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Abstract. With the continuous breakthrough of various technologies, speech
recognition technology has become a research hotspot. It is a way to find out the
phenomenon of bullying in time by detecting whether the voice contains campus
bullying vocabulary. In practical applications, an infinite network is established
through sensors to transmit information, and the occurrence of campus bullying
events is prevented in time. This paper studies the theory of support vector
machine and its application in speech recognition. In order to identify bullying
vocabulary, this paper firstly built a voice library with 250 voice audios,
including 125 campus bullying word audios and 125 non-bullying audios. The
first sub-frame of the speech signal was used for endpoint detection. Then mode
decomposition and Fourier transform were applied. The maximum value of the
primary frequency spectrum was extracted as the acoustic feature. Finally, 200
audios in the database were used for training, and 50 audios were used for
speech recognition testing. The average recognition accuracy was 94%, indi-
cating that the support vector machine theory showed a good advantage in the
case of small samples for speech recognition.
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1 Introduction

With the continuous breakthrough of various technologies, speech recognition
technology has become a research hotspot, and the methods of speech recognition
technology are also very rich [1]. In this paper, the application of support vector machine
theory in speech recognition is studied. Firstly, the speech signal is preprocessed, and
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then the acoustic features are extracted. The support vector machine hyper-plane and
kernel function are optimized for speech recognition. The voice features are used for the
training of the model, and finally the speech recognition system was identified and
tested.

The remainder of this paper is organized as follow: Sect. 2 describes the procedures
of 2 speech signal preprocessing and feature extraction; Sect. 3 analyzes the Support
Vector Machine; Sect. 4 shows the simulation results; Sect. 5 draws a conclusion.

2 Speech Signal Preprocessing and Feature Extraction

2.1 Voice Signal Preprocessing

Firstly, the speech signal is pre-emphasized by a high-pass filter to improve the high-
frequency part of the speech, reduce the amplitude range of the gene line, and reduce
the dynamic range of the spectrum.

Secondly, the Hanning window is used to frame and window the speech signal.
Finally, endpoint detection is performed on the speech signal. In order to solve the
problem that the energy curve and the zero-crossing rate curve will fluctuate in the non-
speech area, the data are subjected to median smoothing in the endpoint detection. The
number of wild spots in the processed speech waveform is significantly reduced

(Fig. 1).
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Fig. 1. Endpoint detection map for the “stupid” audio.

2.2 Speech Signal Feature Extraction

The Basic Principle of EMD. Treat the original signal x(¢) as a signal to be processed.
Firstly, determine all the extreme points of the signal, and connect all the maxima and
all the minima points with a cubic spline curve. The upper and lower envelopes of the
original signal are obtained. The mean of the upper and lower envelopes is called as

m(t).
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Subtract the upper and lower envelope mean values m(¢) from the pending signal x(z):

h (1) = x(2) — m(1) (1)

Verify that it is a basic mode component. If the two basic conditions are not met, it
repeats the above operation as a signal to be processed until it is a basic mode weight.

ci(1) = (1) (2)

After the first basic mode component is decomposed from the original signal,
Subtract ¢ (¢) from x(¢). The sequence of residual values is as follows:

r (1) = x(1) — e (1) 3)

The r(¢) acts as a new raw signal. Repeat the above process for ry(¢), and get
n basic mode weights. Thus, the original signal is decomposed into the sum of several
basic mode components and a remainder.

X)) = 3 er0) + 1,0 @)

If the last basic mode component ¢, () is less than the threshold, the procedure will
stop. In addition, the procedure also stops when the remaining component becomes a
monotonic function.

Feature Selection. In this scheme, the empirical mode decomposition and the Fourier
transform are first performed on each audio to obtain the spectrum of the intrinsic
modal function component, and the main spectral values are taken for training and
testing. Each frame of a voice audio is decomposed by empirical mode to resolve six
basic mode components. In this paper, the first 7 frames in each audio are selected, and
the basic mode weight in each frame is Fourier transformed. The maximum value of
each mode component in each frame is taken as the main spectrum value of the natural
mode function component.

3 Support Vector Machine

3.1 Support Vector Machine and Kernel Function

In the state where the training samples are linearly separable, a classification hyper-
plane can be found. The convex quadratic programming at this time can be transformed
by (5) [2]:
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where «; is the Lagrange multiplier.

Fx,w,b) = sign(<w,x > +b) = sign (i oyi{xi, X) + b> (6)

i=1

where x; is called Support Vector.

Some sample data are linearly separable in the input space, but some are not. After
the dimensionally indistinguishable sample data is subjected to dimensionality reduc-
tion, it can be transformed into linearly separable sample data [3]. However, dimen-
sionality reduction also has some shortcomings, such as losing useful information.
Compared with the dimension reduction method, the kernel function method is much
better. The kernel function is to map these linearly inseparable sample data into a high-
dimensional space through a kernel function. In this high-dimensional space, these
linearly inseparable samples are converted into linearly separable samples.

The main types of kernel functions are: linear kernel function, polynomial kernel
function, S-type growth curve kernel function, and tensor product kernel function [4].

3.2 Sequence Minimum Optimization Algorithm
In the support vector machine theory, the problem to be optimized is [5]:
max W(a) = 3 o — 1 3 yiylogoy(x, x7)

o i ij=1
5.0<o; <C,i=1,...,m (7)

é%‘yi =0
Constraints can be obtained from Eq. (7):
oy =~ i oy’ (8)
i=2
Because y € {—1, 1}, the formula (8) can be written as:
o = —y' ifxiy" 9)
i=2

It can be known from Eq. (9) that «; and oy, . . ., o, are associated, so at least two
variables must be selected at a time to satisfy the constraint [6]. Choose the best pair of
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combinations «;, ; based on experience, then all parameters except the o;, o; are fixed
and optimized. Therefore, the efficiency of the SMO (Sequence Minimum Optimiza-
tion) algorithm is relatively high [7].

Figure 2 shows the value of o;, o; and the relationship between them.
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Fig. 2. The relationship of o;, o

4 Classification Result

4.1 Influence of Different Kernel Functions on Training Accuracy

K-fold cross-validation solves the problem of generating more test samples [8]. Using
the K-fold cross-validation method, the original data set was equally divided into 5
parts, each with 50 audio samples, and a total of 5 rounds of model training and testing
were performed.

The effect of using three different kernel functions on training is shown in Table 1.

Table 1. Influence of different kernel functions on training accuracy

Kernel function type 1 2 3 4 5 Training

accuracy
Polynomial kernel 753% |76.2% |80.5% |782% |75.5% |77.1%
function

Two-layer neural network |84.4% |853% |862% |87% 89.4% |86.5%
kernel function

Radial kernel function 93.8% | 96% 94.7% | 93% 94.3% | 94.4%

It can be seen from Table 1 that the training accuracy with the radial kernel
function is significantly higher than those with the other two kernel functions.
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4.2 Simulation Results

The training samples still use the data in Table 1. The testing accuracies of the training
samples and the testing samples are shown in Table 2.

Table 2. Simulation results

Data set 1 2 3 4 5 Testing accuracy
Training samples | 96.2% | 95.9% | 97.3% | 95.2% | 96% | 96.1%
Testing samples |93.8% | 96% |94.7% |93% |94.3% | 94.4%

As can be seen from Table 2, the accuracy of the testing samples reached 94.4%.
This is a good illustration of the fact that in the case of small samples, the use of
support vector machine theory to solve the two-class problem is a very suitable method.
The support vector machine successfully found the optimal classification hyper-plane
to classify the samples.

The testing accuracy after SMO optimization is shown in Table 3.

Table 3. Simulation results

1 2 3 4 5 Accuracy
Before optimization | 93.8% 96% |94.7% |93% | 94.3% | 94.4%
After optimization |94.5% | 96.2% | 95.2% | 94.1% | 95.0% | 95.0%

It can be seen from Table 3 that after parameter optimization, the accuracy of
speech recognition is increased by 0.6%.

5 Conclusion

This paper proposed a speech bullying vocabulary recognition algorithm in artificial
intelligent child protecting system. After preprocessing the speech signal, the empirical
mode decomposition method is used to extract the IMF of each order mode component,
and then the main frequency value of the IMF is separated by Fourier transformation as
the feature vector.

Through the K-fold cross-validation method, more training data were generated in
the case of a small sample, and a total of five recognition tests were performed. The
effects of three different kernel functions on the recognition accuracy rate were tested.
The recognition rate of the radial kernel function was the highest, and the recognition
accuracy reached 94.4%.

Finally, the model is optimized and the sequence minimum optimization algorithm
is adopted. The SMO optimization algorithm not only improves the efficiency, but also
improves the accuracy of the recognition test by 0.6%. The optimized recognition
accuracy reached 95%.
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