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Abstract - Speech enhancement (SE) that reduces the noise effect plays an important role in the current widespread audio 
applications such as speech recognition, speech-based information retrieval and voice control. Among the various speech 
enhancement techniques, denoising auto-encoder (DAE) employs the well-known deep learning process to learn the 
transformation from noisy data to the respective clean noise-free counterpart, and it has been shown to be very effective in 
reducing the noise component as well as introducing little speech distortion. In this paper, we primarily investigate the 
influence of the training data with different signal-to-noise ratios (SNRs) for DAE in the corresponding SE capability.  
The major finding from our evaluation experiment is that the DAE trained via high-SNR data provides significantly better 
improvement in speech quality for the noisy testing data over a wide range of noise levels, when compared with the DAE 
trained via either of multi-SNR data and matched-SNR data. This result somewhat disagrees with the common and instinctive 
sense that the model created with multi-SNR training data behaves well on average for the testing data at an arbitrary noise 
level, and the matched-condition model should give the optimal performance. However, we give the possible explanations 
about the above finding, and explore some advantages of using simply high-SNR training data to prepare the DAE for speech 
enhancement. These advantages include a smaller amount of training data being required, a simpler DAE structure with fewer 
hidden layers and higher adaptability to other noisy situations. 

 
Index Terms - speech enhancement; auto-encoder; speech denoising; noise reduction; deep neural network. 
 
I. INTRODUCTION 
 
As for sound- and speech-based applications such as 
acoustic signal transmission, speech recognition and 
information retrieval via mobile devices, the ambient 
noise has been always a critical obstacle and needs to 
be handled deliberately. Speech enhancement (SE) 
techniques that alleviate the noise component while 
bring little distortion in the received speech signals is 
constantly a major and important task for benefitting 
the performance of the related applications and 
systems. By and large, from the viewpoint of machine 
learning, speech enhancement methods can be divided 
into two classes: supervised and non-supervised. In the 
supervised SE methods, there often exist pre-labeled 
noise data and/or speech data so as to create the 
respective representatives, which can be codebooks 
[1], hidden Markov models [2] and basis matrices 
[3,4].In addition, supervised SE methods include those 
which require the stereo data (viz. the noisy speech 
and its clean noise-free counterpart) in the training 
stage, and thus the relationship between the clean and 
noisy data can be learned accordingly [5]. In contrast, 
in unsupervised SE methods, the learning of the 
application situations does not rely on the a priori 
clean-speech and/or noise traits. Some well-known 
unsupervised methods include spectral subtraction (SS) 
[6,7], Wiener filtering [8] and short-time spectral 
amplitude estimation based on minimum 
mean-squared error criteria (MMSE-STSA) [9,10]. 
It is noteworthy to mention that the deep neural 
network (DNN) has received a lot of attention during 
the recent decade in various fields. DNN is believed to 

have a high ability of extracting high-level rules and 
concepts of a machine-learning mechanism and has 
shown its excellent performance in recognition and 
classification works compared to many conventional 
algorithms. Accordingly, there have been plenty of 
speech enhancement methods developed upon the 
structure or concept of DNN, such as the 
regression-based SE [11], denoising auto-encoder 
(DAE) [5], and the works in [12,13]. Among these 
DNN-wise methods, DAE can be designed in a 
light-weight manner ,and a more effective SE structure 
can be achieved by integrating several DAEs.  
In this paper, we are focused on exploring the 
performance of a DAE in its de-noising ability via 
varying either of the type of input training data and its 
architecture (viz. the number of layers and neurons of 
the corresponding DNN). The preliminary evaluation 
results reveal that just a small amount of high-SNR 
training data can result in very promising performance 
in term of speech quality, and a single hidden layer 
with a moderate number of neurons suffices to achieve 
the best possible results. These evaluation output will 
be carefully discussed and explained. 
 
The rest of this paper is organized as follows. Section 
II briefly introduces the idea and structure of a DAE. 
Then a series of design for testing the DAE 
performance is provided in Section III. Section IV 
reveals the experimental setup, experimental results 
and the corresponding findings and analyses. Finally, 
a brief concluding remark as well as the future avenue 
is given in Section V. 
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II. DENOISING AUTOENCODER (DAE) 
 
The basic idea and operation of a denoising auto 
encoder (DAE) is briefly reviewed in this section. 
Briefly speaking, an auto encoder (AE) is a specific 
kind of neural network which target variables are set to 
be the same as the input, and thus an AE serves as an 
approximation of identity transformation. On the other 
hand, when an AE structure is fed with noisy data and 
its target output is the clean noise-free counterpart, the 
whole learning process to obtain the associated 
parameters in this AE turns out to focus on alleviating 
the noise component and restoring the clean noise-free 
component of the input data, and accordingly it is 
called denoising  auto encoder (DAE) [14].  
 
The prototype of a DAE is depicted in Fig. 1. In this 
figure, 퐲denotes the input noisy data sample, 퐱is the 
clean noise-free component of 퐲 , {푊 , 푏 } are the 
connection weight matrices/vectors of layer 푖  and 
σ(. ) refers to the element-wise activation function, 
such as the hyperbolic tangent or sigmoid functions. 
Thus the mathematical expression about the relation of 
these variables are as follows: 
 
Layer 1 output:   ℎ(퐲) = 휎(푊 퐲 + 퐛 ) .                               
(1) 
Layer 2 output: 퐱 = 푊 ℎ(퐲) + 퐛 .                                    
(2) 
 
In the learning/training process, the objective function 
to be minimized is often set to be the accumulated 
squared Euclidean distance between the enhanced data 
퐱and the target clean data 퐱plus the regularization for 
the parameters: 

퐽(Θ) = ∑ ‖퐱 − 퐱‖퐱 + 푔(Θ) ,                                                  
(3) 
 
where Θdenotes the parameter set {푊 , 푏 } , , and 
the regularization function  푔is often set to avoid over 
fitting or to achieve a sparse distribution. 
In addition, when using DAE to process the speech 
signals, the processed data unit is often set to the 
magnitude spectrum of a single frame of an utterance, 
or the magnitude spectral patches corresponding to 
several neighboring frames of an utterance [5].  
 

 
Fig. 1. A diagram of DAE processing for speech signals; 

 
 Left block: Log spectrogram of noisy speech;  
Middle block: the DAE architecture;  
Right block: Log spectrogram of clean speech. The 
red slices in the left and right blocks refer to the data 

unit for the DAE, which is the frame-wise log 
spectrum. 
 
III. VARIOUS EVALUATION PERSPECTIVES 
FOR DAE 
 
In this section we introduce three main directions for 
the setting of the DAE, which includes the selection of 
training data, the number of hidden layers (viz. the 
depth) and the hidden layer size (viz. the number of 
neurons). 
 
A. Training data 
As stated in the previous section, the data to train the 
DAE consists of clean-noisy pairs: the noisy data 
serves as the input while the clean data is used as the 
target. Here the part of noisy data is chosen according 
to different SNR levels as well as different SNR 
ranges. Stating more precisely, in our evaluation 
experiments to be shown in the next section, there are 
four selections of noisy training data: 
a. all-SNR data set, ranging from -12 dB to 12 dB 

of SNR with a 3-dB interval. 
b. high-SNR data set, ranging from 6 dB to 12 dB 

of SNR with a 3-dB interval 
c. median-SNR data set, ranging from -3 dB to 3 

dB of SNR with a 3-dB interval 
d. low-SNR data set, ranging from -12 dB to -6 dB 

of SNR with a 3-dB interval. 
Notably the data size with respect to each SNR case is 
the same, and thus the set covering a wider SNR range 
contains a greater amount of data. 
 
B. Hidden layer size 
The hidden layer size for DAE refers to the number of 
neurons being arranged in the hidden layer. Generally 
speaking, a larger hidden layer size corresponds to a 
better approximation for the target transformation 
function (for example, the regression). In our 
subsequent experiments we have five settings for the 
number of neurons of each hidden layer, which are 100, 
300, 500, 1000, and 3000. 
 
C. Depth 
The depth of DAE is determined by the total number 
of hidden layers contained. Many studies regarding 
deep learning claim that increasing the depth of the AE 
helps to improve the performance in the corresponding 
classification or regression tasks. In our subsequent 
experiments we vary the number of hidden layers of 
the used DAE from 1 to 6, with a step of 1. 
 
D. Other settings 
As for the data unit of the used DAE, the logarithmic 
magnitude spectrum for each frame of an utterance is 
selected. That is, any time-domain signal is first 
segmented into overlapped frames, and then each 
frame signal 푦[푛] is converted to its complex-valued 
spectrum 푌[푘]via discrete Fourier transform (DFT). 
Next, the phase part of the frame-wise spectrum 
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휃 [푘]is kept while the logarithm of its magnitude part, 
퐲 = log(|푌[푘]|) , serves as the data unit to train 
and/or test the DAE. The output of the DAE is viewed 
as the enhanced version of the logarithmic magnitude 
spectrum 퐲 , which undergoes the exponential 
operation and is then combined with the original phase 
휃 [푘] to construct the enhanced frame signal 푦[푛]. 
To evaluate the denoising capability of the DAE, we 
use the well-known metric, perceptual estimation of 
speech quality (PESQ) [15], which measures the level 
of enhancement for the processed utterances relative 
to the original noise-free ones. PESQ indicates the 
quality difference between the enhanced and clean 
speech signals, and it ranges from 0.5 to 4.5. A higher 
PESQ score implies that the enhanced utterance is 
closer to its clean counterpart. 
 
IV. EXPERIMENTS AND RESULTS 
 
In this section, we describe the evaluation details 
regarding the DAE on the speech enhancement task. 
The database "Mandarin Chinese version of Hearing 
in Noise Test (MHINT)" [16] is used, among which 
360 utterances were used for training and the other 120 
utterances were used for testing. All utterances in this 
database were pronounced by a male native speaker 
and recorded at a sampling rate of 16 kHz.Car noise 
was added to the 360 clean utterances in the training 
set at each of the six SNR levels, -12 dB to 12 dB with 
a 3-dB interval. As for the test set, the 120 utterances 
were also added with car noise at either of 5 SNR 
levels including within the range of [-10 dB, 15 dB] 
with a step of 5 dB. 
 
The logarithmic magnitude spectrum (log-spectrum) 
for each frame of signals of each utterance in the 
training and test sets is used as the data unit (feature) 
for DAE, which dimension is 257 due to the DFT size 
being 512. Furthermore, 80000 features (log-spectra) 
from the clean training set were randomly selected as 
the target of the DAE, and their associated the noisy 
log-spectra (at the same time location of the same 
utterance) are taken as the input to run the DAE model 
learning. 
 
In the following subsections, we give the evaluation 
results in terms of PESQ scores together with the 
discussions according to different experimental setting 
directions stated in Section III. 
 
A. Training data 
Table 1 shows the PESQ results for the test subsets at 
different SNR levels using the DAEs trained with the 
clean-noisy pairs, in which the noisy part has four 
selections labeled by "all-SNR", "high-SNR", 
"median-SNR" and "low-SNR", respectively, as stated 
in Section III.A. Note that here the used DAE has one 
hidden layer that contains 300 neurons. The baseline 
results are for the test data without any DAE 
processing. 

From this table we have several observations: 
 

1. Compared with the baseline results, the DAE does 
not necessarily improve the speech quality, 
especially for those DAEs trained with relatively 
low-SNR noisy data or at highly mismatched 
situations. This phenomenon somewhat agrees 
with our common sense that it is harder to find a 
good mapping from severely distorted data to the 
respective clean one, which can also partly 
explain why the low-SNR (-12 to -6 dB) DAE just 
gives slight improvement to the (partially) 
matched-condition test data at -10 dB of SNR. 

 
2. The DAE with all-SNR training data provides 

greater PESQ improvement for low-SNR (-10 dB 
and -5 dB) testing data than for median-SNR (0 
dB and 5 dB) test data, and it behaves worse than 
the baseline for the high-SNR (10 dB and 15 dB) 
test data. Therefore, the all-SNR DAE is not 
always guaranteed to enhance the noisy utterances 
even though it covers the widest SNR range and 
the greatest amount of training data. The possible 
explanation is that the training set with large SNR 
variations makes it difficult to learn a stable and 
consistent clean-noisy data relation. 

 
3. The median-SNR DAE promotes the low-SNR 

(-10 dB and -5 dB) test data most significantly, 
and the high-SNR gives considerable quality 
promotion to the test data at nearly every SNR 
(except for the 15dB case) and behaves the best 
among the four DAEs on average. In particular, 
the high-SNR DAE performs better than the 
low-SNR DAE for the -5dB test data even though 
the latter is closer to the test condition in the noise 
level. The reasons why the DAE with high-SNR 
training data gives the optimal performance might 
include: 
 

(1) The mapping from high-SNR noisy data to clean 
counterparts can be learned more easily and precisely 
compared with the other noisy-clean pairings since the 
corresponding mutual discrepancy is smaller. 
(2) The speech distortion to the original noisy signal 
caused by the high-SNR DAE might be less than that 
from the other DAEs since the high-SNR DAE is 
supposed to bring less change to the signal being 
processed.  
(3) From the theory of machine learning, the 
generalization error of a supervised learning algorithm 
has two sources: bias and variance. For the median- 
and low-SNR test data, the high-SNR DAE likely 
corresponds to a moderate bias and a significantly 
lower variance compared with the other DAEs, and it 
is more suitable to enhance the data to give better 
results. 

 
Table 1. The PESQ scores of the test data at different 
SNR levels using the DAE trained with different 
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selections of noisy data. The used DAE has one hidden 
layer with 300 neurons. The scores with a superscript 
'*' are those lower than the baseline. 
 
trai
n 
 
 
test 

baseli
ne 

all-SNR 
(-12 to 12 
dB) 
DAE 

low-SNR 
(-12 to -6 
dB) 
DAE 

median 
SNR 
(-3 to 3 
dB) 
DAE 

high-SN
R 
(6 to 12 
dB) 
DAE 

-10d
B 1.27 1.36 1.28 1.40 1.30 

-5d
B 1.54 1.69 1.48* 1.74 1.73 

0dB 1.86 1.98 1.55* 1.97 2.31 
5dB 2.20 2.22 1.57* 2.11* 2.59 
10d
B 2.56 2.33* 1.57* 2.14* 2.76 

15d
B 2.90 2.38* 1.55* 2.16* 2.82* 

 
B. Hidden layer size 
Here the number of neurons in the hidden layer of the 
DAE is varied to be any of the set [100, 300, 500, 1000, 
3000] to see the corresponding performance. We 
select the high-SNR DAE for the enhancement since it 
is shown to outperform the DAEs created by the other 
SNR types of training data. Furthermore, the number 
of hidden layer is set to 1. For simplicity and clarity of 
representation, we just show the results for two test 
sets, 0 dB and 10 dB in SNR, which are depicted in 
Figs. 2 and 3, respectively. 
The results shown in Figs. 2 and 3 have a clear trend 
that set the size of the hidden layer to be 500 neurons 
gives the optimal PESQ scores for both SNR cases. 
Further enlarging the hidden layer size does not 
promote the performance effectively, and a great 
number as 3000 in neurons even declines the PESQ 
score. The underlying reason might be that the limited 
training data make a large hidden layer under fitting. 
However, from another point of view, it is good to see 
that a moderate hidden-layer size as 500 neurons in the 
DAE suffices to behave well, since the overall 
computation complexity can be relatively low. 

 
Figure 2. The PESQ scores of the 10-dB SNR test set using the 
high-SNR DAE having a single layer with different number of 

neurons 

 
Figure 3. The PESQ scores of the 0-dB SNR test set using the 
high-SNR DAE having a single layer with different number of 

neurons 
 
C. Depth 
The effect of the DAE depth, viz. the number of 
hidden layers, is investigated here. Here the number of 
hidden layers is assigned to be one through six. Similar 
to the case in section IV.B, the DAE from high-SNR 
data is used, and the number of neurons for each 
hidden layer is fixed as 500. We reveal the evaluation 
results for two test sets, 0 dB and 10 dB, in Figs. 4 and 
5, respectively. From these two figures, we find that 
increasing the number of hidden layers does not 
always improve the PESQ scores as expected. The 
optimal results occur at the case of single hidden layer 
for the 10-SNR condition, and the performance 
declines with the increase of the DAE depth. In 
contrast, for the 0-dB SNR case, setting the number of 
hidden layers to be any of 1, 2  and 3 gives very close 
scores. These results might be partially explained by 
the fact that the smoothly varying values at the 
activation function (sigmoid) output of the hidden 
layer cannot approximate the relatively 
high-fluctuating log-spectra very well, and the 
resulting approximation error accumulates as extra 
hidden layers are added. Nevertheless, these results 
imply that in the given task with a DAE structure, a 
shallow neural network (SNN)with only one hidden 
layer outperforms a deep neural network (DNN) that 
contains multiple hidden layers. This finding makes 
the respective DAE more applicable since SNN is 
known to be more easily trained and less complicated 
in computation than DNN. 

 
Figure 4. The PESQ scores of the 10-dB SNR test set using the 
high-SNR DAE having different number of hidden layers, each 

of which has 500 neurons. 
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Figure 5. The PESQ scores of the 0-dB SNR test set using the 

high-SNR DAE having different number of hidden layers, each 
of which has 500 neurons. 

 
CONCLUSION AND FUTURE WORK 
 
In this paper, we have investigated the denoising auto 
encoder (DAE) in its various settings for the 
corresponding capability of speech enhancement (SE). 
It has been shown that high-SNR noisy training data 
can make the resulting DAE quite effective in 
reducing noise for test data at a wide SNR range. In 
addition, the high-SNR DAE can give superior SE 
performance under a simple model structure, viz. a 
shallow neural network with a moderate number of 
neurons. Last but not least, the high-SNR DAE is 
believed to be easily adapted to the other environments 
with different noise types due to the relatively light 
noise level. As for the future avenue, we will apply 
this experimental DAE structure to other 
environments containing different types of noise, and 
some of the detailed settings, like the activation 
function of the hidden layer, will be tuned to see the 
corresponding SE behavior. 
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