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Abstract 

The aim of the report is to classify spoken digits using neural network. In order to 
improve the result, this report mainly focused on improving Mel-scale Filter Cepstral 
Coefficients(MFCC) feature set. To reduce the effect of bad quality data on the 
classification system, We constructed a binary neural network (BNN). At the cost of 
discarding roughly 3 to 4 percent of a total of 2300 data which the BNN system deems 
bad and not worth to be classified, the PEG value gains a significant reduction of over 95 
percent for both English and Chinese databases after implementing the BNN before the 
DNN classification system. In the second part, the study attempts to improve the 
classification accuracy of neural network by improving the quality of raw data and its 
feature. The strategies of stretching the effective signal samples, using multiple energy 
thresholds and filtering, and copying the segments which may contain more information 
after segmentation are mainly used. This report also proposed the Frequency Masking 
Filter to improve the MFCC to have a better result. After applying the Frequency Masking 
Filter into the MFCC, the classification result is improved by 5% at most. The fourth part 
focused on finding the optimum gain filter which was not too large to form a poor feature 
set boosting the noise by adding two vectors of n and f0 when pre-processing speech 
signals. The results show a 20% improvement in MFCC and STFT with both English and 
Chinese database. 
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1. Introduction 

Classifying spoken digits using neural network requires feature sets of the speech signal. The problem 

that this paper focus is that what we can do to the MFCC process to improve the PEG of the 
classification of the neural network. The raw data is nothing but thousands of numbers that represents 

the sound. Each person has different tune, accent and volume, so the reason why the feature sets are 

important is that they extract the feature in every different speech signal of the same digit so that the 

neural network can classify them. So it is important to use the relatively best feature sets. In the 

experiment, we use the Mel-scale Filter Cepstral Coefficients(MFCC)[1] to apply to the speech signal. 

Therefore How we can improve the MFCC method becomes important. The better result that the 
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feature sets pro- duce, the better performance that the neural network has. The study needs to find the 

relatively best neural network structure to produce the baseline values and to generate the PEG of the 

improved feature sets. The main issue that this study focus is what approach which can be implement 

can improve the performance of the feature sets so that we can have a better classification result 

2. BNN Network 

Neural networks, unlike TM, can be trained to produce weights that essentially allows it to ”predict” 

the class and type of incoming data. The binary neural network produces, after a nonlinear logistic 

regression, a resulting value of either 0 or 1. [2]. 

 

Figure.1 Enterprise competitive advantage acquisition model 

2.1 Theory behind binary neural networks 

Firstly, We need to Form correct and incorrect database. The original recordings that I use to form 
the correct and incorrect database come from students this year and last year. In total there are 23 

speakers and each has spoken 100 random 0 to 9 digits. By running these through the deep neural 

network, it gives its own verdict of what it think the digit is. By comparing the result of the deep 

neural network to the label of these database, I thus stored the correctly classified to a Correct Data 

database and labeled it 1 and the incorrectly classified to an Incorrect Data database and labeled it 0. 

I have done so with both English and Chinese language and ended up with a correct and incorrect 

database for each language. 

Then, train the binary neural network with these databases. The binary neural network can be trained 

by giving it a database with label 0 or 1. By combining the correct and incorrect language database, 

the BNN is able to process the database and train itself to give a result of either 0 or 1, means that the 

system thinks the signal is bad or good respectively. Then, saving the weights that were produced, 

the BNN system can be implemented into other neural networks. 

Finally, implement the BNN into other neural networks to improve performance. It is also possible 

thus to put the BNN weights into other classification programs to add a precautionary step to ensure 

the quality of the input is worth classifying, if not, that is the BNN system gives a value of 0, this 

piece of data would be discarded, preventing it from affecting the results. 

 

Figure 2. A short chart on how the overall system operates 

2.2 Results 

BNN training results are as follows: 
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Figure 3. BNN Training Results 

Overall classification system results are as follows, it can be seen that in the end, at the cost of 

discarding roughly 3 to 4 percent of a total of 2300 data which the BNN system deems bad and not 

worth to be classified, the PEG value gains a significant reduction of over 95 percent for both English 

and Chinese databases after implementing the BNN before the DNN classification system. 

 

 

Figure 4. DNN with 2 hidden layers results using all data 
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Figure 5. DNN2HL results with the precautionary BNN system 

3. Raw Data Processing 

We want our data to contain as much useful information as possible and keep the same duration for 

subsequent feature extraction and ANN classification. Therefore, Following methods have been tried 

individually or combined some of them to find an optimal solution. 

1. Apply different amplitude thresholds to determine the beginning and ends of each speech signal.  
2. Divide the whole signal into several segments and apply a threshold on energy of each segment to separate the 

noise from the signal. 
3. Use an ideal low-pass filter in frequency domain to remove the noise to some extent. 
4. Stretch the signals to have the same length by eliminating the silence at both ends. 
5. Add something after each signal to make it the same duration. 

3.1 Stretching the signal 

Because the length of each digit speech signal is different from one to another, so if remove those 

empty parts and stretch the signal to have the same length (8000 samples), we can make the signals 

of the same digits correspond to each other. So the speech signals of each digit to be more similar and 

determine the effect on classification performance. 

Steps are as follows: 

1. Apply thresholds to both sides of the signal to give N time points. 
2. Add a zero at the end of the signal if the length is a odd number. Then convert from time domain into the 

frequency domain using N point Fast Fourier Transform (FFT). 
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3. Insert M (M=8000-N) zeroes into the middle of Fourier transform at k=N/2 to give N+M points. The real part 
of the Fourier transform should correspond to an even sequence and imaginary sequence to an odd sequence. 

4. Take the real part of the 8000-point Inverse Fourier Transform to get the time signal having 8000 time points.  

3.2 Applying an energy threshold 

In the waveform of some of the digit speech files, we can easily find some noise that is separate from 

the speech which might caused by transients. Because of their relatively low energy, we can remove 

some of them by setting an energy threshold after we remove the empty part. 

Steps are as follows: 

(1) Segment the signal into 320 frames. 

(2) Compute the energy of each frame and find the first segment whose energy is lower than the 
threshold. Then make the amplitude of the rest of the signal equal to 0. 

3.3 Adding a Segment At the End of the Speech Signal 

When copied the first several parts of the signal, we got a lower PEG value than before. We then 

thought about the part which contains the largest energy, in a way, can be seen as the part includes 

useful information, so we copy the waveform of it and add it to the end of the signal. 

Steps are as follows: 

Segment the signal into 320 frames. 

Compute the energy of each frame and find the segment with max energy. (Also use an energy 

threshold here) 

Copy that 320-sample segment at the end of the signal (7681 to 8000). 

Apply an Ideal low-pass filter after a 8000-point fft and then covert it back to time domain. 

3.4 Results 

All the data used in this part are from the English digital signal data set, the artificial neural network 

used is DNN2HL, and STFT is used for feature extraction. 

3.4.1 Results 1 

The following three figures take the digit 0’s signal as an example. By comparing the waveform 

diagram of the original signal, the extracted signal and the further stretched signal, we can clearly 

observe the difference between them. 

 

Figure 6. The processed results of digit 0 using the first approach 

We find that digit 0 lasts less than 0.5 seconds, and most other digits are the same as 0. And after we 

remove the zero-valued part, the number of the samples has decreased and the wave became more 
sparse. Then stretching the signal by the above approach makes the length 8000 again, but the shape 

of the wave hardly changed. Although the two figures are almost identical in shape, the stretched one 

lasts longer and its sound shifts to lower frequencies. 

Putting all the processed signals into our neural network, we get the following confusion matrix that 

can show the recognition accuracy. 
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Figure 7. The confusion matrix using the first approach 

The results show that after stretching the PEG value becomes much higher, which shows that our 

stretching method is not a good idea. We may have lost many features in the process, such as the 

original duration, which is an important feature for classification 

3.4.2 Results 2 

Because of the small threshold we’ve set, most waveforms don’t change at all, but that’s also why we 
take digit 6 as an example. The last ‘x’ of six is pronounced very lightly. In order to remove noise 

while retaining these features, we remove the next segment after the one which has a lower energy 

than the threshold. The waveform figures before and after treatment are shown below. 

 

Figure 8. The processed results of digit 6 using the second approach 

The confusion matrix and accuracy obtained using this strategy are as follows. 

The PEG value has a 19.2% improvement compared to the baseline value. When we listen to the 

signal, we can find that we can’t hear those weak parts which is at the end of a speech like 6. Maybe 

we lost some useful information, but we also got rid of those annoying noise to some extent. This 

trade-off needs to be investigated in future research. 

3.4.3 Results 3 

In this part, we only copy a 320-sample segment at the end, so there’s still a lot of empty part can be 

replaced. And the copied part has a very high amplitude so the overall energy is also very high. And 

after filtering, it’s obvious that some of the high frequency part has been removed which can be 
considered as a way to deal with the noise. The waveform of the original signal and the results after 

each step of processing are shown below. 
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Figure 9. The confusion matrix using the second approach 

 

Figure 10. The processed results of digit 0 using the third approach 

And then putting all these processed data into training, we got following confusion matrix. 

 

Figure 11. The confusion matrix using the third approach 

There’s still a small decrease though we already have a quite low PEG value without other advanced 

methods. This can show that the part we added can improve our neural network classification to some 

extent. 

3.5 Discussion 

3.5.1 Stretching 

First, the approach of stretching doesn’t produce good performance. There might be two major 

reasons. The first one is about the length of each speech signal, maybe 8000 is too long for most 

digits’ speech and the energy of each segment has a big drop. Therefore, it can be found easily that 

the signal after stretching which becomes very sparse, is quite different from the one before. Consider 

using adaptive segmentation to determine the length of each digit’s signal to possibly solve this 
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problem by helping retain more features. Another solution is to augment those signals to keep more 

characteristics. The second reason is that adding zeroes in the middle of the spectrum is one way to 

stretch but not a good way. So it is better for future research to try to find and apply other effective 

methods to stretch our signal, for example, the same strategy might work well with the fast-forward 

feature of music players. 

3.5.2 Thresholding 

It’s obvious that using thresholds is always a simple and very effective way to improve the quality of 

raw data. And the best results so far have been obtained by this method. However, only the constant 

threshold value was used in the experiment. Maybe a better result can be obtained by dynamically 

changing the threshold value by some function or other means. A preliminary idea is to make the 

computer analyse the characteristics of each digit, then it can compute a threshold automatically 

which might improve classification performance. 

3.5.3 Segmenting 

When using the energy threshold and adding fragments at the end of the signal, the speech is 

segmented first, so how to segment the 8000 samples more reasonably is very important. When using 

different methods, the same 320-sample segments were used as before. But there are a lot of questions 

that need to be answered to get a better results. For instance, dividing too many or too few samples 

into each part may result in the destruction of too much information, so that some important 

characteristics of the signal are lost. Especially in the last method, the number of fragments to be 

added and which fragments to add also need to be determined. These are all based on the 

understanding of these extracted features. Only by understanding which parts are the most important 

and can be used to distinguish between different digital signals can this method be used more 

effectively to improve the accuracy of classification. 

3.5.4 Filtering 

Filtering always presents trade-offs. The noise is random and it’s hard to find the law behind it. Thus 

it’s almost impossible for us to remove all the noise without changing useful speech information. 

What we can do is just to suppress the noise based on their general characteristics. The ideal low-pass 

filter used in this study is a simple one, and many useful filters can be tried to help improve the 

classification efficiency. 

4. Frequency Masking Filter 

The masking phenomenon refers to is that human ears are sensitive to the sound that is the most 

obvious. For example, in the whole frequency spectrum of one sound, if a certain part of the frequency 

is relatively strong, people will be insensitive to the sound of other frequency. In these formats, only 

the middle-frequency sounds that are sensitive to human ears are highlighted, while the higher and 

lower frequencies are simply recorded, thus greatly reducing the storage space required. When people 

listen to music, devices that respond better to high frequencies are perceived as less responsive to low 

frequencies, and vice versa. 

The phenomenon that sounds at one frequency block the auditory system from feeling sounds at 

another frequency is called masking. The former sound is called masking tone. The latter is called 

masked tone. Masking can be divided into frequency-domain masking and time-domain masking. In 

short, a less intense frequency component may be masked by adjacent signals as well. Similarly, two 

signals that are very close in time-domain may also produce masking phenomena. 

4.1 The neural network structure option and baseline values 

When it comes to the neural network, there are many different structures that can be used. In this 

report, after comparing many different neural network structures, the author uses the neural networks 

with two hidden layers to test the improvement of the feature set.[3-5] Comparing to linear neural 

network, the neural networks with two hidden layers, which is a non-linear one, can relatively give 
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the best PEG result. This paper also changed η and β to get a better result and uses momentum to 

accelerate the process of the training.[6] 

Following are the confusion matrix and the result figures of the neural network structures that are 

relevant to this report. 

 

Figure 12. The DNN2HL E MFCC GDBg confusion matrix and cost figure 

 

4.2 The MFCC feature set based on the frequency masking filter 

This paper proposes an improved algorithm for the traditional MFCC extraction algorithm.[1,7-9] 

The core idea of the improvement is to suppress noise signals through masking mechanism. 

A FMF(Frequency Masking Filtering algorithm proposed by Weizhong Zhu and Douglas 

SHaughnessy) is adopted in this paper.[10] This algorithm uses a nonlinear bidirectional filter to 
simulate masking function of human ears, so as to obtain better robustness. Usually, speech 

parameters are extracted from the power spectrum. In order to simplify the frequency masking model, 

the filtering model is simplified into triangular filtering. The triangle slope and the linear relationship 

between frequency and spectrum are shown in Figure following. [11] 

The algorithm can be described by the following steps: 

Step 1: Calculate the power spectrum of the corresponding frequency of the speech frame 

Step 2: When using the following algorithm to filter the power spectrum, first perform the spectrum 

operation on the original speech signal, and then sort the calculated spectrum results to obtain a 

sequence of power spectrum. 

y i̇−1 = αyi 

yi−1 = y i̇−1 if  y i̇−1 > xi−1 

yi−1 = xi−1 if  y i̇−1 ≤ xi−1 
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Here, xi is the original signal power spectrum at the frequency which index is    i (0≤i≤N ). yi is the 

filtered power spectrum. α is the low frequency masking threshold. The initialization conditions for 

the execution of this formula is yN = xN and the execution direction frequency index i goes from 

high to low. 

y i̇ = βyi−1 

yi = y i̇  if  y i̇ > xi 

yi = xi  if  y i̇ ≤ xi 

 

 

Figure 13. The DNN2HL C MFCC GDBg confusion matrix and cost figure 

 

Figure 14. Schematic representation of Frequency masking[10] 
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Here, β is the high frequency masking threshold. The execution condition is y0 = x0 and the direction 

of execution is from low to high on the frequency index i. 

Considering the influence of noise signal on MFCC parameter, the traditional extraction algorithm is 

added with frequency masking filter, so that the noise signal can be well filtered out before entering 

the Mel filter bank. The improved MFCC coefficient can better reflect the speaker’s speech 

characteristics. The process of improved MFCC extraction algorithm is shown in the following figure. 

 

Figure 15. Flowchart of MFCC with frequency masking[10] 

The improved MFCC extraction and calculation process is basically the same as that of the traditional 

MFCC ex- traction algorithm, except that FMF processing is added between the discrete Fourier 

transforming and the applying Mel-scale frequency filter Banks of the traditional MFCC extraction 

algorithm. 

The improved algorithm is mainly aimed at extracting the speech signal containing noise signal, so it 

is more suitable for the speech signal to be applied in the real environment. 

4.3 Results 

The result is based on the database of 10 digits in both Chinese and English spoken by 23 students. 

The parameters in MFCC extraction process are defined as follows: the frame length of voice signal 

is 320. The window signal is Hamming window. Discrete Fourier transform number N is 256. MFCC 

is processed by a Mel-scale filter set with 23 dimensions. 

By applying Frequency Masking Filter to the MFCC feature set, the confusion matrix and the result 

figures calculated by the neural network with two hidden layers using momentum are shown below. 

5. High Frequency Equalization 

5.1 Overlapping Window 

Overlapping window means moving half the length of the hamming window. So that we can reduce 

the element  of waveform that computers record from 8000 to 4000, and then we still use the 25 

Hamming windows with 320 elements to produce 325 sizes of feature vectors. 

5.2 High Frequency Equalization in Speech 

Research shows that the speech signal will retain more high-frequency information after synchronous 

pre-processing, and the spectral distortion of the high-frequency part is much lower than the spectral 
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distortion of the low-frequency part. We know that the high-frequency part of the speech signal carries 

more speech information than the low- frequency part. Therefore, the high frequency weighting 

process is performed on the speech signal, and the spectrum energy of the more complete high 

frequency part of speech is appropriately enhanced to improve the frequency resolution of the high 
frequency part and reduce the spectral distortion more stably. The feature parameters extracted on 

this basis can characterize the speech signal more accurately, which will definitely help to improve 

the recognition rate of the speech signal. The specific method of high-frequency weighting is to 

weight the speech signal in the frequency band of 5000Hz 10000Hz, and add a weight to the energy 

of this part of speech. 

5.3 Methods 

1. Change the fs from 8000 to 4000 which means the length of the waveform. 

2. Move the next Hamming window half the length of it through changing the beginning point of 

next Hamming window, and then we still use the 25 Hamming windows with 320 elements to 

produce 325 sizes of feature vectors. 

3. Train different gain function in MFCC and STFT with Chinese and English database relatively. 

In this section, we mainly used the gain function of (1 + f /f0)n. 

4. Then, we trained the two parameters n and f0 that produced the the best PEG values. First, we 

set f0 equal to 80, which is around 2 kHz, to find a best n value. Then, we set that n value to find 
the best f0 value. 

5. We computed the PEG values using MFCC and STFT features in the Chinese and English digit 

databases. 

 

Figure 15. The DNN2HL E MFCC FMF GDBg confusion matrix and cost figure 
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Figure 16. The DNN2HL C MFCC FMF GDBg confusion matrix and cost figure 

5.4 Baseline Values 

 

Figure 17. The Good MFCC confusion matrix 
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Figure 18. The Good STFT confusion matrix 

5.5 Results 

5.5.1 Overlapping window in MFCC 

  

Figure 19. The Good MFCC confusion matrix using Overlapping window 
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The PEG of the Chinese digit database decreases from 0.240 to 0.189, or a 21.3% improvement. 

5.5.2 Gain function of MFCC 

Linear Equalization algorithm when the value at zero is 0 is as follows. 

The first form of the gain function investigated is 

 

where f is a variable from 0 (0 Hz) to 160 (4 kHz). The gain value at zero frequency is 0. 

English database 

 

Figure 20. PEG of E MFCC GDBg with function 

When n = 2, it produces the best PEG. Larger and smaller value will not perform better: When n is 

too small, it doesn’t produce enough high frequency information to classify digits. When n is too 

large, it boosts more of the noise in the high frequency, which masks the important digit information. 

Chinese database 

 

Figure 21. PEG of C MFCC GDBg with function 

The PEG value increases with the value of n. When n = 1, it produces the best PEG. The other two n 

values boost more of the noise in the high frequency rather than the valuable information which leads 

to a worse classification. 

The reason for the difference in the performance between the Chinese and English digits needs to be 

explored in further research. 

Linear and nonlinear Equalization algorithm when the value at zero is 1 is as follows. 

The form of gain function is as below: 

 

where f is a variable from 0 to 160. Note that the gain value at zero frequency is 1. 
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English database 

Varying n when f0 = 80 gives the following results. 

 

Figure 22. PEG of E MFCC GDBg with changing n when f0 = 80 

We can see an almost linear equalization performs better in this section when n is equal to 1.1. 

Varying f0 when n = 1.1 gives. 

 

Figure 23. PEG of E MFCC GDBg with changing f0 when n = 1.1 

The best PEG result is when n = 1.1 and f0 = 80. 

 

Figure 24. DNN2HL E MFCC GDBg confusion matrix changing eta and beta 

We can see the PEG decreases from 0.231 to 0.194 with 16.0%. 

Chinese database 

change n when f0 = 80. 
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Figure 25. DNN2HL C MFCC GDBg by changing n when f0 = 80 

The best result is when n = 2.5. 

change f0 when n = 2.5. 

 

Figure 26. DNN2HL C MFCC GDBg by changing f0 when n = 2.5 

The best result is when n = 2.5 and f0 = 78.9. 

 

Figure 27. DNN2HL C MFCC GDBg confusion matrix changing eta and beta 

PEG decreases from 0.240 to 0.175 with 27.1%. 

5.6 Discussion 

Firstly, A comparison will be made between the Hamming window and Overlapping window in the 

STFT since it makes sense rather than the MFCC’s image. 
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Take 0 digit of S1 in the English database as an example. The pictures afterwards are as the same. 

 

Figure 28. The gain function and the preliminary gain function of STFT 

We can see that after using Overlapping window, the frame has been expended from 10 to 25 which 

will provide more information for classification. It’s good to see that the outline of the color seems 

pretty similar. Here remains a point that what kind of the overlapping will make it better. Is 50% that 

I use in my part the best? Can we take a further step to see the influence the overlapping part take to 

the system? And also, these will result in a change in the size of the feature vector. Which sizes of it 

perform best? I want to look deeper into the truncation effect to see whether there are other ways to 

better improve the PEG value. 

Then, A comparison will be made between the best and preliminary gain function in STFT. Take 0 

digit of student 1 in the English database as an example. 

 

Figure 29.The gain function and the preliminary gain function of STFT 

We can see with the new gain function, the values in the low frequency domain are decreased and the 

values in the high frequency domain are increased. 

In telecommunication, equalization is the reversal of distortion incurred by a signal transmitted 

through a channel. There are two ways of channel equalization, one is using the filter and the other is 

using some algorithms. The reason to use the algorithms before the Mel filters is that the recent digital 

transmission systems impose the application of channel equalizers with short training time and high 

tracking rate[12]. We can see that adding a function to PSD is a very rapid and valuable way. 

However, large magnification may boost more noise than the valuable information resulting in a bad 

classification. 
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Figure 30. The gain function and the preliminary gain function of STFT 

When Set n = 2.5 and f0 = 20, it produce a PEG of 0.229. We can see that it boosts more of the noise 

than the useful information. 

Finally, we will take a look at the difference between the English and Chinese database in the MFCC 

and STFT. As the results shown, we can see that except for the English database in the Good MFCC, 

the other shares almost the same n and f0 values. The classification in the English database of MFCC 

performs better in the linear equalization gain function. However, each one shares almost the same 

f0 values which means the threshold frequency is around 2 kHz. After this threshold, the PSD will 

zoom in faster. This may indicate that there remain more helpful information in the frequency between 

2 kHz to 4 kHz. 

So as our results, maybe the neural network team can firstly judge the language of an input digit and 

then use different system with different parameters to produce the best real-time PEG value. 

6. Summary 

In this report, our aim is to classify spoken digits using neural network. The PEG represent the result 

of our work. In order to improve the result, this report mainly focused on the feature set and signal 

processing. The reason why feature sets are important is that they extract the feature in every different 

speech signal of the same digit so that the neural network can classify them. Also, by processing the 

raw data properly, we can get better result as well. Following approaches were taken to process the 

raw data and the feature sets. 

6.1 BNN Network 

By using a BNN system before the classification neural network, the incoming database is filtered to 

have only what the BNN thinks is of good quality be sent to the classification network. The result of 

this implementation, which in this case is done with a DNN with two hidden layers, shows a more 

than 95% reduction rate before and after using the system, which is surprisingly high considering that 

it only reduces the overall number of data by roughly 3 to 4 percent. This trade-off leads me to believe 

that the BNN system integration can be very beneficial. 

6.2 Frequency Masking Filter 

The phenomenon that sounds at one frequency block the auditory system from feeling sounds at 

another frequency is called masking. The algorithm uses a nonlinear bidirectional filter to simulate 

masking function of human ears, so as to obtain better robustness. Usually, speech parameters are 

extracted from the power spectrum. In order to simplify the frequency masking model, the filtering 

model is simplified into triangular filtering. 

After applying the Frequency Masking Filter into the MFCC, we applied the improved feature set in 

the database of 10 digits in both Chinese and English spoken by 23 students. It can be seen in the 
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confusion matrix which produced by the neural network that the classification result is improved by 

5% at most. 

The conclusion of this part is that the Frequency Masking Filter has Strong adaptability and it’s 

effective and easy to embed. It has successfully improved the accuracy of classifying spoken digits 

using neural network. By looking through the research, The influence of different α and β values on 

the recognition rate of speech signals containing different noise signals can be further studied in the 

future. Other methods that is based on bionics will also be interested to look into. 

6.3 Raw Data Processing 

Two of the three methods mentioned in the previous chapter have good results. Though stretching 

seems to make the result of classification even worse, it doesn’t mean that stretching is completely 

meaningless, nor does it mean that the other two methods are perfect and cannot be improved. Instead, 

there are still many areas worthy of further research. 

 

Figure 31. PEG value for English database using different approaches 

6.4 High Frequency Equalization 

Overlapping window improves the PEG better than the Hamming window since it decreases the 

truncation effect better. What’s more, combining the equalization algorithms and the filters will make 

a better performance in the classification. Compared to previous results in digits classification, we 
used another kind of window and a new gain function which produced better results with almost the 

same time. We improved each PEG values in the English and Chinese database of MFCC and STFT 

with 20% in the original simple neural network, and 50% in the Lebron’s updated neural network 

with activation function including logistic, relu and softmax, which are among the best results 

compared to previous research. 
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