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Deep learning has been actively utilized for speech enhancement. However, deep learning-based speech 
enhancement usually produces over-smoothed speech, resulting in speech distortion and degraded 
intelligibility. In this paper, we propose the exaggeration of the training target so that the dynamic 
range of the enhanced speech becomes more similar to that of the clean speech. Target exaggeration 
can be implemented in two ways. The first approach is to exaggerate the target feature in the cost 
function of a deep learning-based speech enhancement system. This method can be implemented without 
additional parameters or computation, but can only be applied to schemes working in the time-frequency 
domain with the mean-square error cost function. The second approach is to introduce an additional deep 
neural network (DNN) that estimates the residual error in the output of a deep learning-based speech 
enhancement. This requires more computation, but can be applied even to time-domain approaches. 
To evaluate the performance of the proposed target exaggeration, it is applied to a feed-forward DNN-
and long short-term memory (LSTM)-based speech enhancement scheme in the time-frequency domain, 
and the convolutional time-domain audio separation network (Conv-TasNet)-based speech enhancement 
scheme in the time domain. Experimental results showed that the proposed method improved the quality 
of speech produced by the deep learning-based speech enhancement system in terms of the perceptual 
evaluation of speech quality (PESQ) scores and outperformed other approaches, including global variance 
equalization and a perceptually optimized speech denoising autoencoder, to alleviate the over-smoothing 
problem.

© 2021 Elsevier Inc. All rights reserved.
1. Introduction

Single-channel speech enhancement is an essential part of sev-
eral speech-related applications, such as automatic speech recogni-
tion [1], mobile communication [2], and hearing aids [3]. A number 
of speech enhancement algorithms have been studied over the last 
few decades [1–15]; these algorithms have improved the quality 
of degraded speech signals to a certain extent. However, they ex-
hibit limited performance in the presence of highly nonstationary 
noises and in low signal-to-noise ratio (SNR) conditions, occasion-
ally introducing musical noise.

Deep learning techniques have substantially improved the per-
formance of single-channel speech enhancement [16–38]. Since 
their creation, feed-forward deep neural networks (DNNs) have 
been shown to exhibit superior performance in the time-frequency 
(T-F) domain compared to conventional schemes [16–30]. To in-
corporate long-term temporal correlation of speech signals that 
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cannot be efficiently processed by feed-forward DNNs, recurrent 
neural networks (RNNs), such as long short-term memory (LSTM) 
networks and gated recurrent units (GRU), have been adopted 
for speech enhancement, showing better performance than feed-
forward DNN-based speech enhancement schemes [31–34].

In addition to the T-F domain approaches, there is increasing 
interest in implementing the entire process in the time domain 
[35–38], which could alleviate the difficulty of restoring the phase 
information for the clean speech signal. A generative adversar-
ial network was adopted for speech enhancement [35]. In [36], 
a time-domain audio separation network (TasNet) incorporating 
learnable transformations instead of the short-time Fourier trans-
form (STFT) and inverse STFT (ISTFT) was proposed. It analyzed the 
signal with a convolutional encoder-decoder framework instead of 
using the STFT and ISTFT and implements a separator on the out-
put of the encoder using a deep LSTM network. In [37,38], the 
convolutional TasNet (Conv-TasNet) was proposed, in which the 
separator network was replaced with a temporal convolutional net-
work (TCN) consisting of stacked 1-D dilated convolutional blocks, 
resulting in improved performance with a smaller model size and 
shorter latency.
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Fig. 1. A block diagram of DNN-based speech enhancement and target exaggeration with an additional DNN in the time-frequency domain. (For interpretation of the colors 
in the figures, the reader is referred to the web version of this article.)
However, conventional deep learning-based speech enhance-
ment algorithms usually produce over-smoothed speech, especially 
in low-SNR environments [18]. Over-smoothing is an issue that 
the estimated speech has a reduced dynamic range resulting in 
speech distortion and degraded intelligibility, as the output of the 
DNN-based regression tends to be biased towards the mean value. 
To alleviate the adverse effects of over-smoothing, global variance 
equalization (GVE) is typically used in the log-power spectra (LPS) 
domain [18–21]. However, GVE, which applies a similar gain over 
a long period, may not be sufficient to restore the dynamics of the 
original clean speech. In [39], the perceptually optimized speech 
denoising auto-encoder (POS-DAE) was proposed; in this scheme, 
a constant was added to the error in the mean-square error cost 
function when the estimate was less than the target to penal-
ize underestimation. However, to the best of our knowledge, the 
over-smoothing problem in deep learning models optimized for 
the scale-invariant source-to-noise ratio (SI-SNR) cost function [36]
has not yet been analyzed.

In this paper, we propose a target exaggeration method as 
an alternative method to circumvent the over-smoothing problem. 
The training target is set to be higher than the clean feature so that 
the estimated feature with over-smoothing becomes close to the 
clean feature. The proposed method can be implemented in two 
ways. The first approach is to modify the cost function of deep 
learning-based speech enhancement by exaggerating the training 
target. The second is to introduce an additional DNN that estimates 
the residual error in the output of the deep learning-based speech 
enhancement, in which the target residual error is exaggerated. Ex-
perimental results show that the proposed method improves the 
performance of various deep learning-based speech enhancement 
schemes.

The remainder of this paper is organized as follows. Section 2
introduces the conventional deep learning-based speech enhance-
ment systems. The proposed target exaggeration method is de-
scribed in Section 3. Section 4 presents the experimental results. 
Finally, conclusions are presented in Section 5.

2. Deep learning-based speech enhancement

Early studies on deep learning-based speech enhancement have 
been conducted in the T-F domain. This is usually accomplished 
by estimating clean speech features [17–24] or T-F masks [23–30]
2

from noisy speech features. The mean-square error cost function is 
typically employed to train a DNN:

C = 1

N

N∑
n=1

K∑
k=1

(
Ŝ(n,k) − S(n,k)

)2
(1)

where N is the mini-batch size, K is the number of frequency bins, 
and S(n, k) and Ŝ(n, k) denote the clean and estimated features 
obtained directly by a DNN or as a product of the estimated mask 
and a noisy feature for frame n and frequency k, respectively. A 
block diagram of a DNN-based speech enhancement that estimates 
the clean LPS is presented in Fig. 1, shown in black. The DNN can 
be a feed-forward DNN (ffDNN) or an RNN such as LSTM or GRU, 
which can consider the long-term temporal correlation of speech 
signals. In the training stage, first, pairs of clean and noisy LPS are 
extracted from the clean and noisy speech signals. Then, a DNN is 
trained to map the noisy LPS to the clean LPS. In the enhancement 
stage, the well-trained DNN produces an enhanced LPS, Ŝ , from the 
noisy LPS, Y . Finally, the enhanced speech signal ŝ is reconstructed 
from the enhanced LPS and noisy phase.

Recently, a number of methods incorporating learnable trans-
formations instead of the STFT and ISTFT have been proposed and 
have shown good performance [36–38]. In this approach, the STFT 
and ISTFT are replaced with a convolutional encoder and decoder, 
which are jointly optimized with a separation network between 
them. The separator network is a deep LSTM in TasNet [36], and a 
TCN consisting of stacked 1-D dilated convolutional blocks in Conv-
TasNet [37,38]. The cost function adopted in these networks is the 
SI-SNR in the time domain, which is defined as

SI-SNR = 10log10

⎛
⎝ ∑T

t=1 s2
target(t)∑T

t=1 e2
noise(t)

⎞
⎠ (2)

in which

starget(t) =
( ∑T

t=1 ŝ(t)s(t)∑T
t=1 s2(t)

)
s(t) (3)

enoise(t) = ŝ(t) − s(t) (4)
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Fig. 2. Spectrograms of the clean speech, noisy speech with the Exhibition noise at 0 dB SNR, and enhanced outputs from ffDNN and Conv-TasNet.
where s(t) and ŝ(t) denote the clean and enhanced speech signals 
in the time domain, respectively, and T is the total length of the 
speech signal.

These speech enhancement schemes suffer from the over-
smoothing problem, which diminishes the dynamic range of 
speech signals, resulting in distorted and less intelligible speech. 
It has been reported that over-smoothing reduces the squared 
error cost function, although it degrades the speech quality, and 
this effect is more evident in lower-SNR environments [18]. Fig. 2
shows the spectrograms of the enhanced outputs produced by a 
ffDNN and Conv-TasNet, respectively, along with the spectrograms 
for the clean and noisy speech mixed with the Exhibition noise 
at 0 dB SNR. We can observe that the harmonic components in 
the high frequency range were not sufficiently restored in either 
method, resulting in muffled sound. Moreover, residual noise re-
mains in the harmonic valleys, even for Conv-TasNet, which shows 
much better noise suppression. One approach to mitigate the over-
smoothing problem is GVE [18]. GVE applies the same gain to all 
frequency components of an LPS feature to compensate for the dy-
namic range reduction caused by a DNN, and has two schemes: 
post-processing and post-training with a modified cost function. 
3

GVE post-processing is applied to the enhanced LPS feature as fol-
lows:

Ŝ ′(n,k) = Ŝ(n,k) ×
√

GVtarget

GVoutput
(5)

where GVtarget and GVoutput denote the global variance of the fea-
tures at all frequencies for target clean speech signals and DNN 
outputs in the entire training set, respectively:

GVtarget = 1

M K

M∑
m=1

K∑
k=1

⎛
⎝S(m,k) − 1

M K

M∑
m=1

K∑
k=1

S(m,k)

⎞
⎠

2

(6)

GVoutput = 1

M K

M∑
m=1

K∑
k=1

⎛
⎝ Ŝ(m,k) − 1

M K

M∑
m=1

K∑
k=1

Ŝ(m,k)

⎞
⎠

2

(7)

where M is the number of frames in the training set. In contrast, 
GVE post-training with a modified cost function is applied to the 
clean LPS feature as follows:
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C = 1

N

N∑
n=1

K∑
k=1

⎛
⎝ Ŝ(n,k) − S(n,k) ×

√
GVtarget

GVoutput

⎞
⎠

2

. (8)

The trained DNN, which is used to compute GVoutput , is retrained 
using the modified cost function. In [39], the POS-DAE was pro-
posed; in this approach, the cost function penalizes underesti-
mation more than overestimation, resulting in a higher dynamic 
range. The cost function of the POS-DAE is

C =⎧⎪⎪⎪⎨
⎪⎪⎪⎩

1

N

N∑
n=1

K∑
k=1

(
Ŝ(n,k) − S(n,k)

)2
if Ŝ(n,k) ≥ S(n,k)

1

N

N∑
n=1

K∑
k=1

(
Ŝ(n,k) − S(n,k) − p

)2
if Ŝ(n,k) < S(n,k)

(9)

where p is a constant penalty term that increases the cost of un-
derestimation. Even with these methods, the over-smoothing prob-
lem is not sufficiently overcome, leaving room for improvement 
in the performance of DNN-based speech enhancement. Moreover, 
these methods were tested only for DNN-based speech enhance-
ment approaches using the mean-square error cost function and 
were not fully verified for those using the SI-SNR cost function.

3. Target exaggeration for deep learning-based speech 
enhancement

In this paper, we propose an alternative approach to alleviate 
the over-smoothing problem: we exaggerate the training target so 
that the resultant estimated features with over-smoothing become 
closer to the clean features. The proposed target exaggeration can 
be implemented in two ways, as discussed in the following sub-
sections.

3.1. Target exaggeration in the cost function of DNN-based speech 
enhancement

The first approach is to modify the cost function of DNN-
based speech enhancement. The target LPS feature is exaggerated 
by a factor E(n, k) such that the output of the DNN with over-
smoothing does not suffer from dynamic range reduction. The 
modified cost function becomes

C = 1

N

N∑
n=1

K∑
k=1

(
Ŝ(n,k) − (S(n,k) + E(n,k))

)2
(10)

where the exaggeration factor E(n, k) is set to be proportional to 
the clean speech features:

E(n,k) = S(n,k) − Smin(k)

Smax(k) − Smin(k)
D (11)

where Smax(k) and Smin(k) represent the maximum and minimum 
values of the clean speech features in the entire training set for 
the k-th frequency bin, and D is the parameter controlling the de-
gree of exaggeration. If D is set to be too big, the output speech 
would be unnatural, while too small D would result in insufficient 
restoration of the dynamic range. The value of D was selected to 
achieve the best performance for the validation set. The addition 
of E(n, k) to the target LPS acts as a signal expansion such as a 
harmonic enhancement, resulting in the restoration of the reduced 
dynamic range of the LPS. The cost function is similar to that of 
the POS-DAE in (9), in that it makes Ŝ(n, k) larger by introduc-
ing a penalty term. However, the proposed penalty term is not a 
constant, but is proportional to the target LPS and does not re-
quire a condition on S(n, k) or Ŝ(n, k). In the enhancement stage, 
4

Ŝ(n, k) is used to reconstruct the time-domain waveform for the 
n-th frame, ŝn . Because the power of the output with target exag-
geration is higher than that of the clean speech signal, the output 
of the proposed method is downscaled by a scaling factor which 
is precomputed to compensate for the average power mismatch in 
the training set:

ŝ′n = ŝn × η (12)

in which

η =

√√√√√√√√
1

ML

M∑
m=1

L∑
l=1

∣∣sm(l)
∣∣2

1

ML

M∑
m=1

L∑
l=1

∣∣ŝm(l)
∣∣2

(13)

where sm(l) and ŝm(l) are the l-th sample in frame m from the 
clean speech signal and obtained by the target exaggeration, re-
spectively, and L is the frame size. Then, the enhanced signal is 
constructed by the overlap-add method using ŝ′n . It is noted that 
the first approach can only be applied to the DNN-based speech 
enhancement in the frequency domain in which the distance be-
tween the enhanced output and the target is minimized.

3.2. Target exaggeration with an additional DNN

The other approach to target exaggeration is to equip another 
DNN that estimates the residual error in the DNN-based enhance-
ment with a cost function similar to equation (10). The residual 
error in the output of a DNN-based speech enhancement S̃(n, k), 
defined as R(n, k) = S(n, k) − S̃(n, k), is estimated by another DNN, 
in which the target residual error is exaggerated by E(n, k) in (11). 
This additional DNN takes both the noisy LPS Y (n, k) and the en-
hanced LPS obtained by the preceding DNN-based enhancement 
S̃(n, k) as inputs and estimates the residual error R(n, k) using the 
following cost function:

C = 1

N

N∑
n=1

K∑
k=1

(
R̂(n,k) − (S(n,k) − S̃(n,k) + E(n,k))

)2
, (14)

where R̂(n, k) denotes the output of the network. In the enhance-
ment stage, the enhanced LPS S̃(n, k) can be improved by adding 
the estimate R̂(n, k) as follows:

Ŝ(n,k) = S̃(n,k) + R̂(n,k). (15)

The time-domain signal after ISTFT is downscaled as in 3.1. It 
should be noted that the scaling factor can also be computed using 
s̃ and ŝ for the test data for several frames or given utterances, as 
both signals are available in this approach. A block diagram of the 
proposed method is presented in Fig. 1, shown in red. Once the 
speech enhancement DNN is trained, the additional DNN to es-
timate the residual error with target exaggeration is trained using 
the output of the well-trained DNN for speech enhancement S̃ and 
the LPS for noisy and clean speech, Y and S . The trained additional 
DNN is utilized to estimate R in the enhancement stage, which is 
added to S̃ to produce better estimate of the clean LPS, Ŝ . One 
advantage of this approach is that it can be applied to any deep 
learning-based speech enhancement system that does not employ 
the mean-square error cost function and cannot use methods such 
as GVE or POS-DAE to alleviate over-smoothing. One example is 
Conv-TasNet [37], which operates in the learnable transformation 
domain and adopts the SI-SNR cost function. The block diagram of 
the proposed approach applied to Conv-TasNet is shown in Fig. 3. 
Starting with a well-trained Conv-TasNet, the additional DNN is 
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Fig. 3. A block diagram of Conv-TasNet-based speech enhancement and target exaggeration with an additional DNN.
trained with LPS features extracted from the noisy signal y and 
the output of Conv-TasNet s̃ along with the target clean features 
S . The reconstruction of the time-domain signal is similar to that 
in the frequency-domain approaches. In the experiments, a small 
ffDNN was used as the additional DNN to estimate the residual 
error, although a more complex structure could be adopted.

4. Experiments and evaluations

To demonstrate the effectiveness of the proposed approach, 
experiments on speech enhancement were performed using vari-
ous deep learning-based methods. An ffDNN [20], LSTM [33], and 
Conv-TasNet [37] were utilized as baseline deep learning-based 
speech enhancement schemes. To construct the training data, 4620 
utterances from the training set of the TIMIT database [40] were 
corrupted with the Babble, Restaurant, and Street noises from the 
Aurora 2 database [41] and white Gaussian noise at six SNR levels: 
20 dB, 15 dB, 10 dB, 5 dB, 0 dB, and -5 dB. For the validation and 
test sets, we randomly selected 400 utterances from the core test 
set of the TIMIT database. 200 utterances were used to generate 
the validation set by mixing with two types of noises, Destroyer 
ops and F16 noises from the NOISEX-92 corpus [42]. The remain-
ing utterances were used to generate the test set by mixing them 
with five types of noise: Buccaneer1, Destroyer engine and Fac-
tory1 noises from the NOISEX-92 corpus, and Car and Exhibition 
noises from the Aurora 2 database at the same six levels of SNR. 
The sampling rate was 8 kHz, and the 256-sample window was 
used with a 128-sample frame shift for T-F domain approaches. All 
features were globally normalized to have zero mean and unit vari-
ance for each frequency bin in the entire training set. To evaluate 
the performance, ITU-T Recommendation P.862 perceptual evalua-
tion of speech quality (PESQ) [43] and short-time objective intel-
ligibility (STOI) [44] were used. The input to the ffDNN and LSTM 
was a 903-dimensional vector consisting of LPS features for seven 
nearby frames. The ffDNN structure comprised three hidden layers 
with 2048 units and a 129-dimensional output layer. The ffDNN 
training was performed for 30 epochs. The learning rate was main-
tained at 10−3 for the first 10 epochs and then decreased by 10% 
5

for every subsequent epoch. The momentum rate was increased 
from 0.1 to 0.9 by a step size of 0.2 every epoch, and kept as 0.9 
from the 5th epoch onward. The mini-batch size was set at 128. 
The LSTM structure comprised two layers with 1024 cells in each 
layer. The training schedule of the learning rate and momentum 
were the same as those for the ffDNN. Finally, the structure and 
hyperparameters for Conv-TasNet were set as in [37].

The first approach that modifies the cost function with target 
exaggeration utilizes a structure identical to that of the baseline 
enhancement systems. As for the target exaggeration with an ad-
ditional DNN, a smaller ffDNN was used as the additional DNN, 
which comprised three hidden layers with 512 units and a 1032-
dimensional input layer with seven frames of the baseline DNN 
output and the current frame of the noisy input LPS. The other 
training configurations were the same as those of the ffDNN for 
speech enhancement. The additional DNN for target exaggeration 
was trained after the training of the baseline enhancement DNN 
was completed and the parameters were fixed.

4.1. Performance evaluation of two approaches to target exaggeration 
for ffDNN-based speech enhancement

First, we evaluated the performance of the two proposed ap-
proaches for target exaggeration with various values of D for the 
ffDNN-based speech enhancement and compared them for the val-
idation set. Tables 1 and 2 show the average PESQ scores for target 
exaggeration in the cost function and those with an additional 
DNN for various values of D , respectively. We can see that the 
proposed target exaggeration approaches clearly improved the per-
formance of the ffDNN-based speech enhancement. The value of D
that showed the best performance was higher for lower-SNR en-
vironments, in which over-smoothing would be more severe and 
more exaggeration of the target could be required. The target ex-
aggeration with an additional DNN shown in Table 2 showed bet-
ter performance than the target exaggeration in the cost function 
shown in Table 1, possibly because it can utilize both the noisy LPS 
and enhanced LPS with over-smoothing. The highest average PESQ 
score was commonly achieved at D = 3 for the two approaches, 
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Table 1
Average PESQ scores for the output of ffDNN-based speech enhancement with the 
proposed target exaggeration in the cost function depending on the target exaggera-
tion factor D for the validation set.

SNR 
(dB)

Noisy ffDNN 
(D=0)

Target exaggeration in the cost function

D=1 D=2 D=3 D=4 D=5 D=6

-5 1.56 1.73 1.70 1.70 1.73 1.76 1.73 1.70
0 1.89 2.19 2.20 2.22 2.26 2.24 2.21 2.18
5 2.22 2.62 2.66 2.69 2.71 2.68 2.65 2.61
10 2.55 2.98 2.05 2.06 3.10 3.05 2.01 2.93
15 2.88 3.29 3.36 3.40 3.41 3.33 3.25 3.12
20 3.20 3.55 3.62 3.65 3.62 3.48 3.36 3.20

Avg 2.38 2.73 2.77 2.79 2.80 2.76 2.71 2.63

Table 2
Average PESQ scores for the output of ffDNN-based speech enhancement with the proposed tar-
get exaggeration with an additional DNN depending on the target exaggeration factor D for the 
validation set.

SNR 
(dB)

Noisy ffDNN Target exaggeration with an additional DNN

D=0 D=1 D=2 D=3 D=4 D=5 D=6

-5 1.56 1.73 1.82 1.86 1.90 1.90 1.90 1.87 1.84
0 1.89 2.19 2.27 2.32 2.37 2.37 2.37 2.35 2.31
5 2.22 2.62 2.68 2.75 2.79 2.81 2.80 2.79 2.75
10 2.55 2.98 2.03 3.12 3.17 3.18 3.18 3.16 3.10
15 2.88 3.29 3.35 3.45 3.50 3.51 3.49 3.44 3.32
20 3.20 3.55 3.62 3.73 3.77 3.75 3.68 3.57 3.41

Avg 2.38 2.73 2.79 2.87 2.92 2.92 2.90 2.86 2.79

Table 3
Average PESQ scores and STOI for the output of ffDNN-based speech enhancement with the proposed target exaggeration in the cost 
function and with an additional DNN for the test set.

SNR 
(dB)

Noisy ffDNN Target exaggeration 
in cost function

Target exaggeration 
with additional DNN

PESQ STOI PESQ STOI PESQ STOI PESQ STOI

-5 1.47 0.60 1.73 0.60 1.76 0.59 1.89 0.62
0 1.75 0.75 2.14 0.75 2.22 0.74 2.32 0.77
5 2.07 0.85 2.55 0.85 2.66 0.84 2.74 0.87
10 2.40 0.91 2.90 0.91 3.04 0.89 3.11 0.92
15 2.73 0.94 3.21 0.94 3.37 0.92 3.44 0.95
20 3.06 0.95 3.49 0.95 3.60 0.93 3.70 0.96

Avg 2.24 0.83 2.67 0.83 2.78 0.82 2.86 0.85
and this value was selected as the optimal exaggeration factor for 
the ffDNN-based speech enhancement scheme. Table 3 shows the 
average PESQ scores for the target exaggeration in the cost func-
tion and with an additional DNN for the test set. Similar to the 
evaluation for the validation set, target exaggeration with an addi-
tional DNN achieved better performance than target exaggeration 
in the cost function. In the following experiments, we applied tar-
get exaggeration with an additional DNN as the proposed method. 
Similarly, the values of D for the target exaggeration of the LSTM-
and Conv-TasNet-based speech enhancement schemes were chosen 
with the validation set and set to 3 and 2, respectively. It is noted 
that the performance may be improved if we search the optimal 
value of D with a finer grain, the performance was not so sensi-
tive to the value of D and thus we did not increase the precision 
of D .

4.2. Performance comparison of GVE, POS-DAE, and target exaggeration 
for ffDNN-based speech enhancement

The GVE [18] and POS-DAE [39] have been proposed to over-
come the over-smoothing problem or speech feature underestima-
tion of deep learning-based speech enhancement. We compared 
the PESQ scores and the STOI for the output of the ffDNN-based 
speech enhancement, and those with the GVE post-processing, GVE 
6

post-training, POS-DAE, and target exaggeration for the test set as 
in Table 4. Both GVE schemes improved the average PESQ score 
from 2.67 to 2.74, and the improvements were higher in high-
SNR environments. However, the STOIs did not improve compared 
to those of the ffDNN. The POS-DAE had a higher average STOI 
than the GVE, but the average PESQ score was lower. The pro-
posed target exaggeration approach improved the PESQ scores of 
the ffDNN-based speech enhancement by a larger margin of 0.19, 
which was 0.12 higher than that for both GVE schemes. The STOI 
for the proposed approach was also the highest for all SNR condi-
tions, although the improvement in STOI was not large. This result 
indicates that the proposed target exaggeration is more effective 
than the tested alternatives in alleviating the over-smoothing prob-
lem.

4.3. Performance evaluation of target exaggeration with various deep 
learning-based speech enhancement schemes

We investigated the performance improvement of the target 
exaggeration for more deep learning-based speech enhancement 
schemes, including LSTM [33] and Conv-TasNet [37], in addition 
to the ffDNN. LSTM can exploit the long-term temporal corre-
lation of the speech in contrast to the ffDNN, and Conv-TasNet 
showed superior performance to most of the T-F domain ap-
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Table 4
Average PESQ scores and STOI for the output of ffDNN-based speech enhancement, and those with GVE post-processing, GVE post-training, POS-DAE, and the proposed 
target exaggeration for the test set.

SNR 
(dB)

ffDNN GVE post-processing GVE post-training POS-DAE Target exaggeration

PESQ STOI PESQ STOI PESQ STOI PESQ STOI PESQ STOI

-5 1.73 0.60 1.75 0.60 1.71 0.59 1.72 0.61 1.89 0.62
0 2.14 0.75 2.18 0.75 2.16 0.74 2.13 0.75 2.32 0.77
5 2.55 0.85 2.61 0.85 2.61 0.85 2.55 0.86 2.74 0.87
10 2.90 0.91 2.98 0.90 2.99 0.91 2.93 0.92 3.11 0.92
15 3.21 0.94 3.31 0.93 3.33 0.94 3.27 0.95 3.44 0.95
20 3.49 0.95 3.58 0.95 3.61 0.95 3.57 0.96 3.70 0.96

Avg 2.67 0.83 2.74 0.83 2.74 0.83 2.70 0.84 2.86 0.85
Table 5
Average PESQ scores and STOI for ffDNN-, LSTM-, and 
Conv-TasNet-based speech enhancement with and without 
target exaggeration for the test set.

Model PESQ STOI

ffDNN 2.67 0.83
ffDNN with target exaggeration 2.86 0.85

LSTM 2.75 0.85
LSTM with target exaggeration 2.90 0.85

Conv-TasNet 3.00 0.92
Conv-TasNet with target exaggeration 3.15 0.92

proaches by employing learnable transformations, an SI-SNR cost 
function, and temporal convolutional networks. The average PESQ 
scores and STOI for various deep learning-based speech enhance-
ment schemes with and without the proposed target exaggeration 
are shown in Table 5. The LSTM-based enhancement outperformed 
the ffDNN-based approach, and Conv-TasNet improved both the 
PESQ and STOI in our experiment, in line with previously reported 
studies. With our proposed target exaggeration using an additional 
DNN, the average PESQ score for the LSTM was improved from 
2.75 to 2.90. The proposed approach also improved the perfor-
mance of Conv-TasNet from 3.00 to 3.15, proving that it can be 
applied to time domain approaches and may be able to enhance 
any deep learning-based speech enhancement as long as it suf-
fers from over-smoothing. In contrast, GVE did not improve the 
performance of Conv-TasNet, resulting in an average PESQ score of 
2.89. Fig. 4 shows the spectrograms of an utterance enhanced by 
ffDNN and Conv-TasNet with and without target exaggeration, re-
spectively. The residual noise in the output of the ffDNN, shown 
in Fig. 4c, was considerably suppressed by the proposed target ex-
aggeration in Fig. 4e. We can also see that the harmonic valleys 
became clearer, and the high-frequency harmonics were preserved 
better in Fig. 4f compared with those in the output of Conv-TasNet 
in Fig. 4d. The tonal noise near 2.8 kHz was successfully removed, 
as shown in Fig. 4f. The p-values for each SNR condition in the 
outputs of the three methods with and without target exaggera-
tion were all below 0.004.

4.4. Performances depending on the model size of the ffDNN and 
additional DNN

If target exaggeration is implemented with a separate DNN, ad-
ditional computation and model size are required. However, as the 
proposed target exaggeration improves the performance of speech 
enhancement, we may reduce the size of the baseline speech en-
hancement model while maintaining performance higher than that 
of a more complex model without target exaggeration. Table 6
shows the average PESQ scores and STOI for various configurations 
of the baseline speech enhancement ffDNN and target exaggeration 
DNN. The model size and compression rate compared with those 
of the model used in the previous experiments are also shown 
7

in the table for each configuration. Here, 3×D represents a struc-
ture with three hidden layers of D units. The combination of the 
ffDNN with 3×256 and the target exaggeration DNN with 3×256 
achieved a PESQ score 0.11 higher than that of the ffDNN with 
3×2048, while the model size was reduced by a factor of 12.71. 
Even the combination of the ffDNN with 3×128 and the target ex-
aggeration DNN of 3×128 demonstrated similar PESQ scores with 
the ffDNN with 3×2048 without target exaggeration, which has 
more than 30 times the number of parameters. Therefore, we may 
conclude that target exaggeration with an additional DNN intro-
duces additional parameters and computation, but we can achieve 
both performance improvement and model size reduction by ad-
justing the structures of the two DNNs, if needed.

5. Conclusion

In this paper, we introduce an alternative method to alleviate 
the over-smoothing problem; in this method, the training target 
is exaggerated so that the output with over-smoothing becomes 
similar to the original clean speech signal. The target signal in the 
model training stage is exaggerated by a factor proportional to the 
clean speech feature. Target exaggeration was implemented in two 
different ways. The first approach was to modify the cost function 
of deep learning-based speech enhancement. The second approach 
was to use another DNN to estimate the exaggerated residual er-
ror in the DNN-based enhancement. Experimental results showed 
that the proposed method achieved better performance than con-
ventional methods such as GVE and POS-DAE. In particular, the 
second approach improved the performance more than the first 
approach, perhaps because it can utilize both noisy and enhanced 
speech features. We also demonstrated that the proposed method 
could enhance the performance of not only the T-F domain speech 
enhancement schemes based on the ffDNN or the LSTM, but also 
a time domain enhancement method such as Conv-TasNet. Finally, 
it is shown that the structures of the enhancement DNN and the 
target exaggeration DNN can be configured to achieve better per-
formance and a smaller model size compared with DNN-based 
enhancement without target exaggeration.
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Fig. 4. Spectrograms of the clean speech, noisy speech with the Buccaneer1 noise at 0 dB SNR, and outputs enhanced by ffDNN and Conv-TasNet without and with target 
exaggeration for an utterance from the test set.
8
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Table 6
Average PESQ scores and STOI depending on the structures of speech enhancement ffDNN and the 
target exaggeration DNN for the test set.

ffDNN structure Target exaggeration 
DNN structure

Model size Compression rate PESQ STOI

3×2048 None 10.51M ×1.00 2.67 0.83
3×512 11.63M ×0.90 2.86 0.85

3×256 None 0.40M ×26.41 2.53 0.81
3×256 0.83M ×12.71 2.78 0.83

3×128 None 0.17M ×62.86 2.42 0.80
3×128 0.35M ×30.12 2.67 0.81
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