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Abstract—Speech enhancement is one of the crucial research 

topics applied to various fields. In addition, due to the progress 

of wireless communication technology, the need for speech 

enhancement research to remove various background noise 

occurring in the real world is increasing. Recently, a speech 

enhancement model based on generative adversarial learning, 

which can build a significant loss function by itself, has been 

proposed and outperformed the conventional methods. 

However, these models assume parallel datasets for learning, 

and there is a problem that the performance decreases for the 

signal containing various kinds of noise. This paper proposes a 

novel speech enhancement model based on generative 

adversarial network (GAN). The proposed method additionally 

uses cycle-consistency loss for learning on non-parallel datasets, 

where the InfoGAN mechanism is used to cluster noise 

information in an unsupervised learning manner. The proposed 

model can form cluster-specific mapping by using the obtained 

clustering information. We quantitatively verify the speech 

enhancement performance of the proposed method through 

several metrics such as MOS, SI-SNR, and PESQ, and achieve 

about 55% better MOS performance than the previous GAN-

based models. 
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I. INTRODUCTION 

Speech enhancement (SE) is a problem of enhancing noisy 
speech to have intelligibility and quality as good as actual 
clean speech [1]. In the real world, a wide variety of 
background noise can be mixed into speech, which can 
degrade the quality of various applications such as wireless 
communication [2] and voice recognition [3]. Therefore, 
various speech enhancement approaches have been actively 
studied for several decades. One of the major approaches in 
the speech enhancement model is to distinguish between the 
areas of noise and speech, and to filter the areas of noise in a 
given speech data. In recent years, with the rapid progress of 
deep learning have been proposed deep learning-based 
filtering methods that outperform the traditional statistical 
filtering methods [4,5]. Among them, the methods that 
provide proper loss function to deep learning model through 

adversarial learning to achieve the state-of-the-art 
performance [6,7,8,9].  

However, the conventional adversarial learning-based 
models have the limitation of assuming parallel data for 
learning. In other words, they need datasets that record the 
same speech in both noisy and clean environments. This 
assumption is very tough to satisfy in the real world, and it is 
expensive to control the asymmetry that can occur between 
data pairs [10]. In addition, the conventional models showed 
marginal performance on datasets containing only a few noise 
types, less than 10. Since the actual environment can have a 
wide variety of background noise, it is necessary to establish 
an experimental environment that includes various noises. Fig. 
1 shows the STFT (short-time Fourier transform) spectrogram 
of the test result after training a dataset containing 90 kinds of 
noise in SEGAN (speech enhancement GAN), one of the 
state-of-the-art models [6]. SEGAN not only removes the 
noise well, but also removes parts of the speech that should 
not be erased. We investigate this limitation because the 
model trains over-smoothed filters to cover various noises. 

In order to solve the problems mentioned above, this paper 
proposes a novel adversarial learning based deep speech 
enhancement model. The proposed model, inspired by Zhu et 
al. [11], uses additional cycle consistency loss functions for 
learning on non-parallel datasets. By using this loss function, 
the model can convert the style to the target data while 

 

Fig. 1. The STFT spectrograms of noisy, enhanced, and clean speech. The 

enhanced speech is produced by SEGAN learned with the dataset that 

includes 90 background noise. Red boxes indicate the areas where noise is 
not removed and green box indicates the areas where speech is removed 



maintaining the content of the source data in a non-parallel 
setting. That is, it preserves the linguistic information of the 
speech and converts the noise information to clean signal. 
Second, the proposed model receives secondary inputs for 
noise for learning more specific filter. Since there is no 
domain knowledge of noise in most cases, the proposed model 
learns the characteristics of noise in an unsupervised manner 
and automatically classifies the noise into several categories. 
Furthermore, the noise category learning and the speech 
enhancement processes take place simultaneously, so that no 
additional effort is required for joint optimization between the 
two methods. We have applied the structure of InfoGAN [12] 
to the proposed model for noise category learning based on 
unsupervised learning. 

We conduct various experiments to demonstrate the 
significance of the proposed method. As a result, the proposed 
method achieves 55% higher mean opinion score (MOS) than 
SEGAN, and the performance of the proposed method is 
measured using various quantitative metrics such as PESQ 
and SI-SNR. Also, the performance of the proposed method is 
analyzed qualitatively through enhanced spectrogram analysis. 

II. RELATED WORKS 

Various studies have been conducted to remove 
background noise included in speech. Early studies focused on 
models that filter stationary noises based on domain 
knowledge. They mainly represented the speech in the time-
frequency domain through Fourier transform and then 
removed the noise by subtracting the amplitude of the 
frequency corresponding to the noise. In addition, adaptive 

noise cancellation (ANC) methods have been studied that use 
secondary input for noise to handle noise for various 
backgrounds. However, since it depends on the domain 
knowledge of noise, there is a disadvantage in that it can be 
only applied to specific noise. 

Deep learning-based methods can remove noise without 
domain knowledge. They indirectly learn masks to noise 
filtering using noisy data and clean data, or directly learn 
masks for noisy data. Early deep learning-based studies 
verified the validity using simple models such as deep neural 
networks (DNNs). Later, advanced models using high-level 
deep learning models such as recurrent neural network (RNN) 
and auto-encoder (AE) were proposed and showed the 
superiority of deep learning-based speech enhancement. 
However, the metric or distribution used for deep learning, 
such as Euclidean distance and Gaussian distribution, is not 
suitable as a loss function for the speech domain, resulting in 
muffled and buzzy speech [8]. There was also a limitation in 
that a parallel dataset had to be built to learn the relationship 
between noisy and clean data. Recently, a GAN-based model 
has been studied that can construct an appropriate loss 
function for speech enhancement. GAN-based noise reduction 
methods use the SE model as a generator and evaluate the 
quality of enhanced data through discriminators. By 
adversarial learning between the two components, the SE 
model uses discriminators as a kind of loss function to produce 
more realistic and clean data. However, GAN-based models 
also had a limitation of assuming a parallel dataset for learning. 

Unlike the previous studies, the method proposed in this 
paper can be learned from non-parallel datasets. Therefore, the 

TABLE I.  PREVIOUS WORKS FOR NOISE ELIMINATION IN SPEECH 

Category Author Year Description 

Conventional filtering 

J. Lim [13] 1978 Separate speech and noise signals using Wiener filtering 

M. Berouti [14] 1979 
Average noise spectrum substraction algorithm from signal 

domain 

K. Aikawa [15] 1993 
Create a mask to remove noise from the time-frequency 

spectrogram 

Adaptive noise cancelation 

C. T. Lin [16] 2003 
Minimum frequency energy based noise feature extraction 

and RSONFIN algorithm for word boundary detection 

S. G. Boroujeny 

[17] 
2016 Multilayer perceptron neural network-based ANC model 

Deep 

learning 

Direct mask 

estimation 

N. Arun [18] 2014 Deep neural network-based noise mask estimator 

H. Meet [19] 2018 
GAN-based noise mask estimator additionally considering 

reconstruction loss 

Indirect mask 

estimation 

X. Lu [20] 2013 Denoising auto-encoder-based speech enhancement model 

S. Pascual [6] 2017 GAN-based end-to-end speech enhancement model 

M. Daniel [7] 2017 Pix2pix framework-based speech enhancement model 

T. Kaneko [8] 2017 
Frequency band specific conditional GAN-based postfilter 

and smoothing concatenation algorithm 

 



proposed method can be used simply for various applications. 
Similar to the traditional ANC approaches, we also train more 
specific filters using secondary inputs for noise. However, the 
proposed method does not need domain knowledge of noise 
because it categorizes the characteristics of noise in an 
unsupervised manner and uses it as a secondary input. Table 
1 summaries the previous works. 

III. THE PROPOSED METHOD 

Fig. 2 shows the overall process of the proposed method. 

As in the previous studies, we use as input the speech signal 

converted to a time-frequency spectrogram. We use feature 

spectrograms obtained using the MFCC algorithm [21] as 

inputs, because we aim to get more denoisy speech for human 

listening. The structure and the objective function of the 

proposed model are described in detail below. 

A. Structural description 

The proposed model has code c like InfoGAN to extract the 

noise type 𝑐  by non-supervised manner. 𝑐  is a (𝑚 + 1) -

dimensional one-hot vector, where 𝑚  is a hyperparameter 

representing the number of noise types. Because our goal is 

to transform noisy speech to clean speech, the code c means 

information about the output, not information about the input. 

Therefore, the proposed model has a structure similar to 

StarGAN [22]. In this case, the code value for noisy speech 

always means clean speech. The proposed structure also 

learns the mapping from clean speech to noisy speech. That 

is, c used with clean speech input means noise type. One of 

the key ideas of the proposed method is to induce important 

information about noise in c used at this time. If the noise 

information is well mapped to c, the generator can learn a 

specific mask considering only a certain part of noise, not the 

mask considering all noises. The proposed model has the 

same learning process as StarGAN. Therefore, the proposed 

model also learns the conversion from one noise to another. 

Through this process, the model can be induced to form a 

distinctive noise type. However, the conventional StarGAN 

is a supervised learning model, whereas the proposed model 

only has a label for the clean type and learns the label for the 

noise type, in unsupervised manner.  

B. Objective functions 

Equation (1) shows the objective function of the basic 

GAN. 

𝐿𝑎𝑑𝑣 = 𝑚𝑖𝑛
𝐷

𝑚𝑎𝑥
𝐺

𝑉(𝐺, 𝐷) 

(1) 
where 𝑉(𝐺, 𝐷) = −𝔼𝑦~𝑝(𝑦) [log 𝐷(𝑦)]  

                         −𝔼𝑥~𝑝(𝑥) [𝑙𝑜𝑔(1 − 𝐷(𝐺(𝑥) ) 

The key idea for the objective function of the proposed 

model is to add the cycle-consistency loss and the infoGAN 

mechanism to equation (1). As the first step, the code is added 

because it is used as input to the generator and discriminator. 

And the loss function is adjusted for the generator so that 

mutual information of c and 𝐺(𝑥, 𝑐) is maximized. Equations 

(2) and (3) represent the adversarial losses of generator and 

discriminator in the proposed model, respectively. 

𝐿𝑎𝑑𝑣
𝐺 (𝐺) = −𝔼𝑐~𝑝(𝑥),𝑐~𝑝(𝑐)[𝑙𝑜𝑔 𝐷((𝑥, 𝑐),  𝑐)] (2) 

𝐿𝑎𝑑𝑣
𝐷 (𝐷) = −𝔼𝑐~𝑝(𝑐),𝑦~𝑝(𝑦|𝑐)[𝑙𝑜𝑔 𝐷(𝑦, 𝑐)]  

                     −𝔼𝑥~𝑝(𝑥),𝑐~𝑝(𝑐)[𝑙𝑜𝑔(1 − 𝐷(𝐺(𝑥, 𝑐), 𝑐)] 
(3) 

 

 

Fig. 2. Overall process of the proposed method 



Second, we define a cycle-consistency loss function. This 

loss function induces that the linguistic information of the 

input x is maintained while following the style of the output 

y, either the noise type or the clean type. Equation (4) 

represents the cycle-consistency loss defined in this paper. 

Here, p is set to 1 referring to the previous work [23]. 

𝐿𝑐𝑦𝑐(𝐺) = 𝔼𝑐~𝑝(𝑐) [‖𝐺(𝐺(𝑥, 𝑐), 𝑐𝑜𝑟𝑖𝑔𝑖𝑛) − 𝑥‖
𝑝

] (4) 

   Third, we add the terms to adversarial loss that maximize 

mutual information between c and 𝐺(𝑥, 𝑐). Same as [9], we 

approximate mutual information as variational lower bound 

𝐿1 . Therefore, the adversarial loss that the model actually 

solves is amount to equation (5). Note that mutual 

information is only affected by the generator.  

𝐿𝑎𝑑𝑣
𝐺 (𝐺) = −𝔼𝑐~𝑝(𝑥),𝑐~𝑝(𝑐)[𝑙𝑜𝑔 𝐷((𝑥, 𝑐),  𝑐)]

− 𝐿1(𝐺, 𝐶) 

(5) 

L1(𝐺, 𝐶) = −𝔼𝑦~𝑝(𝐺(𝑥,𝑐)) [𝑙𝑜𝑔 𝐶(𝑐|𝑦)] + 𝐻(𝑐) 

where 𝐻(𝑐) is a heuristic term and excluded from this study. 

Finally, the objective functions of generator, discriminator 

and classifier, which are the components of the proposed 

model, are shown in equations (6), (7), and (8), respectively. 

Here, 𝜆′s are hyperparameter constants. 

𝐿𝐺(𝐺) = 𝐿𝑎𝑑𝑣
𝐺 (𝐺) + 𝜆𝑐𝑦𝑐𝐿𝑐𝑦𝑐(𝐺) (6) 

𝐿𝐷(𝐷) = 𝐿𝑎𝑑𝑣
𝐷 (𝐷) (7) 

𝐿𝐶(𝐶) = 𝐿1(𝐺, 𝐶) (8) 

IV. EXPERIMNETS 

A. Datasets 

 

To verify the performance of the proposed method, we use 

the VCTK-corpus dataset [24] and the noise dataset [25] 

proposed by Hu and Wang. The VCTK-corpus dataset 

contains speeches for 69 speakers and consists of a total of 

28,239 data. [25] is a dataset that stores 20 categories of 

noises in real life and has a total of 100 noises. We used 90 

noises except 10 that are too redundant or easy. 

B. Preprocessing 

For the experiment, we construct a noisy dataset by 

synthesizing one of the noises in [25] to half of the VCTK-

corpus dataset. The training set and the validation set are 

divided into approximately 9:1 ratio. The total dataset 

consists of 25,424 training data and 2,825 validation data pre-

processed with MFCC. Note that all data are non-parallel. To 

compare the proposed method, we compare the performance 

with SEGAN in all the experiments. For learning the SEGAN, 

we add the data that synthesize random noise to 25,424 clean 

data to the training data. We construct a training dataset of 

50,848 sizes. That is, SEGAN is trained using twice as much 

data as the proposed method, and the data used for training 

are parallel. 

C. Metrics 

To evaluate the performance of the proposed method, we 

use the three metrics commonly used in this domain. First, 

MOS gives subjects a sound of speech and averages a 

subjective score between 1 and 5 points on speech quality. 

For this experiment, we recruited 45 subjects, presented 

enhanced results for 5 samples and asked for evaluation. All 

noisy speeches used in the experiment were not used to train 

the model. Secondly, PESQ is a model aimed at 

approximating the MOS values proposed in [26] and 

standardized to P.862 in ITU-T. The value of PESQ is defined 

between 0.5 and 4.5. Finally, the SI-SNR represents the ratio 

of noise to the signal unaffected by the variance. The larger 

this value is, the less noise is included. In order to obtain the 

average PESQ and SI-SNR scores, we randomly extract 10 

samples and calculate the values. 

D. Experiment results 

We compare the quantitative results with clean speech and 

enhanced speech by ours and SEGAN. Fig. 3 shows the MOS 

result. The proposed method showed about 55% higher 

performance than SEGAN based on the median score. This 

means that the noise elimination performance of the proposed 

method is better than SEGAN for the subjects. In the 

proposed method, about 26% of the people gave a high score 

of 4 points or more, while in SEGAN, only 11%. In addition, 

only 5% of the cases received MOS score of 1 point, 

compared to 44% in SEGAN. However, in view of the 

significant difference in score from the original data, it is 

considered that there is an enhancement limit that can be 

distinguished by human.  

Fig. 4 shows the SI-SNR results. In this experiment, the 

proposed model shows higher performance than SEGAN as 

well. We can even see that the median value is higher than 

the clean data. This indicates that the quality of data enhanced 

through the proposed method is similar to clean data on SI-

SNR. However, it can be seen that the absolute difference 

does not differ significantly compared to SEGAN. This is 

because the noise elimination difficulty of the data used in 

this experiment is not high.   

 

Fig. 3. The MOS results of clean data and enhanced data by ours and 

SEGAN  



Fig. 5 shows the PESQ results. Here, the proposed method 

outperforms SEGAN, too. However, compared with the 

MOS results, the difference between them is not large. This 

seems to be caused by the fact that we do not have many test 

subjects and the subject is biased toward students. 

Fig. 6 shows the STFT spectrogram of speech 

enhancement results using the proposed model, speech 

enhancement results using SEGAN, noisy data, and clean 

data. SEGAN's enhanced results indicate that SEGAN hardly 

eliminates noise. SEGAN tends to focus on reconstructing 

existing voice rather than noise cancellation. The reason for 

this tendency seems to be that the L1-norm of reconstruction 

error term in SEGAN is too large. In other words, SEGAN is 

not a suitable model for learning from various noises. On the 

other hand, the proposed method is shown to remove the 

noise part well. In addition, even when noise is present 

throughout speech, only the noise is targeted and removed. 

However, as shown in the first row, there is a tendency to 

 

Fig. 4. The SI-SNR results of clean data and enhanced data by ours and 
SEGAN  

 
 

Fig. 6. STFT spectrogram of enhanced, noisy, and clean speech  

 

 
 

Fig. 5. The PESQ results of clean data and enhanced data by ours and 

SEGAN 



over-suppress a portion of the existing voice. We analyze this 

cause because the detailed information is lost due to MFCC 

preprocessing, and we will study the problem and solution in 

the future. 

V. CONCLUSIONS 

In this paper, we propose a novel generative adversarial 

network-based speech enhancement model. First, the 

proposed model is designed to learn from non-parallel dataset 

by adding cycle-consistency loss to existing objective 

function of GAN. Second, the InfoGAN mechanism is 

introduced to help the speech enhancement model to learn 

more specific time-frequency masks by learning noise types 

with unsupervised manner and utilizing noise types. 

Experimental results show that the proposed method achieves 

55% higher MOS performance than SEGAN, one of the 

existing state-of-the-art methods, and further demonstrates its 

performance through other quantitative metrics. 

However, it is observed that the proposed method tends to 

over-suppress speech information in the high frequency band. 

Therefore, we will study in the future how to maintain the 

detailed speech information in the high frequency band. 

ACKNOWLEDGMENT 

This work was supported by grant funded by 2019 IT 
promotion fund (Development of AI based Precision 
Medicine Emergency System) of the Korea government 
(Ministry of Science and ICT). 

REFERENCES 

 
[1] P. C. Loizou, Speech Enhancement: Theory and Practice, CRC Press, 

2013. 

[2] S. Dimitrov, S. Sinanovic, and H. Haas, “Clipping noise in OFDM-
based optical wireless communication systems,” IEEE Trans. on 
communications, vol. 60, no. 4, pp. 1072-1081, 2012. 

[3] M. J. F. Gales, “Model-based techniques for noise robust speech 
recognition.” Doctoral Dissertation, University of Cambridge, 1995. 

[4] J. Padmanabhan, and M. J. Johnson Premkumar, “Machine learning in 
automatic speech recognition: A survey,” IETE Technical Review, vol. 
32, no.4, pp. 240-251, 2015. 

[5] Z. Zhang, J. Geiger, J. Pohjalainen, A. E. D. Mousa, W. Jin, and B. 
Schuller, “Deep learning for environmentally robust speech 
recognition: An overview of recent developments.” ACM Trans. on 
Intelligent Systems and Technology, vol. 9, no.5, pp. 49, 2018. 

[6] S. Pascual., A. Bonafonte. and J. Serra., “ SEGAN: Speech 
enhancement generative adversarial network, ”  arXiv preprint 
arXiv:1703.09452, 2017. 

[7] D. Michelsanti, and Z. H. Tan, “Conditional generative adversarial 
networks for speech enhancement and noise-robust speaker 
verification,” arXiv preprint arXiv:1709.01703, 2017. 

[8] T. Kaneko, S. Takaki, H. Kameoka, and J. Yamagishi, “Generative 
adversarial network-based postfilter for STFT spectrograms,” 
Interspeech, pp. 3389-3393, 2017. 

[9] K. H. Lim, J. Y. Kim, and S. B. Cho, "Non-stationary noise 
cancellation using deep autoencoder based on adversarial learning," Int. 

Conf. on Intelligent Data Engineering and Automated Learning, 2019. 
(To appear) 

[10] H. Silén, J. Nurminen, E. Helander, and M. Gabbouj, “Voice 
conversion for non-parallel datasets using dynamic kernel partial least 
squares regression,” Convergence, pp. 1-2, 2013. 

[11] J. Y. Zhu, T. Park, P. Isola, and A. A. Efros, “Unpaired image-to-image 
translation using cycle-consistent adversarial networks,” IEEE Int. 
Conf. on Computer Vision, pp. 2223-2232, 2017. 

[12] X. Chen, Y. Duan, R. Houthooft, J. Schulman, I. Sutskever, and P. 
Abbeel, “Infogan: Interpretable representation learning by information 
maximizing generative adversarial nets,” Advances in Neural 
Information Processing Systems, pp. 2172-2180, 2016. 

[13] J. Lim and A. Oppenheim, “All-pole modeling of degraded speech,” 
IEEE Trans. on Acoustics, Speech, and Signal Processing, vol. 26, no. 
3, pp. 197–210, 1978. 

[14] M. Berouti, R. Schwartz, and J. Makhoul, “Enhancement of speech 
corrupted by acoustic noise,” Int. Conf. on Acoustics, Speech, and 
Signal Processing, vol. 4, pp. 208–211, 1979. 

[15] K. Aikawa, H. Singer, H. Kawahara, and Y. I. Tohkura “A dynamic 
cepstrum incorporating time-frequency masking and its application to 
continuous speech recognition,” IEEE Int. Conf. on Acoustics, Speech, 
and Signal Processing, vol. 2, pp. 668-671, 1993. 

[16] C. T. Lin, “Single-channel speech enhancement in variable noise-level 
environment,” IEEE Trans. on Systems, Man, and Cybernetics-Part A: 
Systems and Humans, vol. 33, no. 1, pp. 137-143, 2003. 

[17] S. Gholami-Bor oujeny, A. Fallatah, B. P. Heffernan, and H. R. Dajani, 
“Neural network-based adaptive noise cancellation for enhancement of 
speech auditory brainstem responses,” Signal, Image and Video 
Processing, vol. 10, no. 2, pp. 389-395, 2016. 

[18] A. Narayanan, and D. Wang, “Joint noise adaptive training for robust 
automatic speech recognition,” IEEE Int. Conf. on Acoustics, Speech 
and Signal Processing, pp. 2504-2508, 2014. 

[19] M. H. Soni, N. Shah, and H. A. Patil, “Time-frequency masking-based 
speech enhancement using generative adversarial network,” IEEE Int. 
Conf. on Acoustics, Speech and Signal Processing, pp. 5039-5043, 
2018. 

[20] X. Lu, Y. Tsao, S. Matsuda, and C. Hori, “Speech enhancement based 
on deep denoising autoencoder,” Interspeech, pp.436-440, 2013. 

[21] L. Muda, M. Begam, and I. Elamvazuthi, “Voice recognition 
algorithms using mel frequency cepstral coefficient (MFCC) and 
dynamic time warping (DTW) techniques,” arXiv preprint 
arXiv:1003.4083, 2010. 

[22] H. Kameoka, T. Kaneko, K. Tanaka, and N. Hojo, “StarGAN-VC: 
Non-parallel many-to-many voice conversion using star generative 
adversarial networks,” IEEE Spoken Language Technology Workshop, 
pp. 266-273, 2018. 

[23] P. Isola, J. Y. Zhu, T. Zhou, and A. A. Efros, “Image-to-image 
translation with conditional adversarial networks,” IEEE Conf. on 
Computer Vision and Pattern Recognition, pp. 1125-1134, 2017. 

[24] C. Veaux, J. Yamagishi, and K. MacDonald, “CSTR VCTK corpus: 
English multi-speaker corpus for CSTR voice cloning toolkit,” The 
Centre for Speech Technology Research, 2017. 

[25] G. Hu and D.L. Wang, “A tandem algorithm for pitch estimation and 
voiced speech segregation,” IEEE Trans. on Audio, Speech, and 
Language Processing, vol. 18, pp. 2067-2079, 2010. 

[26] A. W. Rix, J. G. Beerends, M. P. Hollier, and A. P. Hekstra, “Perceptual 
evaluation of speech quality (PESQ)-a new method for speech quality 
assessment of telephone networks and codecs,” IEEE Int. Conf. on 
Acoustics, Speech, and Signal Processing, no. 1, vol. 2, pp. 749-752, 
2001. 

 


