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Abstract. Esophageal speech is one of the pathological voices, which is known to be weak in intelligibility 

and hard to understand. Our approach's main idea is to reduce the esophageal speech noises using two-hybrid 

methods. This paper aims to merge the advantages of wavelet-based methods such as DWT and DTCWT, 

along with the standard methods such as the Wiener filter and the time dilated Fourier. The first hybrid 

method applies the filters on the vocal tract cepstrum, while the second one applies them at the synthesis 

stage. Two experiments were conducted as well to evaluate the results by objective analysis. The results 

obtained by the proposed hybrid methods gave good performances. 

1 Introduction 
Pathological voices are sounds produced by people 

suffering from a dysfunction or some voice trouble [1, 

2]. This voice deterioration could be temporary or 

permanent [1]. Besides being hoarse, this voice 

undergoes changes in one or multiple acoustics 

parameters, e.g., intensity, pitch, frequency and timbre 

[1, 2, 3]. Vocal pathologies are generally grouped into 

three main categories of origins: Functional pathologies, 

organic and cancerous [1, 2]. Esophageal speech (ES) is 

the pathological voice that our work is about to study. It 

belongs to pathologies of cancerous origin. This voice 

disorder is due to total laryngectomy, which is a surgical 

operation consisting of complete removal of the larynx 

[1]. ES is a substitution voice that facilitates 

communication without the need of using a device or 

even the hand, which makes it the most used solution to 

communicate [1, 2]. Otherwise, the major problem with 

this voice is the fact that it is weak in intelligibility and 

difficult to understand [3]. Improving this voice through 

denoising methods is the aim of this study. The methods 

used are DWT, DTCWT, Wiener filter and the time 

dilated Fourier cepstra. In this study, we combined these 

techniques to attenuate the noise of esophageal speech 

and the results were noted in order to make an objective 

evaluation. 

 Many researchers have conducted speech 

denoising. [4] Have proposed a time-domain speech 

denoising method to reduce the hoarseness of dysphonic 

voices. This technique separates the signal and the noise 
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subspaces based on singular value decomposition 

(SVD) of appropriate data matrices. Even the fact that 

the original signal’s spectral characteristics were 

preserved while reconstructing the signal, the SNR was 

higher, especially for the high-frequency area. The same 

method was applied in [5] in order to implement a real-

time hoarse denoising device. It was tested on speech 

signals degraded by white noise and applied to 

dysphonic voices. The same problem of high SNR was 

also found. A preprocessing technique using wavelet-

based denoising of non-linear dynamic analysis for 

laryngeal paralysis patients has been studied in [6]; the 

work proved that nonlinear dynamic analysis under 

noisy conditions was improved efficiently using the 

proposed method. In [7] an improving technique for 

speech enhancement was introduced. This method 

consists of decomposing the noisy signal using wavelet 

packet decomposition, then using adaptive thresholding 

and cepstral subtraction for more denoising. It is based 

on principal component analysis (PCA) for speech 

denoising. [8] have introduced a preprocessing method 

for denoising speech. The procedure eliminates non-

speech segments with a slight cost using speech segment 

detection before starting the denoising process. Also, 

this method has demonstrated that the denoising time is 

lower compared to the Wavenet-based denoising 

method. 

 The rest of this article is organized as follows: The 

second part introduces the processes and methods used 

in our work. Section three describes the denoising 

experiments. The results and discussion are given in the 
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fourth section. Finally, the fifth section gives a 

conclusion. 

2 Methods

2.1 Extraction of the vocal tract cepstrum

Firstly, the short-time speech signal was multiplied by 

the normalised Hann window introduced by [9], to make 

the discontinuities in the speech signal less noticeable. 

Normalised Hann Window provided by formula (1) [9]: 

 

�(�) = � �√�√�√	
���� ∗ ��� − � ��� �� (����)� ��� , 0 ≤ � ≤ �0 ��ℎ!"#$�!  (1) 

 

Where: 

� N: The length of the analysis window, 

� L: The analysis step size 

� a= b= 0.5 

 Then, a Fast Fourier Transform was applied to the 

windowed signal. After that, a log moderator was 

applied to the speech signal spectrum to separate the 

vocal tract spectrum and the excitation spectrum. The 

last step to obtain the cepstrum was applying the Inverse 

Fourier Transform (IFFT) to the logarithmic spectrum. 

Figure 1 resumes how the cepstrum is obtained. 

 

 

Fig. 1. The process of extracting the vocal tract and 

excitation cepstrum from the esophageal speech signal. 

After calculating the cepstrum, it is easy to calculate 

the excitation data and the vocal tract data after 

separating them. Thus, the linguistic features of the 

speech signal are: 

� C0: The first coefficient 

� [C1…Cp]: The vocal tract cepstral vector 

� [Cp+1…CN/2]: The excitation cepstral vector 

� [Ph0…PhN/2]: The phase coefficients. 

Where N denotes the analysis window size, P 

represents the number of the vocal tract cepstrum, and 

C0 = 0. 

2.2 Denoising methods

2.2.1 Wavelet-based methods

� DWT

The Discrete Wavelet Transform gives a good 

localization in time and frequency [10]. It's used in 

several domains, especially in denoising images and 

speech signals [3, 11], and this is due to the multi-

resolution analysis, which is the main characteristic of 

the wavelets. According to this analysis, the signal could 

be decomposed through a cascade of filters, associating 

a peer of filters to every resolution level: a low pass filter 

corresponding to low frequencies giving the 

approximation Aj, and a high pass filter corresponding 

to high frequencies giving the details Dj. This process is 

repeated to decompose the approximations [3, 10]. 

 

 

Fig. 2. The decomposition of the signal of an esophageal file 

sound in approximation Aj and details Dj by the DWT.

� DTCWT

The Dual-Tree Complex Wavelet Transform; often 

confused with continuous wavelets (CWT); could give 

more suitable results than the DWT [12]. This method 

uses two real trees of DWT, the first DWT tree generates 

the real part and its coefficients, while the second one 

generates the imaginary part of the DTCWT. Two 

different sets of real filters are used in the two real trees 

of the DWT. So, in the final, the result is approximately 

an analytic wavelet [12, 13]. H0 and L0 are respectively 

the high-pass filter and the low-pass filter of the first 

tree, and H1 and L1 are respectively the low-pass filter 

and the high-pass filter of the second tree.  

Speech signal
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Fig. 3. Representation of the functioning of the DTCWT tree.

2.2.2 Wiener method

The Wiener method is a linear filter, belonging to the 

frequency filters. It is used to estimate the value of a 

noisy signal, by minimizing the mean squared error 

(MMSE) between the random estimated process and the 

desired process. It adapts the signal noise ratio for each 

treated part [14, 15]. 

2.2.3 The time Dilated Fourier Cepstra method

The dilation is a morphological operation, that aims to 

repair the interrupted signals by expanding them and 

making them clearer [2, 16, 17]. 

 The time dilated Fourier Cepstra, as defined and 

detailed in [18], is used to enhance the esophageal 

speech in the frequency domain, by dilating the 

frequency axis of ratio 1/α. Thus, the frequency 

components will be changed, without corrupting the 

speech signal. The operator related to this operation is 

defined by formula (2) [18]: 

    %&[�](') = � �*&� , + ∈ .�∗ (2)

Where α is called the α-rate homothety of a function � ∈  /�(.). %&1  =  +%�/& is the frequency dilated signal, it 

proceeds on the frequency support of a signal in the 

transposition direction: 

� Towards the high frequencies for α >1 

� Towards the low frequencies for α <1 

The dilation algorithm used is detailed in [18]. 

2.2.4 Proposed hybrid methods

In this work, we propose two hybrid methods which aim 

to combine the advantages of the wavelet-based 

methods (DWT and DTCWT), with the standard 

methods (Wiener and Dilation). We proposed two 

models: 

� Hybrid method 1 

This proposed hybrid method denoised the extracted 

vocal tract cepstrum, using a combination of the 

methods described above. Figure 4 presents the schema 

of the first method. 

 

 

Fig. 4. Schema of hybrid method 1.

� Hybrid method 2 

For hybrid method 2, the denoising methods were 

applied in the synthesis stage, on the Overlap-add 

method (Ola) without changing the vocal tract cepstrum. 

Figure 5 shows the schema of the given method. 

 

 
Fig. 5. Schema of hybrid method 2. 
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2.3 Synthesis stage

To reconstruct the speech signal and to return to the time 

domain [19], the IFFT operator was applied to the 

complex spectra, which were computed by multiplying 

the magnitude and the phase spectra. Then, the Overlap-

add method (OLA) was used, it enables resynthesizing 

the original speech signal precisely from the windowed 

overlapping frames with low computation levels [19, 20, 

21]. 

3 Experiments

3.1 Experiments

In this study, we conducted two experiments, the first 

one aimed to denoise esophageal speech signal using the 

proposed hybrid methods. This experiment compared 

the results of three cases, case 1 was about denoising the 

25 vocal tract cepstrum and case 2 was about denoising 

the 33 vocal tract cepstrum (hybrid method 1). Case 3, 

used the second hybrid method. One esophageal speech 

file was used in experiment 1. The second experiment 

used the whole dataset. This experiment contained two 

cases; the first one was applying the first hybrid method 

on the 25 cepstral vocal tract vectors of each esophageal 

speech sound of the dataset. The choice of the number 

of cepstral vocal tract coefficients was made based on 

the first experiment. In the second case used hybrid 

method 2. 

For experiments 1 and 2, the first cepstral coefficient 

C0 was discarded. The [Cp+1…C256] cepstral coefficients 

left were used as the excitation features. Also, the 257 

phase coefficients were used as well. 

3.2 The dataset

The dataset used in this work is a French database, 

containing three parallel corpora, spoken by three 

French laryngectomees male speakers: PC, MH, and 

GM. Each corpus contains 289 phonetically balanced 

phrases. Table 1 presents the experimental settings of 

the experiments. 

Table 1. The experimental settings.

Sampling rate 16 kHz 

Step size 64ms 

Analysis window 

size 
512 

P1 25 

P2 33 

4 Results and discussion
In this work, an objective evaluation has been done 

in order to evaluate the results of denoising the 

esophageal speech sounds. For experiment 1, the Signal-

to-Error Ratio (SER) has been calculated. And for 

experiment 2, the SER has been calculated for each file 

sound of the three corpora, and then the average SER of 

each corpus has been computed. The Signal-to-Error-

Ratio is given by formula (3) [2]: 
 

   34. =  10 6�7�8 ∑ ‖*;<*>;‖²;∑ ‖*;‖�;    (3) 

 

Where 'k and '>k are respectively the spectrum of the 

initial signal and the spectrum of the synthesized signal. 

4.1 Results of Experiment 1

Table 2 resumes the results of experiment 1. For 

denoising the Ola method, either using 25 or 33 cepstra 

(which correspond to the number of vocal tract cepstral 

coefficients) have given the same SER results, thus the 

choice of cepstra does not affect the results since we are 

working on the whole signal. 

Table 2. The SER Results of the two hybrid methods for the 

operations performed on one sound file 

        Parameters 

 

 

Operations 

SER for 

25 

cepstra 

SER for 

33 

cepstra 

SER For 

Ola 

Function 

Synthesis of the ES 

sound 
16,94 16,94 16,94 

Dilation 7,63 7,83 3,35 

Wiener 10,42 9,81 16.94 

DWT+Dilation (of 

cA) 
11,59 10,01 5,83 

DWT+Dilation (of 

cA and cD) 
10,34 9,28 2,89 

DWT+Wiener (of cA 

And cD=0) 
10,36 10,20 7,23 

DWT+Wiener (of cA 

And cD≠0) 
13,01 13,27 14,81 

DWT+Wiener (of cA 

and cD) 
9,73 9,81 12,52 

DTCWT+Dilation 

level 1 
7,66 7,81 5,43 

DTCWT+Dilation 

level 2 
6,86 6,62 8,91 

DTCWT+Dilation 

level 3 
12,12 11,66 13,76 

DTCWT+Dilation 

level 4 
8,36 7,89 10,09 

DTCWT+Dilation 

level 5 
5,70 5,93 6,86 

DTCWT+Wiener 

level 1 
7,26 7,21 13,25 

DTCWT+Wiener 

level 2 
10,17 10,03 15,33 

DTCWT+Wiener 

level 3 
14,19 14,30 16,13 

DTCWT+Wiener 

level 4 
10,77 10,66 15,31 

DTCWT+Wiener 

level 5 
7,08 7,13 12,74 

DTCWT+Wiener 

level 6 
10,14 5,43 14,07 

DTCWT+Wiener 

level 7 
15,20 11,36 15,34 
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Fig. 6. Variation curves of the SER of hybrid method 1 

(25/33 cepstra) and hybrid method 2 (Ola function) 

according to the operations performed in experiment 1. 

 

Figure 6 shows that the Signal-to-Error Ratio curves for 

25 and 33 cepstra are almost identical for all operations 

performed except for a few operations where the SER of 

the 25 cepstra exceeds the curve of the 33 cepstra. For 

both 25 and 33 cepstra, the SER of the combination of 

the 3rd level of the DTCWT with the Wiener filter gives 

the highest value compared to the other operations. Even 

though the last operation that designates the 

combination of the 7th level of DTCWT with the Wiener 

filter shows the highest peak of the results for the 25 

cepstra, the successive division of the 25 cepstra by the 

DTCWT to obtain the 7th level decreases the number of 

cepstra to 1 for each tree, which means that the number 

of cepstra that underwent a change is almost negligible. 

Also, the following operations have the highest SER 

values: Combining DWT with the Wiener filter applied 

on the approximation cA and the details cD ≠ 0, as well 

as combining the 3rd level of the DTCWT with the 

dilation.  

Concerning the operations performed at the level of 

the Ola function, its Signal-to-Error Ratio curve shows 

several significant peaks than the SER curves of 25 and 

33 cepstra, precisely for the combination of the DTCWT 

(from level 1 to 7) with the Wiener filter, and the 

combination of the 3rd level of the DTCWT with the 

dilation as well as the combination of the DWT with the 

Wiener filter applied to the cA approximation and the 

cD ≠ 0 details. 

Furthermore, we notice that the application of the 

Wiener filter alone in the Ola function, without 

combination with other methods gives the highest peak, 

which value is identical to the value of the synthesis 

operation of the original speech sound, which means 

that the Wiener filter alone could not make any changes 

to the speech signal due to the nature of the esophageal 

noise. The combination of the 3rd level of the DTCWT 

with the Wiener filter shows the highest value and the 

closest to the synthesis operation value. Similarly, the 

two combinations of level 2 and level 4 of the DTCWT 

with the Wiener filter give almost the same high result.  

4.2 Results of Experiment 2

Table 2 resumes the results of the average SER of the 

two hybrid methods for the 289 esophageal speech files 

from the three corpora GM, HM, and PC. 

 

Table 2. The average of the SER of the operations performed
on the three corpora, for the two hybrid methods

Parameters

Operations

The mean
SER of 

289 (GM
corpus)

The 
mean

SER of
289 (MH
corpus)

The 
mean

SER of 
289 (PC
corpus)

Synthesis of the 
esophageal speech 

sound
24,03 25,51 33,77

Dilation (Cepstra) 11,85 10,59 9,92
DWT+Dilatation of 

cA and cD=0 10,23 9,794 8,39

DWT+Dilatation of 
cA and cD 11,50 11,01 10,34

DWT+Wiener of 
cA and cD=0 15,15 16,04 12,51

DWT+Wiener (of 
cA and cD) 17,37 17,88 13,42

DWT+Wiener(cA 
andcD) (Ola) 19,02 19,02 13,85

DTℂWT+Dilation 
Level 3 (Cepstra) 5,95 8,56 6,38

DTℂWT+Dilation 
Level 3 (Ola) 9,92 11,10 7,99

DTℂWT+Wiener 
Level 3 (Cepstra) 9,76 11,93 9,64

DTℂWT+Wiener
Level 3 (Ola) 16,82 17,93 16,87

 

 

Fig. 7. The average of SER curves of the two hybrid methods 
for the 289 ES sound files obtained from the PC, MH, and 
GM corpora

Figure 7 shows that the three SER average curves of the 

289 sound files obtained from the three corpora PC, MH, 

and GM, have the same pattern for all the operations 

performed. The highest mean values are those of the 

DWT operations combined with the Wiener filter 

applied on the approximation cA, and on details cD at 

the level of the Ola function. In addition to that, the 

combination of DTCWT level 3 with the Wiener filter 

at the level of the Ola function and the DWT combined 

with the Wiener filter applied on the approximation cA 

with cD = 0 at the level of the cepstra show remarkable 

results. 

5 Conclusion
This study proposes two hybrid methods for reducing 

the noise of esophageal speech. From the first and 

second experiment, we can conclude that the application 

of the Wiener filter or the dilation without combining 

them with the DTCWT or the DWT (either for the 25 
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cepstra, the 33 cepstra, or the Ola function) do not show 

good results. Otherwise, the two proposed hybrid 

methods which consist of combining the wavelet-based 

methods along with the Wiener and Dilation method 

show better results. Also, we notice that discrete and 

complex wavelets (DWT and DTCWT) show 

significant denoising results. Furthermore, the second 

hybrid method shows an important improvement in the 

results and more precisely the combinations with the 

Wiener filter. The outcomes of the techniques used in 

this paper are still to be improved in future work, using 

new combinations with other denoising techniques and 

even using neural networks. 
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