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ABSTRACT

Speech enhancement under noise condition has always been
an intriguing research topic. In this paper, we propose a new
Deep Neural Networks (DNNs) based architecture for speech
enhancement. In contrast to standard feed forward network
architecture, we add skip connections between network in-
puts and outputs to indirectly force the DNNs to learn ideal
ratio mask. We also show that the performance can be fur-
ther improved by stacking multiple such network blocks. Ex-
perimental results demonstrate that our proposed architecture
can achieve considerably better performance than the existing
method in terms of three commonly used objective measure-
ments under two real noise conditions.

Index Terms— Speech enhancement, noise reduction,
deep neural networks, skip connections

1. INTRODUCTION

Speech enhancement under noisy conditions has always been
an intriguing but challenging task for robust speech process-
ing, such as robust speech and speaker recognition [1]. Dur-
ing the past several decades, many pioneer researches have
been done in this area. Boll et al. [2] proposed spectral sub-
straction, a stand-alone noise suppression algorithm for re-
ducing effects of acoustical added noise in speech. Ephraim
et al. [3] devised a system by utilizing a minimum mean
square error (MMSE) spectra estimator. However, these tra-
ditional methods often suffer from different problems. For
example, spectral substraction could introduce the notorious
musical noise. MMSE based noise spectra estimator could re-
duce the effect of musical noise but still introduces distortion.
In addition, these traditional methods can not guarantee good
performance in non-stationary noise conditions. Decomposi-
tion based speech enhancement is another research direction
that got attention recently. This method decomposes noisy
speech spectra into atomic parts of speech and noise. Wil-
son et al. [5] studied a technique for denoising speech using
non-negative matrix factorization. Chen et al. [6] present-
ed a speech enhancement system based on decomposing the
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spectrogram into sparse activation of a dictionary of target
speech templates, and a low-rank background model. How-
ever, these methods are still limited by model capacity consid-
ering their linear relationship assumption between noisy and
clean speech spectra.

Benefiting from its ability to learn complex non-linear
mapping function and leverage large amount of training data,
Deep Neural Networks (DNNs) have achieved great success
in speech applications such as Automatic Speech Recogni-
tion (ASR), speaker recognition, audio environmental sens-
ing, etc. Inspired by this, deep neural networks have also
been applied to speech enhancement and considerable im-
provement is reported over shallow models. In [7], the au-
thors proposed to use DNNs based denoising autoencoder to
learn the transformation between noisy-clean speech pairs. In
that study, Mel-frequency power spectrum was employed as
representation for both noisy and clean speech signal. In [8],
a weighted denoising autoencoder was introduced to estimate
the clean speech power spectrum and Wiener filter was used
as back-end processing to enhance the noisy power spectrum
given estimated Signal-to-Noise Ratio (SNR). Later, a study
in [9] came up with several techniques to further improve
the DNNs based speech enhancement system and achieved
some improvements over the baseline system. In [10], the
authors applied DNNs based speech enhancement scheme to
improve speech intelligibility for hearing-impaired listeners
in noisy and reverberant environment. Through both objec-
tive measurements and subjective listening test, the method
was proved to be effective.

In this paper we propose a new network architecture for
DNNs based speech enhancement. In contrast to [7][8][9][10]
that use standard feed forward network structure to learn the
non-linear mapping function from input and output, the pro-
posed method adds skip connection with identity weight ma-
trix between network input and output. New network out-
put will be the addition between input and the output of last
hidden layer with linear activation function. By doing this,
we indirectly force the network between input and output to
learn log compressed ideal ratio mask when both input noisy
speech feature and output clean speech feature are log com-
pressed. We also come up with a method to tackle the problem
of mismatch between input and output dimensions. Also, we
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can regard these networks with such skip connection between
input and output as building blocks for DNNs. The network
by stacking such building blocks is further applied to speech
enhancement with the same inputs and outputs. Through ex-
periments on enhancement of speech signal corrupted by t-
wo types of self-collected noise in real scenario, we show
that our proposed architecture is able to considerably improve
the system performance compared with DNN's based baseline
speech enhancement method in terms of three different mea-
surements for speech enhancement. We also show that further
improved can be achieved with the proposed stacked network.

Relation to prior work: First, DNNs with skip connec-
tions (“shortcuts”) have recently achieved great success in im-
age recognition by making network very deep [11, 12]. An-
other research employed encoder-decoder networks with skip
connections for image denoising [13]. In our paper, similar
idea is applied to speech enhancement. However, our network
fits a mapping from noisy speech feature to log compressed
ideal ratio mask instead of residual learning in [12, 13]. Sec-
ond, [14] investigated a method that directly uses ideal ratio
mask as network output and got better results than using clean
speech feature as target in supervised speech separation ap-
plication. [10] applied the same idea for speech enhancement
and also reported good results. Though similar to these two
studies, our method works in an end-to-end way and still uses
noisy speech feature as input and clean speech feature as out-
put. No other post-processing is needed in order to recover
clean speech signal as in [14, 10]. Furthermore, our stacked
network is never explored in speech enhancement or separa-
tion applications and proved to be better than network without
stacking.

The paper is organized as follows. The next section will
introduce our proposed network architecture for speech en-
hancement. In section 3, evaluation protocol and experimen-
tal results will be demonstrated. Section 4 discusses our meth-
ods and section 5 concludes our work.

2. PROPOSED NETWORK ARCHITECTURE

2.1. Regression based speech enhancement

The basic framework of regression based speech enhance-
ment using DNNs can be demonstrated by the diagram in
Fig. 1. The assumption is that the relationship between noisy
speech features and clean speech features is highly nonlin-
ear and can be estimated by DNNs with nonlinear activation
functions. The goal of DNNSs based supervised learning is to
learn the mapping from noisy speech features to clean speech
features. Then, for an input noisy sentence, clean speech fea-
tures are estimated frame by frame from the output of trained
DNNSs. Speech features are able to be converted back to time
domain signal. Magnitude (or power) spectrogram [9] or Mel-
frequency spectra [8] are two choices as input to DNNs. Usu-
ally, context frames are stacked as input to achieve better

Input Output
noisy clean
speech speech
feature RelU RelU RelU feature

Fig. 1. Diagram of regression based speech enhancement
framework with three hidden layers. Activation function is
“ReLU” for illustration.

result. Techniques like network pre-training, regularization
have also been applied to make the system better. In following
sections, we represent this network architecture as “DNN”.

2.2. Proposed network architecture

We suppose X, S and N are the magnitudes of noisy speech
spectrogram, clean speech spectrogram and noise spectro-
gram respectively. The approximation X ~ S + N is a com-
monly used assumption in audio source separation and speech
enhancement, especially those methods based matrix decom-
position [15]. If we consider magnitude of Mel-frequency
spectra, this approximation still holds since

XM ~ SM + NM, (1)

where M is the matrix to transform magnitude of spectro-
gram to magnitude of Mel-frequency spectra. Though there
is information loss during this transformation, the impact on
speech quality is not obvious when converting back from
Mel-frequency spectra to spectrogram based on our observa-
tion. Thus, in this work we use magnitude of Mel-frequency
spectra as network input and output speech feature as in [8]
to avoid large input dimension when stacking context frames.

Different from the standard feed-forward neural network
used in existing DNNs based speech enhancement, we first
add a skip connection from network input to network output.
The actual network output is the addition of input and output
of last layer with linear activation function. Note that when
there are multiple frames stacked together as input, we only
connect current frame to the output. We show the diagram of
this architecture in Fig. 2 and we call this network “sDNN1".
When we use log compressed Mel-frequency spectra as net-
work input, Y in Fig. 2 can be formulated as

SM
Y =log(SM) — log(XM) = log(ﬁ)a (2)

which can be interpreted as the negative residual in log do-
main or log compressed ideal ratio mask (IRM) of magni-
tude Mel-frequency spectra. That means instead of learning
the mapping from log compressed noisy speech feature to log
compressed clean speech feature, proposed network architec-
ture learns the mapping to negative residual in log domain,
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Fig. 2. Diagram of “sDNN1” with skip connection from in-
put to output. The grey block in input is the current frame
corresponding to output.

which is also the log compressed IRM. The log domain resid-
ual learning interpretation conforms with the idea of residual
learning in [12]. IRM has been proved to be a better target for
DNNs based speech enhancement in [14, 10]. However, they
still need a further step to calculate clean speech feature based
on estimated IRM. Our method do not need to change the net-
work output explicitly and works in an end-to-end way which
directly transforms noisy speech feature to clean speech fea-
ture without introducing extra network parameters. Also the
numerical stability problem as mentioned in [14] is also re-
lieved with log compressed IRM as learning target.

We can further stack multiple these networks to form a
stacked network as in [12], which uses multiple “sDNN1"’s
as building blocks and can be represented by “sDNN2”. We
believe this structure could learn better mapping from input
to Y than single block architecture. In this study, we wan-
t to investigate the performance difference of “sDNN1” and
“sDNN2” using similar number of parameters. The simple
idea is to add skip connections to all layers instead of only
connecting input to output. However, there will be dimen-
sion mismatch problem for the addition operation when input
dimension and number of nodes per layer are different. To
solve this, each layer is replaced with a new network block.
The new block has two layers and the number of nodes in sec-
ond layer is the same with input dimension. We can adjust the
number of nodes in first layer to match the number of param-
eters of original layer. The diagram of “sDNN2” is shown in
Fig 3, where each single layer is replaced with the two-layer
structure below dash lines.

We use Rectified Linear Unit(ReLU) as activation func-
tion. To train the network, Mean Square Error (MSE) cost
function is employed as in previous work. All the network
training is done using TensorFlow with Adam optimizer [16].

3. EVALUATION RESULTS AND ANALYSIS

To evaluate our proposed network architecture, we designed
experiments to do speech enhancement on noisy speech sim-
ulations, which were generated by adding noise to clean
speech. We used TIMIT data set [17] as clean speech. We
used all the speech utterances in “train” directory for training
and randomly picked 100 utterances from “test” directory for
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clean
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Fig. 3. Diagram of “sDNN2” with skip connections in all
layers. The grey block in input is the current frame corre-
sponding to output.

evaluation. Noise data were collected by ourselves with a
omnidirectional microphone in real scenario. In the experi-
ments, two types of noise were used. One was recorded in
a busy shopping mall (1.5 hours) and the other in an indoor
café (0.5 hour). Both of these two kinds of noise are very
challenging for speech enhancement task, especially the sec-
ond one that contains both background music, people talking,
sound of preparing coffee and distant traffic noise from street.
A noise segment with same length as clean speech utterance
was randomly picked and mixed with clean speech at 0dB
and 5dB SNR.

We employed magnitude of Mel-frequency spectra as
speech features. Time domain signal was first pre-emphasized
and then converted to frames with 25ms window length and
10ms window shift. A Mel-frequency filter bank with 40
filters was used to integrate the magnitude of Discrete Fourier
Transform (DFT) of each frame into a 40 dimensional vector.
The transformation matrix M from DFT to Mel-frequency
feature was saved for future use to recover time domain sig-
nal. We also consider past 3 frames and 2 future frames,
resulting in input dimension of 6 x 40 = 240. There is no
feature stacking in output. To normalize speech features, we
employed two different strategies. Before training, we can
simply normalize inputs and outputs to normal distribution-
s for “DNN”. However, for our proposed architectures, we
want to keep the relationships in equation 2. To solve this
concern, we only do normalization on current frame in input
and use the same means and standard deviations to normalize
the remaining frames in input and output. Then, equation 2
changes to

SM — XM — SM —
Y = log(Z———F) — log(=——F) = log( ).

XM — p

3)
Y can still be interpreted as normalized negative residual in
log domain or centered and log compressed IRM. We cal-
1 this normalization method partial normalization (PN). For
fair comparison, we also applied PN to “DNN” and repre-
sented this method as “DNNpn”.
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Table 1. Speech enhancement results on noisy speech cor-
rupted by shopping mall noise.

Table 2. Speech enhancement results on noisy speech cor-
rupted by indoor café noise.

Noisy | DNN | DNNpn | sDNN1 | sDNN2 Noisy | DNN | DNNpn | sDNN1 | sDNN2

PESQ 1.865 | 2.284 2.297 2.337 2.370 PESQ 1.866 | 2.202 2.199 2.262 2.289

0dB STOI 0.696 | 0.787 0.789 0.796 0.794 0dB STOI 0.691 | 0.770 0.768 0.783 0.781
segSNR | -2.789 | 1.427 1.483 2.057 1.734 segSNR | -2.732 | 1.177 0.976 1.639 1.452
PESQ 2.175 | 2.590 2.598 2.644 2.671 PESQ 2.187 | 2.608 2.583 2.609 2.650

5dB STOI 0.791 | 0.851 0.857 0.864 0.860 5dB STOI 0.788 | 0.845 0.846 0.854 0.853
segSNR | 0.515 | 3.332 3.502 4.261 3.879 segSNR | 0.473 | 3.036 2.955 3.984 3.744

4. DISCUSSION
We compared three network architectures: baseline e paye illustrated in section 2 that our proposed network

system as shown in Fig. 1 (represented as “DNN” and
“DNNpn”), “sDNN1” in Fig. 2 and “sDNN2” in Fig. 3.
For “DNN” and “sDNN1”, we had 3 hidden layers with 256
nodes per layer. For “sDNN2”, because of the dimension
mismatch problem, we set the first layer of the two-layer
building block in Fig. 3 to have 220 nodes and second layer
to have 40 nodes. By doing this, the number of parameters
almost does not change. And also, the addition operation
operates at the end of each layer. The output clean speech
feature can be converted back to time domain signal through
inverse operations. Additionally, the learning rate of Adam
was set to 0.001 and number of training epoch was 50. On-
ly the model with best performance on evaluation data was
saved.

To evaluate the performance of different network archi-
tectures for speech enhancement, three commonly used mea-
surements were employed: Perceptual Evaluation of Speech
Quality (PESQ), Short-Time Objective Intelligibility (STOI)
and segmental SNR. These indexes were calculated from en-
hanced speech and reference clean speech.

In table 1 and table 2, we show the results of four different
methods that enhance noisy speech corrupted by two types of
noise at 0dB and 5dB SNR. “segSNR” in the tables means
segmental SNR. Bold numbers are the best among differen-
t methods in corresponding rows. From the results, we can
find that both “sDNN1” and “sDNN2” methods can provide
better results in terms of three measurements than baseline
“DNN” method. Partial normalization (“DNNpn” in results)
gives similar performance compared to standard normaliza-
tion (“DNN”). It can also be found that “sDNN2” method
has higher PESQ values, almost the same STOI and a lit-
tle worse segSNR in comparison with “sDNN1”. We tend
to regard “sDNN2” as the better method since PESQ and S-
TOI are more convincible speech enhancement measurements
than just looking at the amount of removed noise. General-
ly, the performance on indoor café noise is worse than shop-
ping mall noise which conforms with our previous description
that indoor café noise is more challenging than shopping mall
noise.

structure actually learns the negative residual in log domain
or log compressed IRM. In fact, we tried to make the network
directly learn the residual (as the residual learning in [12])
by using speech features without log compression. But the
improvement compared to baseline DNN method was not ob-
vious, especially in low SNR case. We think the reason is that
in low SNR case learning the mapping from noisy speech fea-
tures to noise features is even harder since noise in this case
could be more complex than speech. Thus, we turned to log
compressed speech features. This incorporates the informa-
tion of noisy signal into the learning target while also partly
solves the numerical stability problem [14] with log compres-
sion. The stacked network used in this work may also have
similar property as residual learning [12], i.e., effective learn-
ing even the network is very deep. The investigation of this
property could be our future work.

5. CONCLUSION

In this paper, we propose to use DNNs with skip connec-
tion for speech enhancement. By adding skip connection
between log compressed network input and output to DNN
based speech enhancement, we force the network to learn
mapping from noisy speech features to negative residual in
log domain or log compressed IRM. Also, we stack this
network architecture to further improve its learning ability.
Through experiments on challenging speech enhancement
tasks, we show that our proposed methods surpass baseline
DNNs based speech enhancement in terms of three common-
ly used measurements and our stacked network can provide
further improvement. In future, we will investigate to use this
architecture as front-end module for different noise robust
speech systems.
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