.74 95.58 88.59

DNN-based speech enhancement algorithms have already
improved the speech intelligibility obviously, the STOI
improvement performance of the postfiltering processing
is not that important. In the following, we mainly ana-
lyze the influences of the proposed three strategies on the
PESQ scores and the segSNRs.
As shown in Tables 2 and 3, the PESQ scores and the

segSNRs can be affected by the type of the DNN models
and the input SNRs. To investigate how the DNN model
and the input SNR affect the average PESQ scores and the
segSNRs, we analyzed the data of Tables 2 and 3 through
a two-way analysis of variances (ANOVA) [46]. The test-
ing result showed that, on the one hand, both the input
SNR and the DNN model had significant effects on PESQ
scoring. Their F values were F(3, 80) = 1324.422 (p <

0.001) and F(3, 80) = 12.195 (p < 0.001), respec-
tively. Moreover, the effect of SNR depended on the effect
of DNN model [ F(9, 80) = 3.866, p < 0.001]. On
the other hand, the input SNR was of statistical signifi-
cance to segSNR [ F(3, 80) = 256.048, p < 0.001], but
the DNN model had no significant difference in segSNR
[ F(3, 80) = 1.799, p = 0.156]. Besides, there was
no inter-action effect between SNR and DNN model on
segSNR [ F(9, 80) = 0.930, p = 0.506]. It can be seen that
the SNR has significant effect on both PESQ scoring and
segSNR when using the same DNNmodel.
As the background noise was randomly chosen from

NOISEX-92 dataset under different SNRs, the types of
noise under each SNR were not uniformly distributed.
In order to investigate how the type of noise can affect
the PESQ score and the segSNR, 4 types of noise with
SNR= {−5, 0, 5, 10} dBs were further tested and com-
pared, including white noise, babble noise, factory noise
and f16 noise. The average improvement of segSNRs and
PESQ scores are shown in Table 5, where 
PESQ and

segSNRmean PESQ score increment and segSNR incre-
ment, respectively. From Table 5, it can be seen that
the PESQ score improvement was highly correlated with

the type of noise. When the background noise was bab-
ble noise or factory noise, SPP-proposed-2 could obtain
the highest PESQ score improvement. Moreover, SPP-
proposed-1 and SPP-proposed-3 showed impressive per-
formance when the background noise was white noise
and f16, respectively. As for segSNR, SPP-proposed-3 out-
performed others in most cases. But the segSNR metric
seemed related to the type of DNN model. For exam-
ple, when using CRN and DCN models, SPP-proposed-1
could obtain higher segSNR than SPP-proposed-3.
Similarly, we utilized a two-way ANOVA to investi-

gate how important of the effects of DNN model and
the noise type on the average PESQ score and segSNR
improvements, and the result showed that the noise type
had significant effects on both the PESQ [ F(3, 80) =
211.550, p < 0.001] and the segSNR improvements
[ F(3, 80) = 31.311, p < 0.001]. Moreover, the
DNN model has significant difference for PESQ scoring
[ F(3, 80) = 30.209, p < 0.001], but has no significant
difference for segSNR [ F(3, 80) = 3.742, p = 0.015].
Besides, there is an interaction effect between the noise
type and the DNN model on PESQ scoring [ F(9, 80) =
3.879, p = 0.001] and segSNR improvement [ F(9, 80) =
3.979, p = 0.001]. By combining Table 5 with the result
of the two-way ANOVA, it can be seen that the three
proposed postfiltering methods fit different types of back-
ground noise in terms of PESQ and segSNR. But the effect
of noise type on both PESQ and segSNR depends on that
of the DNN model. Among the 4 tested typical DNN
models, DARCN showed the best performance of speech
quality improvement.
Overall, we can draw a conclusion that, all the proposed

strategies have better performance than the conventional
MMSE-based noise PSD estimator. Moreover, the perfor-
mances of the three proposed strategies depend heavily
on the input SNR and the noise type in terms of PESQ
scoring and segSNR improvement. As shown in Table 2,
SPP-proposed-1 which only relies on the original noisy
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Table 5 The average PESQ scores increment and segSNRs increment with and without postfiltering for the typical DNN-based speech
enhancement methods under the assigned types of noise

Objective metrics �PESQ �segSNR

Noise type White Babble f16 Factory White Babble f16 Factory

CRN 1.02 0.53 0.71 0.74 6.63 4.58 4.35 4.96

SPP-MMSE 1.08 0.55 0.75 0.75 7.39 5.22 5.00 5.75

SPP-proposed-1 1.16 0.61 0.89 0.81 7.83 5.58 5.69 6.07

SPP-proposed-2 1.16 0.64 0.88 0.85 7.85 5.59 5.59 6.18

SPP-proposed-3 1.17 0.6 0.86 0.81 8.00 5.72 5.68 6.34

DCN 0.83 0.54 0.75 0.68 5.37 4.82 5.17 5.34

SPP-MMSE 0.90 0.56 0.79 0.69 5.77 5.31 5.95 5.99

SPP-proposed-1 0.99 0.61 0.90 0.72 6.48 5.71 6.69 6.32

SPP-proposed-2 0.98 0.65 0.89 0.79 6.44 5.76 6.55 6.41

SPP-proposed-3 1.02 0.59 0.87 0.74 6.52 5.76 6.61 6.56

GRN 1.02 0.6 0.77 0.67 6.64 5.01 5.21 5.57

SPP-MMSE 1.07 0.61 0.8 0.67 6.89 5.28 5.8 5.86

SPP-proposed-1 1.18 0.69 0.90 0.72 7.65 5.77 6.50 6.22

SPP-proposed-2 1.18 0.71 0.88 0.78 7.64 5.81 6.39 6.35

SPP-proposed-3 1.20 0.67 0.89 0.73 7.78 5.86 6.51 6.47

DARCN 1.06 0.71 0.92 0.86 6.42 5.29 5.76 5.76

SPP-MMSE 1.15 0.71 0.95 0.88 6.88 5.72 6.48 6.43

SPP-proposed-1 1.17 0.80 1.02 0.92 7.32 5.98 6.88 6.65

SPP-proposed-2 1.13 0.76 0.95 0.90 6.89 5.59 6.42 6.30

SPP-proposed-3 1.20 0.78 1.01 0.93 7.52 6.12 6.98 6.92

speech outperforms others in terms of PESQ in most
cases, followed by SPP-proposed-3. As shown in Table 3,
SPP-proposed-3 outperforms others in terms of segSNR
in most cases. Besides, DARCN can obtain higher PESQ
scores and segSNRs than other 3 typical DNN models in
most cases.

4.3 Subjective evaluation
4.3.1 Participants and listening test procedure
In this subsection, the perceptual speech quality of
the proposed postfiltering strategies were investigated
through AB listening tests follows the procedures in [45].
The experiment was conducted in a quiet room, and
16 audiologically normal-hearing subjects aged from 25
to 35 years old participated in the listening tests; all of
them were graduate students or teachers at the Institute
of Acoustics, Chinese Academy of Sciences. Each listen-
ing test consisted of stimuli pairs played back blindly
and in randomized order over a closed circumaural head-
phone at a comfortable listening level, and the participants
were presented with three options on a computer, where
the first two options indicated a preference for the cor-
responding stimuli, the third option denoted a similar
preference for both stimuli. Participants were told to grade
those stimulus in terms of the speech naturalness. The
stimuli awarded in each test listening was given a score of

+1, and the other was given a 0. For the similar preference
pairs, each stimuli was given a score of +0.5.
In the implementation, the same stimulus with

Section 4.2 were used, where for each of the four typical
DNNs including CRN, DCN, GRN, and DARCN, 4 SNRs
including −5 dB, 0 dB, 5 dB, and 10 dB were consid-
ered, and for each SNR, 5 utterances were chosen to be
tested. Three proposed noise PSD estimators including
SPP-proposed-1, SPP-proposed-2, and SPP-proposed-3
were compared with SPP-MMSE and DNNs as well as the
clean speech signals to validate the effectiveness of the
proposed methods. For each stimuli pair, 3 of 5 different
sentences to be played back under a certain SNR were
randomly chosen in a random order. Namely, there are 45
(3 sentences × 15 pairs) stimuli pairs in total provided to
every participant. Note that the type of DNNs within each
stimuli pair was kept consistent but was independent
with other pairs, which was randomly chosen from CRN,
DCN, GRN, and DARCN. Finally, the preference scoring
results were given in terms of percentages.

4.3.2 Results of subjective listening tests
Figure 5 gives the boxplot of the subjective listening test,
where the scoring percentages indicate the average pref-
erences of the participants and “DNN” is referred to
the aforementioned four typical DNN models. It can be



Ke et al. EURASIP Journal on Audio, Speech, andMusic Processing         (2021) 2021:17 Page 13 of 15

Fig. 5Mean subjective preference scores (%) for different methods

seen from Fig. 5 that the clean speech has the highest
preference score while the enhanced speech with DNNs
has the lowest scores. This was caused by the artifi-
cial noise contained in the enhanced speech signals. The
score of SPP-MMSE was slightly higher than DNN, which
means that the performance of the conventional MMSE-
based postfiltering method could be degraded a lot when
dealing with the enhanced speech signals of DNNs. On
the contrast, the proposed three methods gained much
higher preference scores than SPP-MMSE, indicating the
validity of the proposed noise PSD estimation strategies.
Among the three strategies, SPP-proposed-1 and SPP-
proposed-2 outperformed SPP-proposed-3, and both of
their preference percentages were over 60%. Even though
SPP-proposed-3 could not perform as well as the other
two proposed strategies, its scoring percentages was 30%
higher than SPP-MMSE. Notably, the improvements of
PESQ as well as segSNR in Section 4.2 were not that signif-
icant, but the subjective evaluation showed an impressive
improvement, indicating there was a gap between the
subjective and objective evaluation. This is because on
the one hand, the segSNR metric that shows the noise
reduction amount is weakly related to humans’ auditory
perception. On the other hand, PESQ is also limited that
has been proven to have considerable difference from the
mean opinion score (MOS) in [47], where the subjective
evaluation showed a strong improvement, but the PESQ
scoring showed a degradation, so that even though the
improvement of PESQ scores and the segSNRs were small,

the subjective evaluation could still have a significant
improvement.

5 Conclusion
This paper firstly analyzed the common properties
of the artificial residual noise of DNN-based speech
enhancement methods and found that the residual noise
was non-stationary and had considerable energy that
often exceeded the noise masking threshold, making the
enhanced speech signals annoying to a human listener.
The conventional postfiltering method could not reduce
the residual noise effectively due to the overestimation of
the speech presence probability. To solve this problem,
three postfiltering strategies based on MMSE noise PSD
estimation method were proposed. The first two strate-
gies estimated the speech presence probability by using
the redefined a posteriori SNRs, and the third strategy
estimated the speech presence probability by using the
estimated adaptive priori speech presence probability. The
objective evaluation experiments validated the effective-
ness of the proposed methods. Moreover, the subjective
listening tests showed that the preference percentages of
the proposed strategies are over 60%.
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