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APPENDIX 1 (Spectrograms of DFNN)  

  
a) -10 dB b) -5 dB 

  
c) 0 dB d) 5 dB 

  
e) 10 dB f) 15 dB 

Figure 1 DFNN - Spectrogram Images of Washing Machine Noise for various Noise Levels 
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e) 10 dB f) 15 Db  

Figure 2 DFNN – Spectrogram Images of Rainbow Noise for various Noise Levels 
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e) 10 dB f) 15 dB 

Figure 3 DFNN – Spectrogram Images of Babble Noise for various Noise Levels 



 

156 
 

Performance Evaluation of Perceptual Quality and Intelligibility of Enhanced Speech using  

Machine Learning and Deep Learning Algorithms 

 

  

a) -10 dB b) -5 dB 

  
c) 0 dB d) 5 dB 
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Figure 4 DFNN Spectrogram Images of Airport Noise for various Noise Levels 
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Figure 5 DFNN – Spectrogram Images of Jetplane Noise for various Noise Levels 
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Figure 6 DFNN – Spectrogram Images of Street Noise for various Noise Levels 
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c) 0 dB d) 5 dB 

  
e) 10 dB f) 15 dB 

Figure 7 DFNN – Spectrogram Images of Train Whistle Noise for various Noise Levels 
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c) 0 dB d) 5 dB 

  
e) 10 dB f) 15 dB 

Figure 8 DFNN – Spectrogram Images of Restaurant Noise for various Noise Levels 



 

161 
 

Performance Evaluation of Perceptual Quality and Intelligibility of Enhanced Speech using  

Machine Learning and Deep Learning Algorithms 

 

 
 

a) -10 dB b) -5 dB 

 

 
c) 0 dB d) 5 dB 

 
 

e) 10 dB f) 15 dB 

Figure 9 DFNN – Spectrogram Images of Car Noise for various Noise Levels 
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Figure 10 DFNN – Spectrogram Images of Subway Noise for various Noise Levels 
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APPENDIX 2 (Spectrograms of Deep CNN)  

  

a) -10 dB b) -5 dB 

  
c) 0 dB d) 5 dB 

  

e) 10 dB f) 15 dB 

Figure 1 Deep CNN - Spectrogram Images of Washing Machine Noise for various Noise Levels 
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Figure 2 Deep CNN – Spectrogram Images of Rainbow Noise for various Noise Levels 
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Figure 3 Deep CNN – Spectrogram Images of Babble Noise for various Noise Levels 
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Figure 4 Deep CNN – Spectrogram Images of Airport Noise for various Noise Levels 
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Figure 5 Deep CNN – Spectrogram Images of Jetplane Noise for various Noise Levels 
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Figure 6 Deep CNN – Spectrogram Images of Street Noise for various Noise Levels 
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Figure 8 Deep CNN – Spectrogram Images of Restaurant Noise for various Noise Levels 
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Figure 9 Deep CNN - Spectrogram Images of Car Noise for various Noise Level 
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e) 10 dB f) 15 dB 

Figure 10 Deep CNN - Spectrogram Images of Subway Noise for various Noise Level 
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APPENDIX 3 (Spectrograms of Modified LSTM)  

  

a) -10 dB b) -5 dB 

  
c) 0 dB d) 5 dB 

  

e) 10 dB f) 15 dB 

Figure 1 Modified LSTM - Spectrogram Images of Washing Machine Noise for various Noise Level 
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e) 10 dB f) 15 dB 

Figure 2 Modified LSTM - Spectrogram Images of Rainbow Noise for various Noise Levels 
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e) 10 dB f) 15 dB 

Figure 3 Modified LSTM - Spectrogram Images of Babble Noise for various Noise Levels 



 

176 
 

Performance Evaluation of Perceptual Quality and Intelligibility of Enhanced Speech using  

Machine Learning and Deep Learning Algorithms 

 

  
a) -10 dB b) -5 dB 

  
c) 0 dB d) 5 dB 

  
e) 10 dB f) 15 dB 

Figure 4 Modified LSTM - Spectrogram Images of Airport Noise for various Noise Levels 
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e) 10 dB f) 15 dB 

Figure 5 Modified LSTM - Spectrogram Images of Jetplane Noise for various Noise Levels 
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Figure 6 Modified LSTM - Spectrogram Images of Street Noise for various Noise Levels 
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e) 10 dB f) 15 dB 

Figure 7 Modified LSTM - Spectrogram Images of Train Whistle Noise for various Noise Level 
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Figure 8 Modified LSTM - Spectrogram Images of Restaurant Noise for various Noise Levels 
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Figure 9 Modified LSTM - Spectrogram Images of Car Noise for various Noise Levels 
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e) 10 dB f) 15 dB 

Figure 10 Modified LSTM - Spectrogram Images of Subway Noise for various Noise Levels 
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APPENDIX 4 (Spectrograms of Modified FCRN)  

  

a) -10 dB b) -5 dB 

  
c) 0 dB d) 5 dB 

  
e) 10 dB f) 15 dB 

Figure 1 Modified FCRN - Spectrogram Images of Washing Machine Noise for various Noise Levels 
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a) -10 dB b) -5 dB 

  
c) 0 dB d) 5 dB 

  
e) 10 dB f) 15 dB 

Figure 2 Modified FCRN - Spectrogram Images of Rainbow Noise for various Noise Levels 
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g) -10 dB h) -5 dB 

  
i) 0 dB j) 5 dB 

 
 

k) 10 dB l) 15 dB 

Figure 3 Modified FCRN - Spectrogram Images of Babble Noise for various Noise Levels 
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Figure 4 Modified FCRN - Spectrogram Images of Airport Noise for various Noise Levels 
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Figure 5 Modified FCRN - Spectrogram Images of Jetplane Noise for various Noise Levels 
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Figure 6 Modified FCRN - Spectrogram Images of Street Noise for various Noise Levels 
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Figure 7 Modified FCRN - Spectrogram Images of Train Whistle Noise for various Noise Levels 
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Figure 8 Modified FCRN - Spectrogram Images of Restaurant Noise for various Noise Levels 
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Figure 9 Modified FCRN - Spectrogram Images of Car Noise for various Noise Levels 
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Figure 10 Modified FCRN - Spectrogram Images of Subway Noise for various Noise Levels 
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APPENDIX 5 (Spectrograms of Alaryngeal Speech)  

  
a) -10 dB b) -5 dB 

  
c) 0 dB d) 5 dB 

  
e) 10 dB f) 15 dB 

Figure 1 DFNN – Spectrogram Images of Washing Machine Noise for Alaryngeal Speech at various 

Noise Levels 
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a) -10 dB b) -5 dB 

  
c) 0 dB d) 5 dB 

  

e) 10 dB 
f) 15 dB 

Figure 2 DFNN – Spectrogram Images of Rainbow Noise for Alaryngeal Speech at various Noise 

Levels 
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Figure 3 DFNN – Spectrogram Images of Babble Noise for Alaryngeal Speech at various Noise 

Levels 
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Figure 4 DFNN – Spectrogram Images of Airport Noise for Alaryngeal Speech at various Noise 

Levels 
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Figure 5 DFNN – Spectrogram Images of Jetplane Noise for Alaryngeal Speech at various Noise 

Levels 
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Figure 6 DFNN – Spectrogram Images of Street Noise for Alaryngeal Speech at various Noise Levels 
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Figure 7 DFNN – Spectrogram Images of Train Whistle Noise for Alaryngeal Speech at various 

Noise Levels 



 

200 
 

Performance Evaluation of Perceptual Quality and Intelligibility of Enhanced Speech using  

Machine Learning and Deep Learning Algorithms 

 

  
a) -10 dB b) -5 dB 

  
c) 0 dB d) 5 dB 

  
e) 10 dB f) 15 dB 

Figure 8 DFNN – Spectrogram Images of Restaurant Noise for Alaryngeal Speech at various Noise 

Levels 
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Figure 9 DFNN – Spectrogram Images of Car Noise for Alaryngeal Speech at various Noise Levels 
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Figure 10 DFNN – Spectrogram Images of Subway Noise for Alaryngeal Speech at various Noise 

Levels 
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e) 10 dB f) 15 dB 

Figure 11 Deep CNN – Spectrogram Images of Washing Machine Noise for Alaryngeal Speech at 

various Noise Levels 
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Figure 12 Deep CNN – Spectrogram Images of Rainbow Noise for Alaryngeal Speech at various 

Noise Levels 
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Figure 13 Deep CNN – Spectrogram Images of Babble Noise for Alaryngeal Speech at various Noise 

Levels 
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Figure 14 Deep CNN – Spectrogram Images of Airport Noise for Alaryngeal Speech at various Noise 

Levels 
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e) 10 dB f) 15 dB 

Figure 15 Deep CNN – Spectrogram Images of Jet plane Noise for Alaryngeal Speech at various 

Noise Levels 
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Figure 16 Deep CNN – Spectrogram Images of Street Noise for Alaryngeal Speech at various Noise 

Levels 
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Figure 17 Deep CNN – Spectrogram Images of Train Whistle Noise for Alaryngeal Speech at various 

Noise Levels 
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Figure 18 Deep CNN – Spectrogram Images of Restaurant Noise for Alaryngeal Speech at various 

Noise Levels 
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Figure 19 Deep CNN – Spectrogram Images of Car Noise for Alaryngeal Speech at various Noise 

Levels 
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Figure 20 Deep CNN – Spectrogram Images of Subway Noise for Alaryngeal Speech at various Noise 

Levels 
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c) 0 dB d) 5 dB 

  
e) 10 dB f) 15 dB 

Figure 21 Modified LSTM – Spectrogram Images of Washing Machine Noise for Alaryngeal Speech 

at various Noise Levels 
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a) -10 dB b) -5 dB 
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e) 10 dB f) 15 dB 

Figure 22 Modified LSTM – Spectrogram Images of Rainbow Noise for Alaryngeal Speech at 

various Noise Levels 
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Figure 23 Modified LSTM – Spectrogram Images of Babble Noise for Alaryngeal Speech at various 

Noise Levels 



 

216 
 

Performance Evaluation of Perceptual Quality and Intelligibility of Enhanced Speech using  

Machine Learning and Deep Learning Algorithms 

 

  

a) -10 dB b) -5 dB 

  
c) 0 dB d) 5 dB 
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Figure 24 Modified LSTM – Spectrogram Images of Airport Noise for Alaryngeal Speech at various 

Noise Levels 
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e) 10 dB f) 15 dB 

Figure 25 Modified LSTM – Spectrogram Images of Jet plane Noise for Alaryngeal Speech at 

various Noise Levels 
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Figure 26 Modified LSTM – Spectrogram Images of Street Noise for Alaryngeal Speech at various 

Noise Levels 
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Figure 27 Modified LSTM – Spectrogram Images of Train Whistle Noise for Alaryngeal Speech at 

various Noise Levels 
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Figure 28 Modified LSTM – Spectrogram Images of Restaurant Noise for Alaryngeal Speech at 

various Noise Levels 
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e) 10 dB f) 15 dB 

Figure 29 Modified LSTM – Spectrogram Images of Car Noise for Alaryngeal Speech at various 

Noise Levels 
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e) 10 dB f) 15 dB 

Figure 30 Modified LSTM – Spectrogram Images of Subway Noise for Alaryngeal Speech at various 

Noise Levels 
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Figure 31 Modified FCRN – Spectrogram Images of Washing Machine Noise for Alaryngeal Speech 

at various Noise Levels 
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Figure 32 Modified FCRN – Spectrogram Images of Rainbow Noise for Alaryngeal Speech at 

various Noise Levels 
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Figure 33 Modified FCRN – Spectrogram Images of Babble Noise for Alaryngeal Speech at various 

Noise Levels 
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Figure 34 Modified FCRN – Spectrogram Images of Airport Noise for Alaryngeal Speech at various 

Noise Levels 
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Figure 35 Modified FCRN – Spectrogram Images of Jet plane Noise for Alaryngeal Speech at 

various Noise Levels 
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Figure 36 Modified FCRN – Spectrogram Images of Street Noise for Alaryngeal Speech at various 

Noise Levels 
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Figure 37 Modified FCRN – Spectrogram Images of Train Whistle Noise for Alaryngeal Speech at 

various Noise Levels 
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Figure 38 Modified FCRN – Spectrogram Images of Restaurant Noise for Alaryngeal Speech at 

various Noise Levels 
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Figure 39 Modified FCRN – Spectrogram Images of Car Noise for Alaryngeal Speech at various 

Noise Levels 
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Figure 40 Modified FCRN – Spectrogram Images of Subway Noise for Alaryngeal Speech at various 

Noise Levels 
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Abstract
Nowadays, deep neural network has become the prime approach for enhancing speech signals as it yields good results

compared to the traditional methods. This paper describes the transformation in the enhanced speech signal by applying the

deep convolutional neural network (Deep CNN), which can model nonlinear relationships and compare it with the Wiener

filtering method, which is the best technique for speech enhancement among the traditional methods. Denoising is

performed in the frequency domain and converted back to the time domain to analyze performance metrics such as speech

quality and speech intelligibility. The speech quality is analyzed based on the signal to noise ratio (SNR) and perceptual

evaluation of speech quality (PESQ). Speech intelligibility is analyzed by short-time objective intelligibility (STOI). Both

the methods evaluated the denoised speech, and the analysis made on the results shows that the SNR of the conventional

Wiener filtering method is much improved when compared with Deep CNN. However, the PESQ and STOI of Deep CNN-

based enhanced speech outperform the Wiener filtering method. The performance metrics indicate that Deep CNN achieves

better results than the conventional technique.

Keywords Deep convolutional neural network � Noisy speech � Speech enhancement � Speech quality � Intelligibility

1 Introduction

Communication through speech is one of the vibrant

methodologies to express one person’s internal thoughts to

another and from the human to machine and vice versa.

The original quality of the speech signal becomes distorted

as it is delivered into the outside world. Therefore, the

speech signal mixed with noise needs to be enhanced.

Consequently, speech enrichment needs to enhance the

quality and legibility (Wang et al. 2021) of noisy speech

signals. The need of the hour in our day-to-day life is the

extraction of the clear speech signal from the distorted

noisy speech which are prone to background noise and

reverberations.

Speech signal enhancement is a tedious process com-

pared to other signals because of its characteristic that

changes intensely with time. The algorithms used for this

process need to give a spontaneous action for different

practical applications. The most common speech process-

ing techniques for denoising that are used for enhancing the

speech signal are minimum mean square error method

(Schwerin and Paliwal 2014) that is performed by short-

time spectral magnitude estimation between the clean

speech signal and enhanced speech signal, spectral sub-

traction method (Paliwal et al. 2010) that deals with the

clean speech spectrum estimation by subtraction of noise

spectrum from noisy speech spectrum. Various filtering

techniques like Wiener filter (Grais and Erdogan 2013) that

acts as a linear estimator for reducing the mean squared

error (MSE) between the clean speech and enhanced

speech signal, and Kalman filter (Dionelis and Brookes

2018) estimates the model from observing a set of the noisy

speech signal. These statistical-based (Hu and Loizou

2008; Loizou 2013) unsupervised models are imperfect in
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predicting the variations because of dynamic nature of

noisy speech signals. The statistical assumptions need to be

made in the unsupervised models and that does not

improve the performance of the denoised speech. The

supervised models are data driven and it eliminates the

statistical assumptions that are made on the clean and noisy

speech signals.

Nowadays, the enhancement techniques incorporate the

taxonomy of artificial intelligence by which the machine

learning (Srinivasan et al. 2006) and deep learning tech-

nique (Kolbk et al. 2017; Wang and Chen 2018; Chai et al.

2019) is widely applied to improve the clarity of speech

(intelligibility) and it increases the listening capability

(based on quality) so that it is perceived. It is imperative as

the listeners are interested and focused on listening to the

speech signal with excellent quality and intelligibility.

Denoising is a fundamental strategy that is implemented

for applications that deal with speech signals such as

telecommunication (Rix et al. 2001), speaker recognition in

biometrics (Jain et al. 2004), hearing aids (Healy et al.

2017), hands-free communication (Thiergart and Taseska

2014) and many more.

The drawbacks of the unsupervised techniques could be

overcome by applying the deep neural network that deals

with training the network with massive data in multiple

noise conditions. The data-driven approach (Zhao et al.

2018) of the deep neural network makes it more efficient

and is responsive to untrained conditions and unseen

noises. In the recent past, the commonly used techniques

for supervised speech enhancement (Nossier et al. 2021)

technique include the mapping in the frequency domain or

time–frequency masking. The speech signal is converted

from the frequency domain to the time domain. These

methodologies enable the reconstruction of the speech

signal from frequency domain to time domain with the

phase of the noisy signal (Li et al. 2019).

The order of the content of this research paper is as

follows: the recent work carried out in speech enhancement

is discussed in the 2nd Section. A clear explanation of the

proposed Deep CNN system and a comparison with the

Wiener filter is given in the 3rd Section. Section 4 dis-

cusses the dataset used, features extracted, algorithm and

its description. The description of the results obtained and

the conclusion are mentioned in the 5th and 6th Section,

respectively.

2 Related works

Similar works carried out in the speech enhancement area

helps in removing the background noise that affects the

speech signal are the weighted noise encoder for enhancing

the speech signal by considering the power spectrum of

clean speech and the SNR to build the Wiener filter in the

frequency domain (Xia and Bao 2014). Modeling of the

time and frequency correlation dimensions by applying the

improved minima controlled recursive averaging (IMCRA)

and also incorporating the long short-term memory

(LSTM) of recurrent neural network (RNN) architecture

and CNN exhibits good results in terms of the performance

metrics (Yuan 2020). Cycle consistent training (Meng et al.

2018) for enhancement optimizes clean to noisy and noisy

to clean speech mapping simultaneously.

The different DNN-based speech enhancement

methodologies adopted vary based on neural network

architecture, training the target and selection of training

features. Nowadays, the deep learning models that are

becoming popular in the field of speech enhancement are

the CNN (Zheng et al. 2020; Li et al. 2020), LSTM (Li

et al. 2019), and RNN (Xian et al. 2021), which incorporate

the transformation function to convert the spectral features

of the noisy speech signal and clean speech signal. As CNN

is widely used for image processing and recognition, it

would be a good solution for the problems faced with the

degradation of speech signals due to background noise. The

SNR-aware (Fu et al. 2016) CNN for the enhancement

process shows that the CNN suits well for extracting the

time–frequency features and moves forward in achieving

the goal. Loss functions based (Fu et al. 2018; Li et al.

2020) on the performance metric STOI are used for mod-

eling the utterance as a whole.

CNN implemented to perform end-to-end speech

enhancement (Du et al. 2017) task can estimate the phase

of clean speech that improves the quality and intelligibility

of speech. Some of the speech enhancement methods

perform direct enhancement on the raw speech waveforms

by mapping (Fu et al. 2017; Pandey and Wang 2019) and

are referred to as the waveform-based approaches. The

fully convolutional neural network (Park and Lee 2017) is

one among them that allows direct mapping and feature

selection from the convolutional encoder-decoder model

(Lan et al. 2020). Obtaining the mean absolute error loss

for the training of CNN is done by taking the magnitude of

the enhanced STFT and clean STFT (Pandey and Wang

2019). In some cases, a combination of the CNN and RNN

model (Hsieh et al. 2020) works out to be more suitable to

capture the local and sequential correlations (Wang et al.

2021). Another approach uses sequence to sequence model

(Kameoka et al. 2020) using LSTM RNN to model the

encoder by encoding the input sequence and decoder to

decode the output sequence for voice conversion.

The mapping function created based on the noisy and

clean speech signal by the nonlinear-based regression

model (Xu et al. 2013) shows that the ability to handle the

unseen noise is diminished. In the ILMSAF-based speech

enhancement, the performance of the network is reduced
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for the volvo noise (Li et al. 2016; Sungheetha and Rajesh

2021; Kumar 2021). As the task is to enhance the speech

signal by removing the noise, the CNN is applied for the

speech enhancement as it was observed that it gives

improved results compared to multi-layer perceptron

(Grais and Plumbley 2017).

The CNN is robust and suits well for speech enhance-

ment. Therefore, in the proposed work, the Deep CNN is

designed to give outperforming results. Deep CNN takes

the noisy speech signal as the input and converts it into the

frequency domain to train the network. It is because the

noise and the clean speech signal can be discriminated only

in the frequency domain. The training is performed until

the mean squared error is minimum between the clean

speech signal and the denoised or enhanced speech signal.

3 Speech enhancement system

In today’s scenario, the best of all techniques are the Deep

algorithms, as they can handle a lot of data and design a

model by themselves. In this work, the Deep CNN is

designed to perform speech enhancement and a compara-

tive study is done by analyzing its performance with the

best conventional technique, i.e., the Wiener filter as shown

in Fig. 1. Therefore, the best conventional Wiener filter and

Deep CNN are taken for comparison. The comparison

results show that each technique is best in its way.

3.1 Model of speech signal

The noisy speech signal is acquired from adding the clean

speech signal with the different types of noise as given in

Eq. 1. The task is to retrieve the clean speech signal from

the noisy speech signal by eliminating the noise.

c nð Þ: Clean Speech Signal

b nð Þ: Noise Signal

s nð Þ: Noisy Speech Signal

s nð Þ ¼ c nð Þ þ b nð Þ ð1Þ

3.2 Wiener filtering

The presence of noise is unavoidable in real-world sce-

narios of speech processing. The most fundamental

methodology in noise reduction of a speech signal is the

optimal Wiener filter. The Wiener filter acts as a linear

filter that could be utilized to separate the clean speech

signal from the noisy speech signal by reducing the MSE

between the estimated signal and the original signal. As the

Wiener filter can achieve noise reduction, it also has the

disadvantage of losing the speech signal’s integrity.

Therefore, the speech misrepresentation should be man-

aged in such a way by adequately manipulating the Wiener

filter or to have explicit knowledge of the speech signal. In

any speech communication system, the speech signal could

be distorted by background noise and reverberations.

Therefore, noise reduction methodologies and speech

enhancing techniques are needed to obtain the desired

speech signal from the corrupted ones.

R xð Þ ¼ C xð Þ
S xð Þ ¼ C xð Þ

C xð Þ þ B xð Þ ð2Þ

where C xð Þ—Signal Spectrum, BðxÞ—Noise Power

Spectrum, SðxÞ—Noisy Speech Spectrum

RWiener xð Þ ¼ C xð Þ
S xð Þ ¼ S xð Þ � B xð Þ

S xð Þ ð3Þ

Es—Estimation of enhanced signal

cEs x; kð Þ ¼ RWiener xð ÞS x; kð Þ ð4Þ

d̂ n½ �
�

�

�

� ¼ IFFT

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

cEs x; kð Þ
q� �

ð5Þ

By combining the magnitude of the clear speech spectral

data with the phase of the noisy speech, the estimate of the

enhanced speech is obtained. It is given as,

d̂ n½ �
�

�

�

� ¼ d̂ n½ �
�

�

�

�\s n½ � ð6Þ

d̂—Estimate of Enhanced Speech.

3.3 Speech denoising and enhancement using
deep convolutional neural network

Deep learning adopts the learning methodologies to create

a model based on the data given to it. Neural network is the

basic building block of deep learning. Speech enhancement

is much required as the speech signal gets easily corrupted

due to multiple noise conditions and noise levels. The

noises can be stationary or nonstationary with varying

acoustic characteristics. As the DNN can possess the model

of highly nonlinear parameters, it makes the speech

enhancement process simpler. The DNN architecture

adopts the multi-layer feedforward network. The Deep
Fig. 1 Speech enhancement system for performance analysis
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CNN is designed with multiple hidden layers with rectified

linear unit (ReLU) activation function for speech

enhancement. The input applied to the Deep CNN system

is the frames of the noisy speech signal, and the expected

output is the denoised speech signal.

The clean and noisy speech signal is converted to the

frequency domain using STFT. The magnitude spectrum of

the clean speech signal is taken as the target. The noisy

speech signal is taken as the predictor and presented to the

Deep CNN for denoising the speech as shown in Fig. 2.

The regression network uses the magnitude of the noisy

speech signal to reduce the mean square error between the

denoised speech signal and the clean speech signal. The

output from the Deep CNN gives the denoised signal in the

frequency domain. The denoised speech signal is converted

to the time domain using the output magnitude spectrum

from the Deep CNN network and the phase of the noisy

speech signal.

4 Algorithm description

4.1 Dataset

The clean speech signal is taken from the University of

Edinburgh, Centre for Speech Technology Research

(CSTR) (https://datashare.is.ed.ac.uk/handle/10283/2791).

The dataset contains nearly 400 speech sentences. These

speech sentences are taken for training and different types

of noise are added with different decibels. The dataset is

divided into training and testing data by applying holdout

validation method. 80% of the dataset is taken as training

data and 20% is taken as the testing data. The noisy speech

signal is generated for feeding the Deep CNN. The noisy

data set is created by mixing the clean speech with the

different noise types such as washing machine noise,

rainbow noise, jet airplane noise and train whistle noise

with different noise levels such as 0 dB, 5 dB, 10 dB and

15 dB.

The dataset contains 400 utterances and it is split into

3:1 for training and testing. Deep CNN is trained with 300

sentences and tested with 100 sentences. The training set is

created by mixing the noise with the clean speech signal at

different noise levels. From the testing set, the noisy speech

signal is randomly chosen to check the denoising ability of

the network.

4.2 Feature extraction

The first step is to convert the speech signal from the time

domain to the frequency domain using STFT to extract

features. The magnitude STFT vectors of the clean speech

and the noisy speech are input features to the Deep CNN

Model. Therefore, the speech signal is divided into a 10 ms

frame with no frameshift. In converting from the time

domain to frequency domain using STFT, the hamming

window is utilized with a window length of 256 samples

and 75% overlap. For training and testing purposes, the

speech signal is down sampled to an 8 kHz signal and a

256-point FFT is implemented and the number of fre-

quency bins is 129. The clean speech corpus taken from the

open-source dataset was contaminated by the noise signals

at different noise levels.

The discrete Fourier transform is applied on the over-

lapped frames for acquiring the STFT of the signal. Due to

the overlap, the successive frames cause the nearby frames

to have common samples at the boundary of the overlap.
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The relationship between STFT magnitude and the STFT

phase is due to the correlation between the adjacent frames

in the frequency domain. The original speech signal is

reconstructed by maintaining a relation between the STFT

magnitude and phase.

4.3 Denoising using convolutional layers

The denoising algorithm utilizes convolutional layers in

which each neuron is connected to all the activations in the

previous layer. Deep CNN is used to learn the spectral

mapping from the noisy speech signal to the clean speech

signal. The Deep CNN in this work is designed with 2-D

convolutional layer and applies the sliding filter to the input

as shown in Fig. 3.

The inputs to the convolutional layer are the features

taken from the magnitude vector of STFT and the number

of segments of the noisy speech signal. The convolution

layer convolves by moving the filter on the input vertically

and horizontally. The dot product is determined by the

weights and the input and it is added to the bias.

The convolutional layers are defined as a group of lay-

ers, i.e., Convolutional Layer, Batch Normalization Layer

and ReLu Layer and repeated 6 times, with the filter width

of 9, 5 and 9 and the number of filters are 18, 30 and 8. The

final convolutional layer is given a filter width of 129 along

with 1 filter. The mean and standard deviation of outputs

are normalized using the Batch Normalization Layers. The

maximum epoch is set to 15; therefore, the network makes

15 passes through the training data. The shuffle is made for

the training sequence at the starting of every epoch. During

the training phase, the Adam Optimizer is used for opti-

mizing the parameters and the MSE is taken as the loss

function.

Fig. 2 Proposed deep CNN for speech enhancement

Fig. 3 Deep CNN architecture for denoising speech signal
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5 Results and discussions

The clean speech signal is added with different noise types

such as washing machine noise, rainbow noise, train

whistle noise and jet airplane noise with different noise

levels such as 0 dB, 5 dB, 10 dB and 15 dB. The noisy

speech signal generated by adding washing machine noise

is given as input to the Wiener filter and DNN-based

speech enhancement system. The SNR of the denoised

signal is improved compared to the SNR of the noisy

signal.

The noisy signals are taken for different noise levels

such as 0 dB, 5 dB, 10 dB and 15 dB for the different

noise types and were added with the clean speech signal to

form the noisy speech signal. For analyzing the enhanced

speech signal, the performance metrics considered are

SNR, PESQ and STOI.

The performance metrics are calculated as follows:

• Signal to Noise Ratio (SNR)

Table 1 PESQ description
PESQ Score Description

4–5 Excellent

3–4 Good

2–3 Fair

1–2 Poor

0–1 Bad

Table 2 Comparison of SNR, PESQ and STOI of noisy signal and denoised signal using Wiener filter and deep CNN

Noise level

(dB)

Washing machine noise Rainbow noise Train whistle noise Jet airplane noise

SNR SNR SNR SNR

Noisy

signal

Wiener

filter

Deep

CNN

Noisy

signal

Wiener

filter

Deep

CNN

Noisy

signal

Wiener

filter

Deep

CNN

Noisy

signal

Wiener

filter

Deep

CNN

0 19.4898 34.7837 30.5801 19.3679 37 .2929 30.5738 19.2925 39.801 35.7682 19.5242 36.4482 33.2925

5 23.0452 35.3452 33.4311 22.9899 37.7086 32.5593 23.0805 38.0964 36.0604 23.1936 38.9859 34.2398

10 25.5831 36.5445 34.8537 25.5454 37.9403 34.6552 25.6373 38.9824 36.0091 25.5068 44.103 35.1301

15 26.6226 38.3302 35.7433 26.7152 37.4407 35.5169 26.6514 39.346 36.1191 27.0348 42.8054 36.1123

Noise level

(dB)

Washing machine Rainbow Train whistle Jet airplane

PESQ PESQ PESQ PESQ

Noisy

signal

Wiener

filter

Deep

CNN

Noisy

signal

Wiener

filter

Deep

CNN

Noisy

signal

Wiener

filter

Deep

CNN

Noisy

signal

Wiener

filter

Deep

CNN

0 2.0374 1.8916 2.3326 1.91 1.812 2.0966 1.8663 2.1188 2.6372 2.2741 1.5465 2.3693

5 2.2703 2.2672 2.4992 2.2918 1.9707 2.3908 2.5498 2.2221 2.7768 2.5966 1.6103 2.6944

10 2.6184 2.2699 2.6496 2.4612 1.995 2.56 2.7473 2.4913 2.8795 2.6331 1.7719 2.8764

15 2.6983 2.3078 2.816 2.6623 1.9265 2.6776 2.9022 2.4074 2.9699 2.6785 1.8318 2.7983

Noise level

(dB)

Washing machine Rainbow Train whistle Jet airplane

STOI STOI STOI STOI

Noisy

signal

Wiener

filter

Deep

CNN

Noisy

signal

Wiener

filter

Deep

CNN

Noisy

signal

Wiener

filter

Deep

CNN

Noisy

signal

wiener

filter

Deep

CNN

0 0.5166 0.0173 0.5809 0.5252 0.0039 0.5812 0.7598 0.0058 0.7923 0.6334 0.0718 0.6726

5 0.6569 0.0278 0.6814 0.648 0.0459 0.6609 0.8047 0.0535 0.8164 0.6951 0.0724 0.7074

10 0.7284 0.0174 0.7501 0.7291 0.0263 0.744 0.7781 0.0783 0.7814 0.7459 0.0214 0.7685

15 0.7542 0.048 0.8099 0.7331 0.0686 0.7704 0.8256 0.0177 0.8912 0.7463 0.0397 0.7693

cFig. 4 Performance improvement comparison for noise levels 0 dB,

5 dB, 10 dB, 15 dB a washing machine noise, b rainbow noise,

c train whistle noise, d jet airplane noise
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(b) Rainbow Noise 

(c) Train Whistle Noise
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SNRdB ¼ 20 log10
S rms

N rms

where S_rms—root mean square of speech signal,

N_rms—root mean square of level of noise.

• Perceptual Evaluation of Speech Quality (PESQ)

PESQ is a subjective quality measurement and it is

based on the mean opinion score based on the eval-

uation given by the listeners and standardized by

(c) 10dB – Train Whistle Noise  (d)  15dB – Jet Airplane Noise

(a) 0dB – Washing Machine Noise (b) 5dB – Rainbow Noise

Fig. 5 Spectrogram analysis of clean speech, noisy speech and denoised speech signal a 0 dB—washing machine noise, b 5 dB—rainbow noise,

c 10 dB—train whistle noise and d 15 dB—jet airplane noise
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International Telecommunications Union (ITU). The

PESQ value ranges as per Table 1 given below.

• Short Time Objective Intelligibility (STOI)

STOI is a subjective intelligibility measurement,

larger the value better the speech intelligibility. The

STOI value ranges between 0 and 1.

The audio of the noisy speech signal was inferior in

quality as well as intelligibility. When the signals were fed

to the Deep CNN system for speech enhancement, the

performance of the denoised speech was well improved in

terms of quality which were clearly observed by the values

of SNR and PESQ. Also, the intelligibility was improved,

which was analyzed from the STOI scores. Table 2 shows

the quality (SNR and PESQ) and intelligibility (STOI) of

noisy signals and improvement in the denoised signal’s

performance metrics.

In order to analyze the quality, SNR and PESQ are

considered and to evaluate the clarity of speech; the metric

STOI is taken. The subjective quality of the spoken speech

signal is analyzed by PESQ. The value of PESQ ranges

between - 0.5 to 4.5. The higher the value of PESQ on the

scale indicates the improvement in quality of the denoised

speech. STOI refers to the subjective intelligibility of

speech and it ranges between 0 and 1. The improvement in

the STOI value is indicated by the higher value.

As per the observations from the performance metrics

shown in Table 2, the SNR of the denoised signal through

Wiener filtering shows good improvement compared to

Deep CNN model for different noise levels as well as

different noise types. The PESQ value of the Wiener filter

is in the poor range (1–2) for the rainbow and jet airplane

noise as per PESQ scores given in Table 1. But the PESQ

value of the washing machine noise and train whistle noise

of the Wiener filter is in the fair (2–3) range.

For the Deep CNN, the PESQ values for all the noise

levels and noise types it falls in the fair (2–3) category of

mean opinion score. As the Wiener filter focusses more on

the quality of the speech signal, it gives good result in

terms of SNR and moderate results for PESQ. But the

intelligibility of speech is compromised which reduces the

clarity of the speech signal. The STOI scores show that the

Wiener filter is not capable of improving the intelligibility.

On the other hand, the Deep CNN shows drastic results in

the STOI values, which in turn represents the intelligibility

of the denoised speech signal.

The consolidated results in Table 2 show the improve-

ment in the performance metrics of Deep CNN compared

to the conventional Wiener filtering algorithm for denois-

ing speech signal. The Wiener filtering method shows

outstanding results on the SNR and the PESQ. It is clearly

observed that the Wiener filter has good capability in

improving the quality of the speech signal. When the

intelligibility of the speech signal is considered, the per-

formance of the Wiener filter is deficient. However, the

DNN shows a drastic increase in terms of the clarity of the

speech signal.

The denoised signal shown in Fig. 4 represents that the

SNR of the noisy signal is much improved in the Wiener

filter compared to the Deep CNN. However, in terms of the

other performance metric representing the quality of

speech, i.e., the PESQ of the denoised speech signal is

much improved in Deep CNN compared to the Wiener

filter. When the intelligibility of the denoised speech is

analyzed, it is evident that the STOI scores of the Deep

CNN give an excellent improvement in the clarity of

speech. The spectrograms of the clean speech, noisy speech

and denoised speech for the different types of noise and

noise levels are shown in Fig. 5.

6 Conclusion

The proposed single channel speech enhancement system

estimates the magnitude of the speech signal in the fre-

quency domain. The Deep CNN-based single channel

speech enhancement system is compared with the tradi-

tional Wiener filtering method. Evaluation is carried out on

multiple noise conditions to analyze the denoising capa-

bility of the speech enhancement system, and the results

indicate that the Deep CNN-based system outperforms in

terms of quality and intelligibility compared to the best

performing Wiener filtering traditional technique. The

quality of the denoised speech signal based on the SNR

shows a drastic improvement for the Wiener filtered

denoised signal. However, the Deep CNN yields excellent

results in terms of quality and intelligibility that are ana-

lyzed based on the scores of PESQ and STOI. Thus, it

should be recorded that the performance of Deep CNN

outperforms the traditional Wiener filter technique.
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In real time, the speech signal received contains noise produced in the background and
reverberations. These disturbances reduce the quality of speech; therefore, it is important
to eliminate the noise and increase the intelligibility and quality of speech signal. Speech
enhancement is the primary task in any real-time application that handles speech signals.
In the proposed method, the most effective and challenging noise, i.e., babble noise, is
removed, and the clean speech is recovered. The enhancement of the corrupted speech
signal is done by applying a deep neural network-based denoising algorithm in which the
ideal ratio mask is used to mask the noisy speech and separate the clean speech signal.
In the proposed system, the speech signal corrupted by noise is enhanced. Evaluation of
enhanced speech signal by performance metrics such as short time objective intelligibility
and signal to noise ratio of the denoised speech show that the speech intelligibility and
speech quality are improved by the proposed method.

Keywords: deep neural network, noisy speech, speech enhancement, feature extraction,
speech quality, computational intelligence.

1. Introduction

Speech enhancement [21, 22] is very important for any speech signal suffering
from distortions, reflections and background noise that varies from place to place.
Therefore, the speech enhancement techniques are crucial and very important
for improving the speech quality in applications such as speaker recognition,
automatic speech recognition (ASR) [1, 2, 23, 40], speech coding [5, 6, 32] and
hearing aids [3, 4, 32].
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Speech enhancement algorithms [12, 34] help in reducing noise without dis-
turbing the quality of target speech. When the speech quality and intelligibi-
lity are improved, it helps the listeners to listen to the speech without any re-
straints. The conventional algorithms of speech enhancement include minimum
mean square error [7], spectral subtraction [8], Kalman filtering [11] and iterative
Wiener filtering [10].

In the recent past, computational intelligence and machine learning have
found wide applications in enhancing distorted speech and noise removal [38, 39].
The latest trend in speech enhancement uses deep learning [9, 37], which adopts
the architecture of a deep neural network (DNN). A DNN is a feed-forward
network capable of modeling relationships that are non-linear [36]. In order to
model the DNN, the features such as relative spectral transformed perceptual
linear prediction coefficients (RASTA-PLP) [14, 15], amplitude modulation spec-
trogram [30, 13], gammatone frequency cepstral coefficients (GFCC) [9, 16] and
mel frequency cepstral coefficients (MFCC) [18] are extracted.

The training data consists of the speech signal with different noise types and
signal-to-noise ratio (SNR) for the non-linear DNN-based regression model. The
performance of the DNN is restricted to varying real-time noisy situations. There-
fore, to improve the network’s generalization ability, the changing nature of the
noise is given as input to the network for training [31]. This helps to enhance
the efficiency of the network in detecting unseen noise types.

In the past few years, a DNN has played a vital role in separating noise
from speech and improving speech quality [19]. To enhance the noisy-reverberant
speech [19], spectral mapping [17] is done using a single DNN, which removes
noise and reverberation. Basically, the background noise causes disturbance to
the clean speech. Here, denoising is performed for speech signal mixed with
babble noise.

The content of the paper is arranged as follows: Sec. 2 gives the detailed
description about the similar works carried out for speech enhancement, Sec. 3
discusses the methodology of speech enhancement. Section 4 explains the various
feature extraction methodologies. Section 5 discusses a DNN for denoising and
Sec. 6 presents the obtained results and their discussion; finally, the conclusion
is given in the last section.

2. Related work

In the past years, the related work carried out for the speech enhancement has
dealt with unsupervised techniques such as spectral subtraction, Kalman filter-
ing, Weiner filtering and many more. The problem occurring in these techniques
is that the method adopted for analyzing the noise is just an assumption. The
disadvantages occurring in these techniques are eliminated by the powerful super-
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vised technique such as codebook vectors and the model-based techniques where
the speech signal and noise are known a priori. For the distortion-independent
acoustic model, the non-matrix factorization (NMF) is more powerful in the
process of separating the source in the recording made in a single-channel mi-
crophone in the existence of additive noise. The NMF-based technique [41] helps
in estimating the speech signal and noise in the frequency domain. Segment-
based approach [47] is another method to identify longer speech segments with
its full-length speech sentence matching to remove fast-varying noise.

The previous research clearly indicates the improvement in speech enhance-
ment performance when the features are extracted from the speech signal. The
prediction of the log-power spectra (LPS) feature of the clean speech signal
can be made using multi-objective learning. A long short-term memory (LSTM)
technique [43] is a powerful tool that helps in a consistent improvement of the
speech quality and intelligibility. The encoding of features [44] helps in the voice
conversion process, and the different encoders are more effective. The usage of
the deep recurrent neural network [42] is also very helpful in identifying the
speech denoising system model in which the time-frequency masking is applied
to one of the layers in the network.

Speech enhancements with deep learning are based on mapping or masking
[45]. In the mapping-based enhancement, the relationship between the features
of the noisy speech and the clean speech is considered. In the masking-based
scenario, the relationship between the features of the noisy speech and the time-
frequency mask is considered. The estimated mask is used to obtain the features
of the enhanced speech signal. The different ideal masks for speech enhancement
are ideal binary masks, ideal ratio masks and complex ideal ratio masks (cIRMs).
The studies indicate that the ideal ratio mask leads to better results compared
to the ideal binary mask. The cIRM [46] takes both the real and imaginary
components for estimating the target.

Due to the non-linear relationship between the input and the target of the
speech signal features, the networks with multiple layers and non-linear activa-
tion functions are more effective than shallow networks for the enhancement of
speech signal. In certain applications, when the speech signal needs to be masked,
babble noise is utilized for security purposes. In this paper, the ideal ratio mask
is incorporated to obtain the enhanced speech features for denoising the speech
signal affected by babble noise.

3. Speech enhancement methodology

The clean speech is mixed with the babble noise to form the noisy speech
signal, and the features are extracted and given to the DNN, as shown in Fig. 1.
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Clean speech Babble noise 

Noisy speech signal 

Feature extraction 

DNN 

Denoised signal 

Fig. 1. Proposed speech enhancement system using a DNN.

3.1. Model of the speech signal

Let c(t) and b(t) represent the clean speech and babble noise, respectively.
The noisy speech signal n(t) is

n(t) = c(t) + b(t). (1)

The babble noise signal b(t) is usually not correlated with the desired signal c(t);
therefore, it is apparent that the noise can be removed first before recovering the
clean speech. The target signal is the clean speech signal.

3.2. Process of denoising

The noisy utterance is given to the speech enhancement system, and the tar-
get signal is the noise-free clean speech. The noise is suppressed by using the
time-frequency masking framework and removed by applying the time-frequency
mask to the noisy speech signal. For the time-frequency masking, the ideal ra-
tio mask is incorporated to remove the noise.
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The ideal ratio mask is given by:

IRM(t, f) =

(
C2(t, f)

C2(t, f) +N2(t, f)

)β
, (2)

IRM(t, f) =

(
SNR(t, f)

SNR(t, f) + 1

)β
, (3)

where C2(t, f) shows the speech signal and N2(t, f) shows the noise signal, as
a time-frequency (T-F) representation, and β acts as the tuning parameter for
scaling the mask. At β = 0.7, the noisy signal is estimated and implemented
using a DNN. After denoising, the signal is reconstructed in the time domain.

4. Feature extraction

The features extracted from the noisy speech signal are given below.

4.1. Mel frequency cepstral coefficients (MFCC)

The MFCC is the commonly used method in the feature extraction of speech
signals. The speech signal is segmented into small duration blocks (windowed
frames) and the fast Fourier transform (FFT) is applied to each frame sequence.

The signal is changed from the time domain signal into the frequency domain.
The mel filter bank is applied to the power spectrum and energy is summed for
all filter banks. The log filter bank energies are applied with a discrete cosine
transform (DCT) [18, 29] to obtain the MFCC.

4.2. Relative spectral transformed perceptual linear
prediction coefficients (RASTA-PLP)

RASTA-PLP is a special methodology that implements band-pass filtering
to the energy in each frequency sub-band. The high-pass filter portion in the
band-pass filter reduces the convolutional noise [33]. The frame-to-frame spectral
changes are smoothened by the low pass portion [15].

4.3. Amplitude modulation spectrogram (AMS)

The speech signal is converted to the frequency domain by applying a short-
time Fourier transform (STFT). After decomposing the signal by the bark scale
decomposition, the spectral analysis is made by a second STFT. Thus, the ampli-
tude modulation coefficients such as acoustic frequencies, time and modulation
frequencies are obtained [25].
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4.4. Gammatone filter bank power spectra

The input speech signal is passed through a 64 channel gammatone filter bank
[24]. In each channel, the filter response is fully rectified and decimated, which is
similar to windowing. The absolute values taken specify the T-F representation.
The cube root of the T-F representation is taken and the DCT is applied to the
cepstral coefficients [16].

4.5. Autoregressive moving average model (ARMA)

The input speech signal is taken as long segments and converted using the
DCT. The windowing function is applied to the DCT signal. The ARMA mode-
ling is applied to sub-band DCT components of the sub-band envelope.

The power spectrum estimate is yielded by integrating the sub-band envelope
with respect to time. The inverse fast Fourier transform (IFFT) is used to trans-
form the power spectrum estimates into temporal autocorrelation estimates and
further used based on linear prediction in the time domain. The output obtained
gives a spectrally smoothed ARMA spectrogram [19].

5. DNN for denoising

The architecture of a DNN is a feed-forward neural network [9] and has the
competence to map the features of the noisy speech signal to clean the speech
signal [33]. The DNN model is trained with the features extracted [9]. Figure 2
shows the DNN architecture of the proposed model.
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Fig. 2. The DNN architecture of the proposed model.
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The sentence list is taken from the IEEE sentence database [26]. The clean
and noisy audio file is taken from the Noizeus website [27]. A babble noise at 0 dB
noise level is considered for mixing with the clean speech. The features extracted
are 31-dimensional MFCC, 15-dimensional AMS, 64-dimensional gammatone fil-
ter bank power spectra, and 13-dimensional RASTA-PLP [35] and are taken as
inputs to the DNN [19]. The DNN uses multilayer perceptron (MLP) as the dis-
criminative learning machine, which shows good performance for speech separa-
tion. The DNN uses 4 hidden layers, each layer having 1024 rectified linear hidden
units (ReLU). The number of hidden layers is taken as 4 in the process of tuning
the hyperparameters as it reduces the MSE to 0.001. The network is trained
with the back-propagation algorithm and the dropout rate considered is 0.2.

For the first 5 epochs, the momentum value is taken as 0.5, and after 5 epochs
it is taken as 0.9. The increase of momentum rate from 0.5 to 0.9 does not fasten
the training of the model, but it helps to increase the accuracy in training and
testing the model. The DNN predicts the output for varying frequency ranges,
and the cost function adopted is the mean squared error (MSE) [9].

For the targets in the range [0,1], the output layer uses a sigmoid activation
function, and for the other layers, a linear activation function is employed. The
input data given to the DNN are the features obtained from the 5-frame window
for implementing the temporal context. The final estimate is obtained by finding
the average of the multiple estimates of each frame [20].

6. Results and discussion

The proposed system uses sentences from the IEEE sentence database. Audio
files are taken from the Noizeus website for the clean speech. The noise used for
this work is a babble noise, which is the most challenging and it is considered
to be the best noise for masking speech. The babble speech is generally the
voice heard in the midst of the crowded ambience. The mixtures are obtained
by mixing clean speech signal with babble noise with different SNR values.

The training data contains 600 sentences and the testing data consists of
120 sentences. The signal is sampled at 16 kHz and converted into frames using
a 20 ms Hamming window with a 10 ms window shift for framing. For each
frame, 320 frame FFT is applied, resulting in 161 frequency bins.

The SNR of the noisy speech signal shows that the noise power is greater than
the signal power. After applying the denoising algorithm, the SNR is improved,
which shows that the signal power has increased more than the noise power, as
shown in Table 1. The noisy speech signal in the time domain, its periodogram
and spectrogram are shown in Fig. 3. The spectrogram shows the intensity of
noise present in the noisy speech signal. The periodogram displays the spectral
density of the noisy speech signal.
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Fig. 3. Noisy speech: a) time domain, b) periodogram, and c) spectrogram.

After applying the DNN speech enhancement algorithm, the noise is removed,
which can be observed in Fig. 4 that shows the denoised speech signal with
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Fig. 4. Denoised speech: a) time domain, b) periodogram, and c) spectrogram.

its periodogram and spectrogram. Normalization of data helps to estimate the
values between the minimum and maximum values so that it can be accessed
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on a common scale. For the DNN training, the normalization of the features of
the input speech signal is adjusted to zero mean and unit variance. All speech
sentences are trained with the rectified linear unit. The denoised speech signal is
tested for its performance based on the metrics such as the SNR and short-time
objective intelligibility (STOI). STOI represents the similarity between reference
and processed signal temporal envelopes for a short interval of time. STOI values
are between 0 and 1, the higher values in this range indicate better intelligibility,
as shown in Table 1.

Noise is removed from the noisy speech signal, and improved SNR and STOI
values are shown in Table 1. Compared to the other methods adopted [48] for
denoising the babble noise, the SNR is improved with this MLP DNN denoising
model. The performance metrics are improved compared to the similar works
adopted in speech enhancement. As the denoising system performs well for the
babble noise, which is a non-stationary noise, the same methodology can be
adapted for speech signals subjected to other noises for speech enhancement.

Table 1. SNR and STOI values of test sentences before and after denoising.

Input data
SNR before
denoising

[dB]

SNR after
denoising

[dB]

STOI before
denoising

STOI after
denoising

Test sentence 1 22.8878 27.0385 0.4915 0.6450
Test sentence 2 21.9277 27.0235 0.4014 0.5429
Test sentence 3 21.2534 26.9404 0.5544 0.5961
Test sentence 4 21.2279 27.0470 0.2677 0.4882
Test sentence 5 22.0107 27.0312 0.3192 0.5652
Test sentence 6 22.1754 26.9361 0.4983 0.6318
Test sentence 7 20.2182 26.7782 0.5444 0.6291
Test sentence 8 21.9834 26.9388 0.5175 0.6325
Test sentence 9 21.0655 27.0799 0.4337 0.6566
Test sentence 10 22.1023 27.4634 0.3488 0.5488

Figures 5 and 6 show the improvement of the denoised signal in terms of
noise removal and intelligibility. The SNR of the denoised signal is more increased
compared to the noisy signal, and the intelligibility of the speech signal indicates
the increase in the clarity of the speech signal [48]. The denoising is very clearly
observed when the denoised speech signal is listened as an audio output. The
quality, as well as the intelligibility, is improved to a great extent. which shows the
capability of the DNN in denoising the noisy speech and delivering the denoised
signal equivalent to the clean speech signal.
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7. Conclusion

Background noise plays a major role in distorting the speech signal. The
estimation of the ideal ratio mask yielded good results in estimating the noise and
giving the denoised speech. The performance metrics such as SNR and STOI were
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chosen to analyze the speech quality and intelligibility. The evaluations obtained
in the performance metrics, STOI and SNR showed that the IRM-based deep
learning algorithm excellently denoises the noisy speech signal and retrieves clean
speech. The observations from the spectrogram also clearly indicate the removal
of noise and display the denoised speech. Thus, the enhancement of speech signal
was observed in the numerical values of the two-performance metrics.
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Abstract. This paper presents a review on different methodologies adopted in
speech enhancement and the role of Deep Neural Networks (DNN) in
enhancement of speech. Mostly, a speech signal is distorted by background
noise, environmental noise and reverberations. To enhance speech, certain
processing techniques like Short-Time Fourier Transform, Short-time Auto-
correlation and Short-time energy can be adopted. Features such as Logarithmic
Power Spectrum (LPS), Mel-Frequency Cepstral Coefficients (MFCC) and
Gammatone Frequency Cepstral Coefficient (GFCC) can be extracted and given
to DNN for noise classification, so that the noise in the speech can be elimi-
nated. DNN plays a major role in speech enhancement by creating a model with
a large amount of training data and the performance of the enhanced speech is
evaluated using certain performance metrics.

Keywords: Speech enhancement � Deep Neural Network � Feature extraction �
Background noise � Speech signal

1 Introduction

Speech enhancement plays an important role in processing of any speech signal
because it tends to be easily affected by different problems such as interference due to
environmental noise, background noise and reverberations. Speech enhancement
techniques are implemented to eliminate the environmental noise that disturbs the
target speech signal and to retrieve the clean speech for applications such as Automatic
Speech Recognition (ASR) [21, 22], mobile speech communication, speaker recogni-
tion, hearing aids [25, 26] and speech coding [23, 24]. Speech enhancement [1, 2] helps
in improving the intelligibility and perceptual quality and also helps in the reduction of
noise distortion of a speech signal degraded by adverse conditions. The different types
of speech enhancement techniques developed in the past years are spectral subtraction
[4], iterative wiener filtering [5], minimum mean square error [6], Kalman Filtering
[15] and optimally modified log spectral amplitude [19, 20]. The presence of musical
noise in the enhanced speech is the major drawback of these traditional techniques.
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Compared to the other traditional techniques Minimum Mean Square Error (MMSE)
gives better quality of enhanced speech with lower musical noise [38, 39].

Non-linear DNN based regression models [3] are developed with training data,
depending on different conditions and considering factors such as types of noise, noisy
speech, noise from speakers and Signal-to-Noise Ratios (SNRs). The performance of
the DNN is limited in adverse conditions and in real time noisy situations. To overcome
this limitation, and to improve the generalization capability for detecting varying
inputs, the training set is formed with hundreds of different noise types. This attempt
proved to be efficient in managing the non-stationary behavior of noise and the different
categories of unseen noise. This is done by equalizing the global variance of enhanced
speech features [6] and the reference clean speech features for reducing the over-
smoothing problem. The drop out training [7] is applied on the datasets of neural
network when overfitting problem arises. Noise Aware Training (NAT) is done [8] by
adding noise information in the DNN inputs to improve the noise robustness and
performance in DNN-based speech enhancement systems.

When the need is to separate the noise from the speech signal or to separate a target
source from a mixture data, the Non-negative Matrix Factorization (NMF) plays a
major role. NMF has a wide scope in acoustic signal detection, speech enhancement,
speech recognition in adverse environment, acoustic source separation and many more
[9–12]. To increase the performance of NMF target data extraction algorithm with
source subspace overlap, the estimation of encoding vectors is done by DNN to
reconstruct the desired source data vectors [13]. The mixture data given to the DNN for
training includes the clean speech and the noise generated from the interfering sources.
DNN modeling is done by mapping the data vectors to its corresponding encoding
vectors. Instead of using NMF for separation of clean speech from the mixture data,
DNN can be used in two stages: first for separation of clean speech from noisy speech
and second for enhancing the clean speech [17]. Another approach for enhancing
speech using NMF is the exemplar-based speech enhancement technique [14], where
the training clean speech and noisy data are taken in time-frequency representations.
Speech and noise have varied modulation frequency content, hence, the Modulation
Spectrogram feature holds good in separating the speech and noise in an efficient
manner.

Time-Frequency masking is another methodology implemented when background
noise causes the major problem [27]. This method improves the magnitude and phase
response of the noisy speech through estimating the complex ideal ratio mask in real
and imaginary domains. Here the DNN is made to learn the mapping between the
reverberant speech and the complex ideal ratio mask [28].

Improved Least Mean Square Adaptive Filtering (ILMSAF) [16] helps in over-
coming the drawbacks such as reduced performance in low SNR environments and
poor adaptability in different noisy environments. Adaptive filter coefficients estimated
by Deep Belief Network (DBN) helps in efficient noise removal. DNN acts as a noise
classifier and based on the noise classification the filter parameters are chosen for
removing noise.

The most commonly occurring problem in the DNN based algorithm is the reduced
performance in mismatched noise condition [3, 6]. To get rid of this problem it is
mandatory to have more noise types in the training set. DNN based feature extraction
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can also be done to achieve speech enhancement, by learning the mapping in linear-
frequency spectral domain [18]. Applying pre-enhancement in the spectral features of
the DNN input could help in recovering clean speech features.

The rest of the paper is organized as follows. Section 2 discusses on the different
types of databases of clean speech and noise signals. Section 3 elaborates on the
processing methodologies adopted for the speech signal. Role of DNN in speech
enhancement is explained in Sect. 4.

2 Databases

Database refers to both the clean speech data and noisy speech data that can be utilized
for the research findings. The clean speech data is taken from the TIMIT corpus [31].
NTT database [34] has clean speech utterances in eight different languages (English,
American English, Japanese, German, Chinese, Spanish, French and Italian). The
DARPA-RM [29] database is suitable for training the supervised learning system.
Noisy data is taken from Noisex-92 [32], Aurora-2 [30] and Speechdat-Car US
(SDC) database [33]. Common noise types taken for training and testing the DNN are
Babble, Restaurant, Street, Cafeteria, Machine gun, White, Volvo, Factory1, Bucca-
neer, etc.

3 Processing

The properties of the speech signal vary with time, and hence, the short-time processing
methods that periodically repeat for the waveform duration are utilized. The following
are the different processing techniques adopted in the processing of speech signal.

3.1 Short-Time Energy

Short-time energy helps in differentiating the voiced and unvoiced sounds in a speech
signal. Thus, the speech and the background noise can be easily detected. The variation
in short-time energy [37] determines the difference between the voiced and unvoiced
speech segments. The short-time energy is high for voiced segments and low for
unvoiced segments and very low for silent speech.

The short-time energy is represented as given in Eq. (1)

E
n
^ ¼

X1
m¼�1

ðx m½ �w½n^ �m�Þ2 ð1Þ

where

E
n
^-Energy of the sample n in the signal x

w-Window
m-Number of frames in the signal
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3.2 Short-Time Fourier Transform

The Short-Time Fourier Transform (STFT) is the most powerful tool in any audio
signal processing, especially in speech signal processing [35]. When a signal with
changing frequency such as music, audio signal and speech signal is taken for noise
removal, instead of analyzing the whole signal, STFT helps in analyzing the smaller
divisions of the signal. The STFT is a function of both time and frequency, therefore, it
is represented as time-frequency distribution [36].

The Short-Time Fourier Transform is computed using Eq. (2)

X½n; k� ¼
X1

m¼�1
x½nþm�w½m�e�jkm ð2Þ

where

n 2 Z is a time index and k 2 R is a normalized frequency index

3.3 Short-Time Autocorrelation

Autocorrelation is a technique that compares the original signal with the time-delayed
version of itself. The Short-Time Autocorrelation is the autocorrelation function of the
windowed segment of the speech signal. The voiced and unvoiced speech can be
decided based on the peaks of the autocorrelation function [16].

The Short-Time Autocorrelation is denoted as given in Eq. (3)

R
n
^½k� ¼

X1
m¼�1

ðx m½ �w½n^�m�Þðx½mþ k�w½n^ �k � m�Þ ð3Þ

where

R
n
^ – Short-time autocorrelation at sample n in the signal x

w – Window

4 Deep Neural Networks for Speech Enhancement

DNN has wide scope in audio recognition, speech recognition, speech enhancement
and other domains. DNN is a feedforward network and has the capability to model non-
linear relationships. The DNN is trained with a collection of data comprising the clean
and noisy speech. Different features such as Log-Power Spectra (LPS), Mel Cepstral
Coefficients (MFCC) and Gammatone Frequency Cepstral Coefficients (GFCC) are
extracted from the speech signal to model the DNN. During training stage, the DNN is
made to learn the mapping function and the relationship between the noisy and clean
speech, where the noisy data with different levels of Signal-to-Noise Ratio (SNR) are
considered. In some cases, DNN is used for noise classification, where adaptive filter
coefficients are selected according to the determination of noise. DNN plays a major
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role in separation of the source signal from the mixed signal by decreasing the inter-
ference and distortion.

4.1 Pre-training DNN with Noisy Data

A collection of clean speech and noisy speech data represented by the log spectra
features are given to the regression based DNN model in the training phase. After
training, the enhanced log power spectra features are given as input to the DNN model.
The DNN concatenates the time axis information in the form of multiple frames and
frequency axis information in the form of log spectral features as the input feature
vector for DNN learning [3].

It is observed that the performance of DNN based method gives better results
compared to the logarithmic minimum mean square error (L-MMSE) method [19, 20,
40] for estimating the noise corrupted target speech. The DNN enhanced spectrogram
shows no musical noise and lies closer to the original clean speech spectrogram than
the L-MMSE enhanced speech. From the study made on the subjective preference
evaluation, it is observed that, on an average, 76.35% of subjects have preferred DNN-
based enhanced speech instead of L-MMSE enhanced speech under one or two mis-
matched noisy environments [3].

4.2 Drop Out Training and Noise Aware Training in DNN

The main drawback in the estimated clean speech is over-smoothing. Equalizing the
global variance of estimated clean speech and reference clean speech reduces this
problem to an extent. In order to remove the mismatch between the training and testing
conditions caused by the different types of noise and various SNR conditions, the drop
out training methodology could be adopted. Drop out Training [6] is implemented in
DNN by randomly removing certain percentage of neurons from the input, intermediate
or hidden layer and treated as a model. Sometimes drop out training causes decrease in
performance for matched conditions but gives robustness for mismatched conditions.
To give a clean picture on the noise information, Noise Aware Training [6] is done by
feeding the DNN with noisy speech samples and subsequent estimation of noise. Thus,
the DNN gets trained to determine the clean speech signal.

The DNN enhanced speech suppresses the non-stationary noise and results in less
residual noise compared to L-MMSE enhanced speech [41]. From the study made from
the subjective preference evaluation, it is observed that, on an average, 78% of the
subjects have preferred DNN enhanced speech over the L-MMSE enhanced speech. It
is inferred that, the DNN-based speech enhancement system is more efficient in dealing
with real world noisy speech in different languages and various recording conditions
that is not included in the training [6].

4.3 DNN Based Encoding Vector Estimation

Non-negative Matrix Factorization (NMF) technique is a conventional method which is
used to extract encoding data vectors [9, 12]. The performance of conventional NMF
based method degrades as the strength of the noise sources increase. The concept of
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regression is used for estimating the encoding vectors from a mixture of data given.
The mixture data and encoding vectors are mapped and learned by DNN [13].

From performance metrics such as Signal to Distortion Ratio (SDR), Signal to
Interference Ratio (SIR), Signal to Artifacts Ratio (SAR) [42] and Perceptual Evalu-
ation of Speech Quality (PESQ) [43], it is observed that the performance of DNN based
NMF is good compared to the conventional NMF based techniques and DNN based
separation in both matched and mismatched conditions [13].

4.4 DNN Based Noise Classification

Filter parameters play a major role in removal of noise. The filter parameters vary
depending on the type of noise. DNN helps in classification of noise and selection of
the filter coefficients according to the noise type. In the training phase, the Improved
Least Mean Square Adaptive Filtering (ILMSAF) model is trained for different noise
types. The enhancement of speech is done by selecting the ILMSAF model according
to noise type. The adaptive filter coefficients play a major role in improving the per-
ceptual quality of enhanced speech [16].

The ILMSAF based speech enhancement algorithm with DNN gives better results
in terms of speech objective quality measures than the Wiener filtering method used for
speech enhancement [44]. The ILMSAF based speech enhancement algorithm with
DNN gives a good response in high SNR conditions and extraordinary response in low
SNR conditions [16].

4.5 Source Separation and Enhancement Using DNN

The Single Channel Source Separation (SCASS) helps to separate audio source from
the mixed signal [45, 47]. The most popular method is the Non-negative Matrix
Factorization (NMF) and nowadays DNN is implemented for source separation also
[48, 50]. Source separation is adopted by two methods using DNN. The first method
maps the features of the mixed signal onto features of the source signal [49, 50]. In the
second method, the spectral mask of the mixed signal is mapped, and therefore it
contributes to each source in the mixed signal [51]. These methods are used for
separating the sources that is distorted due to interference by other sources and dis-
tortions. Distortion is eliminated in two stages: In the first stage, the signals are
denoised from the background noise, and is termed as the separation stage. Quality of
the signal is enhanced in the second stage, which is the enhancement stage [17].

The separation is either done by NMF or DNN and the enhancement is done by
DNN using two methods. In the first method, the separated signal is enhanced indi-
vidually for each source using its own trained DNN. In the second method, a single
DNN is used to enhance all the separated sources together. In both the methods,
discriminative training is adopted to train the DNN in the enhancement stage. The
observations made from the SIR and SDR values show that the quality of the separated
sources is improved by decreasing the interference and distortions [17].
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4.6 DNN Based Speech Enhancement Systems

Generally, DNN is trained in different conditions such as noise type, gender of the
speaker and Signal to Noise Ratio (SNR), to ensure the generalizing capability of the
DNN based speech enhancement system [53, 56] in terms of Speech Quality (SQ) and
Speech Intelligibility (SI) [2]. A comparison is made in terms of noise specific, speaker
specific, and signal-to-noise (SNR) specific system performance with respect to noise
general, speaker general and SNR general systems. A single DNN based Speech
Enhancement (SE) system has been designed for a specific noise type, speaker & SNR,
is compared with the general DNN based SE system designed for various noise types,
speakers & SNR and the short-time spectral amplitude minimum mean square error
(STSA-MMSE) based Speech Enhancement algorithm [58].

From the performance metrics speech quality and speech intelligibility, it is
observed that the DNN based SE system has good generalizing capability when
exposed to unseen noise types and speakers. The DNN trained with only one type of
noise, one type of speaker and one type of SNR performs excellent when compared
with the general DNN based SE system trained with a variety of noise types, speakers
and SNR [52].

5 Conclusion

Deep Neural Network is an emerging technique in speech enhancement and has a wide
scope for research. Various processing techniques applicable for the enhancement of
speech are discussed. The DNN in speech enhancement can be trained in multiple
conditions and tested in mismatched conditions to test the efficiency of the network.
The performance of the enhanced speech signal is evaluated with different performance
metrics such as Short-Time Objective Intelligibility (STOI) score, Perceptual Evalua-
tion of Speech Quality (PESQ), Signal to Distortion Ratio (SDR), Signal to Interfer-
ence Ratio (SIR) and Signal to Artifact Ratio (SAR).

Thus, it can be concluded that the Deep Neural Network plays a major role in
speech recognition, speech enhancement, audio separation and noise classification.
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