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Abstract: Research on the current speech recognition system leads to the creation of a noise-resistant system. The Mel 

Frequency Cepstral Coefficients (MFCC) extraction method becomes a popular method in the speech recognition 

system. In this paper, the MFCC's weakness of noise interference is the main reason underlies the accomplishment of 

a robust speech recognition system. Development was carried out by improving the denoising performance using a 

wavelet transform. Modifications were carried out by analyzing the weakness of the wavelet denoising process on the 

recognition system using the MFCC method. The analysis was conducted at one of the MFCC stages, the Fast Fourier 

Transform (FFT) stage. The proposed method was conducted by performing the denoising process using Wavelet only 

on the noise-related data based on the FFT process' analysis results. The study utilized speech data in the form of 

eleven isolated words in English added with noise with several different characteristics. Results showed that the 

proposed method was capable of generating a better accuracy than conventional wavelet denoising methods on the 

signal to noise ratio (SNR) of 10dB, 15dB, and 20dB using a Fejer Korovkin 6 wavelet type. The highest accuracy 

increase of the proposed method was in signal to noise ratio (SNR) of 15dB with a rise of 4.63%, followed by a 3.96% 

increase at 20dB intensity, and 2.3% at 10dB intensity. The performance of the proposed method is then compared 

with other methods. The results show that the proposed method has the best performance on clean speech and noisy 

speech at SNR intensities of 10dB, 15dB, and 20dB. 

Keywords: Robust speech recognition, MFCC, Wavelet denoising, FFT. 

 

 

1. Introduction 

The speech recognition system technology is 

growing expeditiously in recent years. Many 

technological applications in everyday life utilize 

speech recognition systems. Even the speech 

recognition system has been researched to detect the 

cow's voice intended to control the animal's health [1]. 

Speech recognition systems can also be used for 

security systems in homes or industrial estates. 

Research by using a speech recognition system for 

security has been carried out [2]. The development of 

a speech recognition system is consecutively 

developed because it still has weaknesses. The 

systems' computing and recognition accuracy have 

become the main topic in the study of speech 

recognition systems [3]. Currently, the existing 

speech recognition system has been able to produce 

high accuracy for quiet environments, but the 

performance will decrease for the noise environment 

[4]. The research on the current speech recognition 

system leads to the creation of a noise-resistant 

system. Several methods have been developed to 

produce high recognition accuracy. One of the most 

popular feature extraction methods in speech 

recognition is Mel Frequency Cepstral Coefficients 

(MFCC). Some researches on speech recognition 

systems utilize the MFCC as a feature extraction 

method [1,5-10]. MFCC performs well in feature 

extraction processes with high accuracy results. 

Nevertheless, the problem is that MFCC has a 

weakness of not being able to be resistant to noise 

disturbance [8]. When the speech signal to be 

recognized contains noise, the recognition accuracy 

decreases.  

Several pieces of research have been carried out 

to create a noise-resistant recognition system with the 
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MFCC extraction method. Research on noise-

resistant speech recognition systems has been 

performed by comparing the MFCC's development 

method with other methods. The Bark Wavelet 

MFCC method is tested in the recognition system and 

claimed to produce better performance than the 

conventional MFCC method [5]. Research on speech 

denoising using Wavelet has also been done by other 

researchers [11]. The Discrete Wavelet Packet 

Transform was used to minimize the noise previously 

added to the speech data used for research 

experiments. The results show that the Wavelet 

transform is able to provide an approach of an almost 

optimal signal estimation from the speech data 

interrupted by noise. Meanwhile, Jangjit and 

Ketcham [12] researched the new wavelet denoising 

method for the noise threshold. The proposed method 

called Adaptive Thresholding with Mean for hybrid 

Denoising the hard and soft function (ATMDe) 

method has a better performance compared to other 

threshold methods that were tested. Another 

denoising speech research has been performed using 

a discrete wavelet packet decomposition [11]. The 

experiment was performed using speech data added 

with Gaussian noise of 0dB to 15dB. The research 

was conducted to observe the denoising process 

performance in comparing soft thresholding and hard 

thresholding schemes. The results show that wavelet 

packet decomposition gives an optimum signal 

estimation of the speech signals affected by noise 

disturbance. The application of the Wavelet 

transform to overcome speech signal noise in the 

MFCC was also performed by identifying the best 

parameters of the Wavelet transform [10]. The 

research was carried out by identifying the wavelet 

type, decomposition level, and the utilized 

thresholding method type. The used speech data 

contains noise with an intensity of 0-15dB. Results 

show that the Fejer Korovkin 6 type Wavelet 

produces the best performance in the intensity of 

signal to noise ratio (SNR) of 5-15dB, while the 

Daubechies 5 has the best performance in the SNR of 

3dB with a level 10 decomposition. 

There are many studies on a robust speech 

recognition system that selecting Wavelet transform 

to be utilized in the denoising speech process 

[10,11,13-17]. The Wavelet transform can capture 

time and frequency information at the same time on 

the speech signal; therefore, the wavelet denoising 

algorithm makes the system more robust against 

noise [16]. However, the performance resulted from 

the Wavelet transform in the denoising speech 

process has not been able to estimate the original 

speech signal ideally. As in research [10], which 

shows results that the system's accuracy in noise is 

still far from clear data signal accuracy, although it 

has shown an increase in accuracy compared without 

using wavelet denoising. Seeing that there are these 

problems, the development of denoising methods 

using wavelets still needs to be developed further. 

This paper proposes the improvement of the 

denoising wavelet method by modifying the MFCC 

feature extraction method to create a robust speech 

recognition system. Modifications were made by 

analyzing the weaknesses of the denoising process 

using Wavelet Transform on the recognition system 

using the MFCC method. In the conventional wavelet 

method, all data with any frequency is carried out the 

denoising process, so that the accuracy of the noise 

removal process becomes less than optimal. Whereas 

in the proposed method, a specific frequency section 

is analyzed to determine the right part for the 

denoising process. The analysis was conducted at one 

of the MFCC stages, the Fast Fourier Transform 

(FFT) stage. One of the MFCC stages is FFT serves 

to change signal from a time domain into a frequency 

domain [18]. Speech signal data changed in the 

frequency domain in the FTT process shows the part 

of data that as affected and not affected by the noise. 

The proposed method in this paper is to do the 

denoising process using Wavelet only on the noise-

affected data and ignore the denoising process on 

noise-unaffected data. By precisely analyzing the 

noise-affected and noise-unaffected speech data, the 

denoising performance using Wavelet will be 

maximal. The performance of the proposed method 

will be compared with the conventional wavelet 

denoising method using the Singular Vector Machine 

(SVM) classification method. 

The paper is organized as follows. Section 2 

contains the research methodology which includes an 

explanation of the proposed method. Section 3 

describes the experimental setup and results. Section 

4 contains the conclusions of this paper. 

2. Methodology 

A speech recognition system has several stages in 

the speech signals recognition process, starting from 

the speech signals recording process, pre-processing, 

feature extraction, and the last is classification [10]. 

In the initial processing, data was cut to separate 

silent signals and information signals. Besides that, 

the filtering process was added by using a 2th-order 

median filter to smooth the signal at the initial 

processing. One of the most critical processes is 

feature extraction. Feature extraction is carried out to 

parse the speech signals characteristics so that they 

can be used as a differentiator between speech signals 

from one another. In this research, the utilized feature  
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Figure. 1 Stages of a conventional MFCC 

 

extraction process used was the Mel Frequency 

Cepstral Coefficient (MFCC) method.  

The MFCC feature extraction process in the 

speech recognition system generally has the steps, as 

shown in Fig. 1. In MFCC feature extraction, the 

acoustic feature is extracted from the speech signal to 

represent the characteristics of the speech signal. 

Whereas to create a more noise-resistant system, 

researches have been conducted by adding a 

denoising process to the MFCC input. A popular 

method for the speech denoising process is to use the 

Wavelet transform. The Wavelet transform is 

conducted before the MFCC feature extraction. The 

proposed method in this research was carried out by 

analyzing the Fast Fourier Transform (FFT) output 

feature data in the MFCC process. Since the FFT 

process was carried out to convert speech signal data 

into the frequency domain, the analysis process was 

carried out in the frequency domain on n data of the 

FFT point. The stages of the proposed method's 

process in this research can be seen in Fig. 2. 

 

 
Figure. 2 Proposed modified MFCC 

Data features 

Pre-emphasis 

Fast Fourier Transform 

Mel Frequency Wrapping 

Log & Discrete Cosine Transform 

Windowing 

Framing 

Input signal 

Combine x and y 

Pre-emphasis 

FFT 

Windowing 

Input signal 

Framing 

Mel Frequency Wrapping 

Data features 

Log & DCT 

IFFT 

Denoising Wavelet 

FFT 

x = 1….r y = r…256 

   n-point FFT 

x = 1...r      y = r….256 

M
ag

n
it

u
d

e
 



Received:  May 20, 2020.     Revised: August 10, 2020.                                                                                                     15 

International Journal of Intelligent Engineering and Systems, Vol.14, No.1, 2021           DOI: 10.22266/ijies2021.0228.02 

 

The conducted modification was by analyzing the 

speech data signals (x) which were not affected by 

noise interference, so there was no need to do a 

denoising process. It was carried out so that the 

characteristics of noise-unaffected speech data were 

maintained. The analysis was performed in the FFT 

output by determining the threshold of (r) data 

separating the noise-affected (x) and noise-unaffected 

(y) speech data.  In determining the r threshold, there 

were two stages carried out. The first was to visually 

observe the FFT output comparison between clean 

data and noisy data. Observations were made by 

estimating the significant change in FFT data points 

between clean (x) and noisy (y) data. After estimating 

the value of r roughly, the subsequent analysis was 

carried out by trying out some predetermined r-value 

in the recognition system. The trial results were then 

analyzed based on the recognition results accuracy 

then the exact r-value was determined based on the 

highest recognition accuracy. 

2.1 Preemphasis 

This is a filtering process aiming to obtain a 

smoother spectral form of the speech signals 

frequency and to reduce noise during speech retrieval 

[19]. The mathematical equation of the preemphasis 

can be seen in Eq. (1). 

 

y [n] = x [n] – a x [n - 1]  (1) 

 

where y[n] is the output signal, x[n] is the input signal, 

and a is a filter constant with the characteristics 0.9 < 

a <1.0. In this study, a was worth 0.95. 

2.2 Framing and windowing 

Framing is carried out to cut the signal into small 

parts in an overlapping manner. In this study, the 

speech signal was cut along 25ms with overlapping 

along 5ms. The windowing process was carried out 

to reduce spectral leakage and to minimize signal 

discontinuity per frame [9]. The utilized windowing 

function was the Hamming window according to Eq. 

(2) 

 

 (𝑛) = 0.54 − 0.46. 𝑐𝑜𝑠 (
2𝜋𝑛

𝑁−1
), 0 ≤ 𝑛 ≤ 𝑁 – 1   (2) 

 

so as the windowing process output is: 

 

𝑦1(𝑛) = 𝑥1(𝑛) 𝑤(𝑛),  0 ≤ 𝑛 ≤ 𝑁 − 1     (3) 

 

where x1(𝑛) is the input signal, 𝑦1 (𝑛) is the output 

signal, 𝑤(𝑛)  is the Hamming window equation, N is 

the number of signal samples in each frame, and 

values 0.54 and 0.56 are fixed coefficients. 

2.3 Fast fourier transform (FFT) 

FFT is commonly used in digital signal 

processing serves to change the signal from the time 

domain into the frequency domain [20]. The 

mathematical equation from FFT is as in Eq. (4). 

 

 𝑋𝑛 =  ∑ 𝑥𝑘𝑒−2𝜋𝑗𝑘𝑛/𝑁𝑁−1
𝑘=0   (4) 

 

where  𝑋𝑛 is the FFT output,  𝑋𝑘 is the input signal 

while the value of N = 0,1,2,....., ....., N-1. 

FFT was performed on speech data that has been 

cut into several frames. The total FFT points in this 

study were 512, and one shift was taken (positive 

part) so that the total of utilized points were 256 FFT 

points. The FFT output display, along with the 

division of two parts separated by r threshold, can be 

seen in Fig. 3. The FFT results were then analyzed to 

find the r threshold separating the noise-unaffected 

data (x) and noise-affected data (y).  

The noise-affected data (y) was then denoised 

using the Wavelet transform. Whereas the noise-

unaffected data (x) did not experience the denoising 

process. Before the denoising process was performed, 

the y data was first converted back into the time 

domain using the Inverse Fast Fourier Transform 

(IFFT) according to Eq. (5) 

 

𝑦𝑘 =  ∑ 𝑦𝑛𝑒2𝜋𝑗𝑘𝑛/𝑁𝑁−1
𝑘=0        (5) 

 

where FFT process input was 𝑦𝑛 data and output was 

𝑦𝑘 data that had been transformed in the time domain. 

Next, 𝑦𝑘 was denoised with the wave transformation.  

 

Figure. 3 The data output of the FFT process 
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Figure. 4 Denoising with wavelet transform 

 

The wavelet type utilized here was the type with the 

best performance in the previously conducted 

research [10], namely Fejer Korovkin 6. The utilized 

Wavelet transform parameters followed the previous 

researches' parameters [10]. Denoising by 

thresholding is based on the fact that the limited 

number of wavelet coefficients in the lower 

frequency band is sufficient to reconstruct the 

original signal [21]. The denoising process using the 

Wavelet transform can be seen in Fig. 4. 

After going through the denoising process, the 𝑦𝑘 

output was then transformed back into the frequency 

domain using FFT following Eq. (4). Furthermore, 

the results of 𝑦𝑘 data transformation that had become 

𝑦𝑛  were then combined with the noise-unaffected 

data (data x). Data x was equal to r (from 1st data to 

r), while y data as a result of transformation was equal 

to 256-r (from data number r to 256). The merging of 

data x and data y following Eq. (6) 

 

𝑥𝑡𝑜𝑡𝑎𝑙 = [𝑥(1…𝑟) , 𝑦(𝑟…256)]   (6) 

 

where 𝑥𝑡𝑜𝑡𝑎𝑙  is the merging result of noise-

unaffected data (x), and data resulted from the 

Wavelet denoising process (y). 

2.4 Mel frequency wrapping 

The Mel Frequency Wrapping process is based on 

the bandpass filter process. The filter is designed in 

the form of a triangle which has linear characteristics 

below 1000 Hz frequency and logarithmic above 

1000 Hz frequency. The triangle filter is used to 

calculate the number of spectral filter components so 

that the process output approaches the Mel scale. The 

filter output is the sum of filtered spectral 

components [22]. The filter that has been designed is 

then applied to the 𝑥𝑡𝑜𝑡𝑎𝑙  data. The number of 

triangular filters designed in this study was 26 so that 

the total MFCC output data features were 26 features 

per frame. 

2.5 Discrete cosine transform 

The last process of feature extraction is the 

Discrete Cosine Transform (DCT). The DCT process 

is the following Eq. (7) 

 

  𝛴𝑘=1
𝑁 𝑙𝑜𝑔(𝑌(𝑖)) 𝑐𝑜 𝑠[𝑚𝑥(𝑘 − 0.5)𝑥𝜋 ÷ 𝑁]   (7) 

 

where N is the number of bandpass filter triangle. The 

value of m is between 1 to L, while for L is the sum 

of the output coefficients. Y is the input of data 

signals that will be processed on the DCT. The output 

used in the MFCC feature extraction process was 13 

coefficients per frame of a total of 26. 

3. Experimental setup and results 

This study utilized speech data in the form of 

eleven isolated words in English ("zero" to "nine" and 

"oh"). The data were obtained from the TIDIGITS 

corpus. The utilized data was limited to only male 

voice data totaling 111 speakers with two repetitions. 

Therefore, the total utilized voice data was 2442 

utterances (11 digits x 111 speakers x 2 times), and it 

was divided into training data and test data. The 

author then added noise obtained from the AURORA 

database into the test data. The noise added consisted 

of various types of environments, namely subway, 

babble, car, street, and restaurant with an intensity of 

signal to noise ratio (SNR) of 5dB, 10dB, 15dB, and 

20dB. The Wavelet type utilized in the denoising 

process in this study referred to the best wavelet types 

in research that have been carried out before, namely 

Fejer Korovkin 6. The classification process of the 

system testing used the Support Vector Machine 

(SVM) classification method. 

3.1 MFCC conventional 

In this research, MFCC produced an accuracy of 

95.37% for clean speech data.  However, if the speech 

data contained noise, the recognition system accuracy 

decreased depending on the amount of noise intensity 

in the speech data. In this study, the speech 

recognition system was tested using the MFCC 

feature extraction method for speech data containing 

various environmental noise types. The recognition 

results using the MFCC method on the speech data  
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Table 1. The recognition accuracy (%) using the MFCC 

method for noise-containing speech data 

Types 5dB 10dB 15dB 20dB 

Subway 46.10 65.66 80.68 91.15 

Babble 45.45 66.64 80.92 90.25 

Car 46.75 66.88 81.49 90.16 

Street 46.67 65.66 82.14 90.90 

Restaurant 46.75 65.74 81.49 90.90 

 
Table 2. Recognition accuracy (%) using MFCC method 

+Wavelet on the speech data with noise 

Types 5dB 10dB 15dB 20dB 

Subway 72.89 80.35 87.01 90.50 

Babble 71.18 80.35 86.36 89.93 

Car 72.32 80.19 86.52 90.50 

Street 72.72 80.52 87.37 90.17 

Restaurant 72.08 80.60 86.85 90.90 

 

with noise can be seen in Table 1. 

Table 1 shows the results of speech recognition 

using the MFCC method for various noise 

environments. It becomes apparent that recognition 

accuracy has decreased compared to the recognition 

of clear speech data (95.37%). The smaller the ratio 

of a speech signal to noise, the recognition accuracy 

decreases. 

3.2 MFCC + wavelet denoising 

The utilized Wavelet type was Fejer Korovkin 6. 

The recognition results using the MFCC method plus 

the denoising process using Wavelet Transform can 

be seen in Table 2. 

Table 2 shows that the denoising method using 

wavelet transforms proven to be able to improve the 

accuracy of noise-containing data recognition. 

Accuracy improvement of the wavelet transform was 

carried out by removing noise from speech data in the 

denoising process before performing the MFCC 

feature extraction. However, the recognition results 

generated using the additional Wavelet method in 

Table 2 have not been able to approach the accuracy 

of the clear speech data recognition. 

3.3 Proposed method 

The purpose of designing this proposed method is 

to improve the performance of the wavelet-based 

denoising method. The proposed method in this study 

is to modify the MFCC feature extraction process and 

Wavelet transform. The wavelet denoising process 

was performed on a segment of the will-be-

recognized speech data that was determined based on 

the characteristics of the Fourier Transform (FFT) 

process results or called as n-point FFT. The total 

FFT point data utilized in this study were 512 taken  

 
Figure. 5 The data output of the FFT process (clean) 

 

 
Figure. 6 The data output of the FFT process (noisy) 

 

in one shift, so the total of analyzed FFT point data 

was 256. The display of Fourier speech data 

transformation process results on the MFCC feature 

extraction method can be seen in Fig. 5. 

The accuracy in determining the r-value would 

significantly affect the recognition system's 

performance in the proposed method. Observations 

by comparing the FFT output data between clean 

speech and noisy speech were carried out to 

determine the r-value. The analysis was carried out 

by observing what data still has the same data 

characteristics between the FFT clean speech and 

noisy speech outputs. The comparison of FFT output 

between clean speech and noisy speech can be seen 

in Figs. 5 and 6. 

From Figs. 5 and 6, it can be approximately 

determined that the data from 0 to 25th still have the 

same data character between clean speech (Fig. 5) 

and noisy speech (Fig. 6). As for the 25th to the 120th 

data, the difference is still visible. As for the 125th to 

256th data, the differences in the data pattern 

characteristics are seen.  Therefore, it can be 

determined that the threshold of the r-value is below  
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Figure. 7 The effect of n-point FTT (r) on recognition 

accuracy 

 

the value of 120. To determine the threshold of r-

value, further experiments were carried out on the 

recognition system. The experiment was carried out 

by adjusting the variation of the r-value or n-point 

FFT in the proposed method and observing the 

recognition accuracy results. To determine the value 

of the r, the conducted experiments employed 

Wavelet Fejer Korovkin 6 with speech data 

containing noise with an SNR of 10dB. The effect of 

r-value on the recognition system accuracy can be 

seen in Fig. 7. 

From Fig. 7, it can be seen that the value of n-

point FFT greatly affects the recognition accuracy. 

The highest accuracy is achieved at a value of 25 FFT 

points with an accuracy of 82.87%. The exact value 

of n-point FFT greatly affects the recognition 

accuracy because the proposed method is designed 

based on the analysis result of the first n-point FFT 

value unaffected by the noise signal. The series of the 

n-point FTT unaffected by the noise signal was stored 

in a variable, and no denoising process was 

performed. Therefore, if too many n-points FTT were 

taken, the noise signal would participate in the data 

features, thereby it reduced the recognition system's 

performance. Likewise, if too many n-points FTT 

were taken, the important information signals that 

should be stored would go through a denoising 

process and were susceptible to changing 

characteristics, so that it would affect the recognition 

system's performance.  

After obtaining the right FFT point value, then the 

value was utilized to test system performance against 

speech data containing several noise types. The signal 

to noise ratio (SNR) intensity was regulated in several 

values, namely 5dB, 10dB, 15dB, and 20dB. The 

recognition results using the proposed method can be 

seen in Table 3. 

Table 3 shows the recognition accuracy using the 

proposed method of data containing noise with 

several environment types. The results show that the 

method, however, shows better accuracy than 

conventional wavelet denoising methods. 

 

Fig. 8 shows that the proposed method can 

improve the accuracy of the conventional method 

(wavelet-based denoising) on SNR 10dB, 15dB, and 

20dB. The highest accuracy increase in the proposed 

method is at an intensity of 15dB with an increase of 

 
Table 3. Recognition accuracy (%) using proposed 

modified MFCC on the noisy speech data 

Types 5dB 10dB 15dB 20dB 

Subway 65.74 82.87 91.39 94.64 

Babble 67.53 82.30 91.31 93.99 

Car 67.53 82.87 91.55 94.40 

Street 67.61 82.79 91.39 94.23 

Restaurant 67.45 82.71 91.64 94.56 

 

 

Figure. 8 Comparison of recognition accuracy of all methods at various SNR of 20dB, 15dB, 10dB, and 5dB
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(a)                                                                                               (b) 

Figure. 9 Comparison of recognition accuracy of all methods: (a) clean speech and (b) noisy speech 

 

4.63%, followed by an increase of 3.96% at an 

intensity of 20dB, and 2.3% at an intensity of 10dB. 

Whereas the recognition accuracy of 5dB noise still 

shows lower performance compared to conventional 

Wavelet methods, but still shows higher accuracy 

compared to conventional MFCC methods. None of 

the proposed methods has been able to overcome the 

noise problem ideally, but overall, the proposed 

method shows the best performance.  

The performance of the proposed method is then 

compared with the previous development method. 

One of the latest feature extraction method 

developments is MFCC + PCA. Several studies have 

been carried out by combining the MFCC and PCA 

methods and producing good performance [18], [23], 

[24]. Wavelet-based denoising methods are also often 

added as anti-noise in several studies [17], [25]. The 

results of the comparison of all methods can be seen 

in Fig. 9. 

Fig. 9 shows that the proposed method has the 

best performance on clean speech and noisy speech 

at SNR intensities of 10dB, 15dB, and 20dB. 

Whereas the 5dB SNR of the proposed method 

produces lower performance compared to 

MFCC+PCA+Wavelet denoising methods, but still 

shows higher accuracy compared to MFCC+PCA 

methods. 

4. Conclusion 

The proposed method can relatively improve the 

denoising process using conventional wavelet to 

accomplish a noise-resistant speech recognition 

system. The results of speech data in the frequency 

domain show that not all data are affected by noise 

interference so that it can be sorted between the noise 

interference-unaffected data and the noise 

interference-affected data. The accuracy in 

determining the n-point FFT data range showing how 

much noise interference-unaffected data in the 

frequency domain that significantly determines the 

system recognition's performance. After an analysis 

of all 256 FFT points, 25 data points were selected as 

data that were not affected by noise interference and 

were ignored in the denoising process using wavelet 

transform. The results showed that the proposed 

method by modifying the MFCC could improve the 

accuracy of the conventional wavelet denoising 

method at 10dB, 15dB, and 20dB noise intensity. The 

highest accuracy increase in the proposed method is 

at an intensity of 15dB with an increase of 4.63%, 

followed by an increase of 3.96% at an intensity of 

20dB, and 2.3% at an intensity of 10dB. The 

performance of the proposed method is then 

compared with MFCC+PCA and MFCC+PCA+ 

wavelet denoising method. The results show that the 

proposed method has the best performance on clean 

speech and noisy speech at SNR intensities of 10dB, 

15dB, and 20dB. Future work will be carried out 

research using a larger dataset and using a more 

varied noise environment. 
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