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Abstract. Asanew high-tech industry, the application of speech recognition tech-
nology is becoming more and more competitive, with a wide range of application
fields and application prospects, and has far-reaching significance for the devel-
opment of science and technology. The communication environment of wireless
communication network will bring various types of noise to speech, so an anti
noise speech recognition method based on deep learning of wireless communi-
cation network is designed to achieve anti noise speech recognition in this envi-
ronment. The voice signal of wireless communication network is preprocessed
by anti aliasing filtering, analog-to-digital conversion, pre emphasis, framing and
windowing, endpoint detection, etc. A series of denoising processes are imple-
mented for the voice signal of wireless communication network, and different
speech preprocessing methods are adopted for different characteristics of noise. A
speech signal feature extraction method based on improved EMD is designed and
implemented. The speech recognition model is designed based on the regression
neural network in deep learning, and the anti noise speech recognition of wireless
communication network is realized. Test results show that the lowest word error
rate of this method is 0.156, and the word error rate is also low.

Keywords: Deep Learning - Improve EMD - Hidden Markov Model - Anti
Noise Speech Recognition

1 Introduction

With the development of society, wireless communication has been used in many scenar-
ios, and many new communication networks have emerged. The emergence and appli-
cation of wireless ad hoc networks, wireless mesh networks, wireless sensor networks
and other networks have improved people’s living standards. In wireless communication
networks, communication speech often produces noise, which affects people’s auditory
judgment. Speech is the most natural, effective and convenient means for human infor-
mation exchange. Therefore, it is of great significance to study speech recognition in

wireless communication networks [1].

The research work of speech recognition began in the 1950s. AT&T Bell Laborato-
ries invented the first speech recognition system - Audry system, which can recognize
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10 English numbers. In the late 1960s and early 1970s, with the development of com-
puter technology, speech recognition technology has also made substantial development
and become an important subject in the research field [2]. Firstly, the development of
computer technology provides hardware and software conditions for the realization of
speech recognition. Secondly, “Dynamic programming method” has effectively solved
the problem of difficult alignment of speech signals on the time axis. At the same time,
speech recognition has proposed two technologies, dynamic time warping technology
and linear prediction coding technology, which provide effective methods for unequal
length matching of speech signals and feature extraction of speech signals. The use of
these two technologies can basically achieve the speech recognition of individual isolated
words. At the same time, the hidden Markov model I5 technology has also been prelim-
inarily applied and the vector quantization LO theory has been proposed. In the 1980s,
the research on speech recognition gradually deepened, and the focus of research turned
to non-specific, large vocabulary continuous word speech recognition, and many new
speech recognition algorithms emerged. Another breakthrough development is the pro-
posal of the model technology based on statistics. Compared with the template matching
technology, this technology does not require the refinement of speech features, but con-
structs a speech recognition system from the perspective of the overall analysis of speech
signals. In addition, the successful application of hidden Markov model and artificial
neural network in speech recognition system has made a great breakthrough in continu-
ous speech recognition. At present, hidden Markov model has become the mainstream
technology of speech recognition. Among them, Sphinx system developed by CMU in
1988 is a typical speech recognition system. It is the first non-specific, large vocabulary
continuous speech recognition system with high performance in the world. Its database
has 99 words and 4200 consecutive sentences, and the system’s recognition rate can
reach 95.8% at the highest. Since the 1990s, many developed countries in Europe and
the United States and some famous technology companies have invested huge funds in
the field of speech recognition to realize the practicality of speech recognition, and have
begun to provide relevant products for the market. The recognition rate of the speech
recognition system has been greatly improved, and the speech recognition technology
has further matured and started to enter the practical application from the laboratory. At
the same time, the recognition of Chinese speech has been paid more and more attention.

At present, the pure speech recognition technology has developed more maturely. In
aquiet environment, the speech acquisition and template training can match the speech to
be recognized very well. Therefore, the existing speech recognition system can complete
the recognition very well, and the recognition efficiency is also very high. However, in
the wireless communication network environment, speech will contain noise. Noise
interference affects the matching between the speech to be recognized and the training
template, which further affects the recognition rate of the system. Therefore, anti noise
becomes one of the key technologies in modern speech recognition research.

For the research of anti noise speech recognition, some scholars proposed an anti
noise speech recognition technology based on RBF neural network: to solve the problem
of poor performance of speech recognition system in noisy environment at present, RBF
neural network has the best approximation performance, fast training speed and other
characteristics. The anti noise speech recognition system based on RBF neural network is
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implemented by clustering and fully supervised training algorithms respectively. The hid-
den layer training of the clustering algorithm adopts the K-means clustering algorithm,
and the output layer learning adopts the linear least square method; The adjustment of
all parameters in the fully supervised algorithm is based on the gradient descent method,
which is a supervised learning algorithm and can select parameters with good perfor-
mance. Experiments show that the fully supervised algorithm has higher recognition rate
than the clustering algorithm under different signal-to-noise ratios. Other scholars have
proposed an anti noise speech recognition technology based on 3F speech enhancement
distortion compensation: in order to improve the robustness of speech recognition system
based on hidden Markov model in noisy environments, this paper studies an anti noise
speech recognition algorithm based on speech enhancement distortion compensation.
At the front end, speech enhancement effectively suppresses background noise. Thus,
the signal to noise ratio of the input signal is improved, and the spectral distortion and
residual noise caused by speech enhancement are adverse factors for speech recognition.
The influence will be compensated by parallel model merging in the recognition phase or
cepstrum mean normalization in the feature extraction phase. The experimental results
show that this algorithm can significantly improve the recognition accuracy of the speech
recognition system in the noisy environment in a very wide SNR range, and the improve-
ment of the system performance is especially obvious in the low SNR situation, such as
5 dB white noise. Compared with the baseline recognizer, this algorithm can reduce the
error rate by 67.4%. There are complex nonlinear relationships in speech recognition,
such as time-varying speech and noise interference. When using the above methods for
noise resistant speech recognition in wireless communication networks, it is difficult to
capture these nonlinear relationships, resulting in poor recognition performance. And
deep learning models have strong nonlinear modeling capabilities, which can better
adapt to complex speech features and improve recognition performance. Therefore, a
wireless communication network anti noise speech recognition method based on deep
learning is designed.

2 Design of Anti Noise Speech Recognition Method for Wireless
Communication Network

2.1 Speech Signal Pre-processing

The voice signal of wireless communication network is preprocessed by anti aliasing
filtering, analog-to-digital conversion, pre emphasis, framing and windowing, endpoint
detection, etc.

The anti aliasing filter is selected as the band-pass filter. The power frequency inter-
ference of 50 Hz power supply is suppressed through its high pass filtering part, and all
the components in the frequency domain components of the input signal that exceed
the following formula are suppressed through its low pass part to prevent aliasing
interference.

h= (1)

In formula (1) k; it refers to the sampling frequency.
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Human pronunciation is a continuous analog signal, which cannot be processed by
computer. Therefore, it is necessary to convert analog voice signals into digital signals,
that is, analog-to-digital conversion. Since the average power spectrum of speech signal
is affected by glottal excitation and nose and mouth radiation, the high-frequency end
drops significantly above 800 Hz, so when calculating the spectrum of speech signal, the
higher the frequency is, the smaller the corresponding component is, and the spectrum of
high-frequency part is more difficult to find than that of low-frequency part. Therefore,
pre emphasis processing should be carried out in preprocessing. The purpose of pre
emphasis is to improve the high frequency part so that the spectrum of the signal becomes
flat. The pre emphasis part is realized by a digital filter to improve the high-frequency
characteristics, which is generally a first-order digital filter:

g(s) =1—vs™! 2)

In formula (2) v is the pre weighting coefficient; s it is a voice signal.

Among v The value of is generally between 0.9 and 1, and the typical value is 0.9375.

Speech signal is a typical non-stationary signal, its characteristics change with time.
However, the formation process of speech is closely related to the movement of the
vocal organs. This physical movement is much slower than the speed of sound vibration.
Therefore, speech signals can often be assumed to be stable in a short time, that is, in
a period of 10-30 ms, its spectral characteristics can be seen as nearly unchanged. In
this way, the analysis and processing method of stationary process can be used. From
this assumption, various short-time processing methods based on frames are derived,
and various speech processing methods discussed later are based on this assumption. In
order to smooth the transition between frames and maintain their continuity, the method
of overlapping segments [3] is adopted here. The overlapping part of the previous frame
and the next frame is called frame shift, which is generally 0—1/2 of the frame length.
The specific method is shown in Fig. 1.

In order to reduce the Gibbs effect caused by truncation after framing, it is usually
necessary to windowing each frame signal. Each 10 ms—30 ms frame of the voice is
analyzed in turn. This operation is called windowing. The window slides on the voice
signal to frame the voice signal. When adding windows to voice signals, use Hamming
windows.

The primary problem of speech signal processing is to determine the pure noise
segment of a noisy speech, the noisy speech segment, and the start and end points of
each speech segment, that is, endpoint detection in signal processing. Endpoint detection
is the basis of speech signal processing. If the endpoint detection of a speech recognition
system is done well, it can not only reduce the amount of calculation, but also improve
the recognition rate of the system [4]. The calculation process of the short-term average
zero crossing rate is shown in Fig. 2, that is, first process the speech signal sequence in
pairs to check whether there is sign transformation, and if there is, it means zero crossing
once; Then make a first-order difference and take the absolute value; Finally, low-pass
filtering is performed to output short-term average zero crossing.

Since the short-term average zero crossing rate can reflect the frequency to a certain
extent, while the energy of voiced voice is concentrated in the low frequency band and the
energy of unvoiced voice is concentrated in the high frequency band, the zero crossing
rate is generally low in the voiced voice band and high in the unvoiced voice band.
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Fig. 2. Calculation of short-term average zero crossing rate

2.2 Speech Signal Denoising

A series of denoising processes are implemented for the voice signal of wireless commu-
nication network, and different speech preprocessing methods are adopted for different
characteristics of noise.
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First, build a noisy speech model:

x(1) = q() +w(t) 3)

In formula (3) x(¢) is noisy speech; g(¢) is pure voice; w(#) it is a noise signal.

In this model, the pure speech signal can be regarded as a speech segment, and
its physical characteristics and spectrum characteristics are regarded as invariable. The
short-term spectrum analysis of speech is relatively stable, which is a time-varying,
non-stationary random process. The noise signal is an additive noise, which is locally
stationary, statistically independent or uncorrelated with the speech signal, and has no
other reference signal.

Spectral subtraction is an effective method to deal with single frequency noise,
and is the simplest method of speech enhancement. The spectral subtraction method
is improved to overcome the shortcomings of spectral subtraction in broadband noise
processing.

The improved method of spectral subtraction algorithm: after spectral subtraction of
noisy speech frames and pure noise frames, the residual noise will produce music noise.
How to eliminate music noise is the key to improve spectral subtraction algorithm. The
analysis shows that if the estimated frame of music noise can be obtained, music noise
can be eliminated.

The method of obtaining music noise frame: subtract the square of the amplitude
spectrum of any two pure noise frames, which can be used as the estimation value of the
square of the amplitude spectrum of music noise. Subtract the square of the amplitude
spectrum of the same frame of pure noise (standard pure noise) from the square of the
amplitude spectrum of multiple frames of pure noise to obtain the estimated square of
the amplitude spectrum of different music noises. The specific methods are as follows:

First spectral subtraction: subtract the square of the amplitude spectrum of the noisy
speech from the square of the amplitude spectrum of the standard pure noise:

P = S(x(0)* — S(q(1))? (4)

In formula (4) S(x(¢)) it is the amplitude spectrum of noisy speech; S(g(z)) it is a
pure speech amplitude spectrum.

Second spectrum subtraction: subtract the square of the amplitude spectrum of the
first frame of music noise from the result of the first spectrum subtraction:

P =P —S(fi(1)? 5)

In formula (5) S (f1(¢)) it is the amplitude spectrum of music noise in the first frame.
Third spectrum subtraction: subtract the square of the amplitude spectrum of the
second frame of music noise from the result of the second spectrum subtraction:

P" =P —S(H(n)? (6)

In formula (6) S(f>(¢)) it is the amplitude spectrum of music noise in the second
frame.
By analogy, it is called cascading spectral subtraction.
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The fluctuation noise is eliminated by the adaptive filter denoising method, and the
wavelet threshold denoising algorithm is selected. The algorithm is mainly divided into
four steps:

The first step is to select the wavelet basis function, and select a wavelet function
to conduct discrete wavelet transform on the speech signal. Generally, db5 wavelet
is selected as the wavelet function, which is decomposed into 3-5 layers of wavelet
coefficients.

The second step is to determine the threshold value, which determines the final
denoising effect of the denoising method [5]. If the threshold value is too small, the
denoising effect will be unsatisfactory. If the threshold value is set too large, the useful
part of the signal will be removed, resulting in the distortion of the denoised signal. The
threshold selection method is as follows: the maximum variance minimizes the threshold
to produce an extreme value of the minimum mean square error, which minimizes the
maximum mean square error.

In the third step, threshold function is used to process the wavelet coefficients. The
threshold function used is hard threshold:

L |l =
L= illil >y )
0l <y

In Formula (7) [; represents wavelet coefficients; y is a hard threshold.

The fourth step is wavelet reconstruction, which uses discrete wavelet inverse
transform to reconstruct the wavelet coefficients of threshold processing.

For impulse noise, the denoising method adopted is the optimized VMD decomposi-
tion and wavelet threshold denoising algorithm for speech signal denoising. Combining
GWO optimized VMD algorithm with adaptive decomposition of signal and wavelet with
the best approximation efficiency of one-dimensional signal, a speech signal denoising
algorithm based on optimized VMD decomposition and wavelet threshold denoising is
proposed. This method can eliminate the impulse noise interference of speech signal to
a great extent.

When GWO algorithm is used to optimize VMD parameters, the fitness function
uses permutation entropy. The complexity of the signal can be seen from the permutation
entropy by calculating the fitness function. If the signal is more complex, the calculated
permutation entropy is larger, and vice versa. After speech signal is decomposed by
VMD, if there are many noise components included in IMF components, the higher the
signal complexity, the greater the permutation entropy; If there are few noise components
included in the IMF component, the more regular the signal is, the less complex the signal
is, and the lower the permutation entropy is. Once the component K and penalty factor are
determined o, VMD is used to decompose it, and the component with the smallest entropy
value is the component with the best feature information of voice signal. Therefore, the
objective of parameter optimization is to minimize the permutation entropy as the fitness
value.

The specific implementation steps of the proposed optimized VMD decomposition
and wavelet threshold denoising methods are as follows:

Input: voice signal with noise
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Output: clean voice signal after denoising

Start.

Step 1: Use GWO algorithm to find the optimal combination of decomposition mode
number and penalty factor for VMD to decompose noisy speech signal [kO, a0];

Step 2: Use the optimal combination found by the GWO algorithm to decompose
the noisy voice signal into VMD, and obtain a finite number of modal components:

R={ri,r,...,r} (8)

In formula (8) ry it refers to the No k£ Modal components.

Step 3: use correlation coefficient to select noisy modes from finite modal
components;

3.1 Calculate the correlation coefficient between each modal component and the
original signal;

3.2 Calculate the screening threshold through the screening principle of correlation
coefficient f. When the modal component meets the following formula:

re>f 9

It can be considered that the correlation between the modal component and the
original voice signal is good, and it needs to be retained; Otherwise, the corresponding
modal components are taken out for wavelet denoising.

Step 4: carry out wavelet threshold processing for noisy modes;

4.1 Select appropriate wavelet bases, wavelet decomposition levels and wavelet
thresholds. The wavelet base of sym8 is selected in this paper, and the number of decom-
position layers is 6. Wavelet threshold uses the threshold of wavelet threshold de-noising
algorithm;

4.2 Use the selected wavelet basis function to carry out wavelet transform on IMF
components to obtain the corresponding.

A set of wavelet coefficients;

4.3 Compare the wavelet threshold with the wavelet coefficient obtained. If the
threshold is less than the wavelet coefficient, it can be considered that the useful signal
constitutes the wavelet coefficient, and then the wavelet coefficient needs to be retained;
On the contrary, it is considered that the wavelet coefficient is composed of noise signals,
so the wavelet coefficient needs to be discarded [6].

4.4 For the reserved signal, the denoised IMF component can be obtained only after
reconstruction;

4.5 The selected IMF components must be operated from 4.2 to 4.4;

Step 5: Reconstruct the mode and effective mode after wavelet threshold processing
to obtain the denoised speech signal.

End.

The specific process is shown in the following Fig. 3.

2.3 Feature Extraction

A speech signal feature extraction method based on improved EMD is designed to
implement the feature extraction of voice signals in wireless communication networks.
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Fig. 3. VMD decomposition and wavelet threshold denoising flowchart

The traditional MFCC extraction algorithm is improved. The speech signal is decom-
posed by the improved empirical mode decomposition algorithm, and then the eigenmode
components obtained by decomposing the speech signal are classified. The eigenmode
components with a high proportion of the original signal are reconstructed and their
MFCC is extracted. The proposed method saves as many components of the original
signal as possible while eliminating noise signals. Since the noise of the signal can be
decomposed into IMF components of each layer to enhance the signal-to-noise ratio of
the weak signal layer, the improved method can be obtained as follows:

(1) EMD is decomposed into N IMF components and differentiated into reconstructed
signals

The processed voice signal is decomposed into several IMF components by EMD
method, as follows:

V={vi,v2.....,v} (10)

In Eq. (10) vy it refers to the No j IMF quantity.

Then autocorrelation processing is performed on the IMF components obtained.
According to the autocorrelation function waveform, the dividing point between the
useful original signal and the noise signal is derived, and the obtained eigenmode com-
ponents are divided into two categories: the IMF component dominated by the noise
signal and the IMF component dominated by the original signal. And reconstruct the
main intrinsic mode components of the original signal to obtain the signal E(t)’.

(2) Fast Fourier Transform

The transformation of speech signal in the time domain can hardly see the charac-
teristics of the signal. Usually, the speech signal is converted to the frequency domain to
observe the characteristics of the speech signal. Therefore, the speech signal spectrum
is obtained through fast FFT.
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(3) Mel filter bank

The obtained voice signal is then passed through a set of Mel scale triangular filter
banks, and the central frequency of the filter bank is c(b) The transfer function satisfying
each bandpass filter is:

Ou < c(b—1)

s c(b—1) < u < c(b)

Gt ¢B) < u < b+

Ou > c(b—1)

c(b)= (11)

The sampling rate is set to 8000 Hz. Here, the number of filters is set to M = 24.
(4) Take logarithmic energy

It is found that logarithmic energy is suitable for speech signal feature extraction.
Compared with traditional entropy, logarithmic energy entropy can describe information
more carefully. At present, most of the traditional entropy algorithms are used to describe
the global information and column direction information. However, logarithmic energy
can not only describe the overall global information of the signal. When describing the
signal, the one-dimensional feature vector of the original signal can be changed into a
single eigenvalue, so that the dimension of the original signal can be used to analyze
and identify future information. Logarithmic energy is insensitive to a certain extent.
In practice, logarithmic energy can be obtained by taking logarithm of the processed
energy spectrum o(m).

(5) DCT transformation

Discrete cosine transform (DCT) is a transform strongly related to Fourier trans-
form. The discrete cosine transform is similar to the discrete Fourier transform. Because
most of the collected information is noisy, if the data is not cleaned, direct prediction
will produce data disturbance, greatly reducing the prediction accuracy. The discrete
cotransform process uses only real numbers [7]. From the perspective of frequency
domain, many natural signals are concentrated in the low-frequency part of the signal
after discrete cosine transform. Convert logarithmic energy o(m) MFCC coefficient is
obtained through discrete cosine transformation:

M—1 x(m—0.5)
8(2)= Zm:() o(m)COS ———— (12)
In Eq. (11) M refers to the number of signals;L it refers to the maximum value of
the energy spectrum.

(6) Dynamic and static characteristics

The traditional cepstrum parameter MFCC can accurately reflect the static charac-
teristics of speech signals, but the dynamic characteristics of parameters can not be well
understood. Therefore, this paper proposes to obtain the dynamic characteristic param-
eters of MFCC from the difference of static MFCC, and then combine the dynamic
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characteristic parameters and static characteristic parameters to form a mixed MFCC
parameter as the training feature of speech signal.

2.4 Speech Recognition

A speech recognition model is designed based on the regression neural network in deep
learning to realize the noise resistant speech recognition in wireless communication
networks.

The designed speech recognition model includes three core parts: acoustic model,
language model and decoder. In the DNN-HMM based acoustic model modeling, the
DNN function is to replace the original GMM model and estimate the verification
probability after HMM status.

The Kaldi open source speech recognition system is selected as the carrier to imple-
ment the DNN-HMM model. In Kaldi, the script is called quickly to make verification
easier [8].

In the DNN-HMM acoustic model, the DNN network structure consists of one input
layer, six hidden layers and one output layer.

For the input layer, 39 dimensional MFCC features are obtained by extracting voice
information, 11 frames of voice information are used, and there are 429 input nodes.
According to the number of triphone states corresponding to the target output of the
network, that is, the number of clustered triphone state IDs, the output layer node is set
to 1462 [9].

DNN network uses back-propagation algorithm to adjust parameters, so monitoring
information is needed for training. For voice signals, it is necessary to know the phoneme
state corresponding to each frame. After the forced alignment recognition result, the
trisyllon state corresponding to the original voice information is obtained as the training
supervision information [10].

The training criteria of the acoustic model should be able to be simply calculated
and have a high correlation with the task. The improvement of the criteria should finally
be reflected in the completion level of the task. Therefore, the minimum expected loss
function should be selected as the training criterion of model parameters [11].

OeL = U(0(0, cOp)) (13)

In Eq. (13) U is a statistical expectation operator; 6 (o, ¢0p) is the loss function,
where o, ¢ is a model parameter, O to observe the vector, p is the corresponding output
vector.

Given training criteria, model parameters o, ¢ the famous error back propagation
algorithm can be used for learning, and the chain rule can be used for deduction. In its
simplest form, the model parameters are optimized using the first derivative information.
The gradient of the top weight matrix relative to the training criteria depends on the
training criteria [12].
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The function of the decoder is to extract the decoding map from the trained model,
and use this decoding map to search and match the test speech signal, and output the
word sequence with the highest probability. The decoding diagram consists of four parts:

1) Grammar, which is the receiver of coding grammar or language model;

2) Phonetic dictionary, which is used to convert phonemes into words;

3) Context relation, which is used to output phonemes according to the most possible
combination of phonemes in the context window;

4) HMM s defined to transform PDF ID (PDF index assigned by decision tree clustering)
into phonemes representing context.

Firstly, context sensitive HMM acoustic model, ternary grammar language model
and voice dictionary are integrated into a weighted finite state converter [13], which
is optimized by deterministic algorithm and minimization algorithm to build a search
space. Then send the test voice into the search space through the following four steps:

(1) Initialize search path:

§=bo (14)

(2) Use acoustic model and language model to re judge the path score;

(3) Cut out the path with lower scores;

(4) The optimal path is obtained by backtracking, and the optimal result is obtained
after the search.

The language model uses the pre training language model PLMs, which is composed
of the Embedding layer, Pre training and Fine tuning. In the pre training process, a large
number of unmarked corpus sets are used for unsupervised pre training, and then the
weights in Fine tuning are initialized to the weights obtained in the pre training process
[14]. All the pre training parameters will participate in the training when fine-tuning,
and marked corpus is used in the training process. In different downstream tasks, their
respective BERT models will be created as needed.

When using the Pre training Model for feature representation, there are generally two
types of strategies: feature based strategy and fine-tuning based strategy. The traditional
standard LM is the single way mode, which leads to many limitations when selecting
language architecture [15]. BERT attempts to break through the one-way restrictions in
the past standard language models by using the masked language model. The specific
approach is to use [mask] to mask a random number of characters each time, and predict
the words to be [mask] through the objective function. At the same time, BERT is also
committed to the NSP task, that is, to determine whether the two sentences given are
adjacent sentences in the text segment, so that the model can predict sentence level
information [16].

The embedding layer is the embedding layer. BERT has three embedding layers,
namely, Token Embedding, Segment Embedding and Position Embedding. The word
elements in the input text complete vector conversion, sentence segmentation and word
segmentation after three layers of embedding.
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3 Experimental Test

3.1 Experimental Data Set

For the designed anti noise speech recognition method based on deep learning in wireless
communication networks, its performance is tested through experimental data sets. The
voice data, language model and dictionary used in this experiment are all from the
“THCHS30 2015 dataset. This Chinese speech dataset contains 25 h of training data
(30 speakers), 6 h of test data (10 speakers), and corresponding annotations. The voice
data contains a total of 1000 sentences, and the coverage of binary phonemes and ternary
phonemes reaches 71.5% and 14.3% respectively. All voice data are voice data under the
wireless communication network, the sampling frequency is 16000 Hz, and the number
of data bits is 16.

3.2 Experimental Process

First, the experimental data set is preprocessed by anti aliasing filtering, analog-to-digital
transformation, pre emphasis, framing and windowing, endpoint detection, etc.

Then, a series of denoising processes are implemented on the experimental data
set, and feature extraction is implemented through the speech signal feature extrac-
tion method based on improved EMD. In feature extraction, the order of Mel filter is
defined as 24, the length of fast Fourier transform is 256, and the sampling frequency
is 16000 Hz. Normalize Mel filter bank coefficients, divide speech signals into frames,
and calculate MFCC parameters of each frame. Fast Fourier transform is performed to
calculate first-order difference coefficient and second-order difference coefficient, and
then MFCC parameters and first-order difference parameter MFCC are combined. After
MFCC feature extraction, the relationship between the dimension and amplitude of the
voice feature, and the relationship between the number of frames and amplitude can be
drawn. After feature extraction, the voice feature parameter of one time pronunciation
of each English number is 500 x 24.

Finally, through the speech recognition model based on regression neural network,
the anti noise speech recognition of wireless communication network is realized. The
script used for acoustic model training is shown in Table 1.

The word error rate and word error rate in the speech recognition of the design
method are tested. In the test, the anti noise speech recognition technology based on
RBF neural network and the anti noise speech recognition technology based on 3F
speech enhancement distortion compensation are used as the comparison test methods,
which are represented by technology 1 and technology 2 respectively.

3.3 Experimental Results

Table 2 shows the test results of word error rate in design method and technology 1 and
technology 2 speech recognition.

According to the above table, the lowest word error rate of the design method is only
0.156, and the word error rate in speech recognition is far lower than that of technology
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Table 1. Script used for acoustic model training

165

S/N Script Name Specific role

1 decode_fmllr.sh Decoding the speaker adaptive model

2 train.sh Training depth neural network model

3 pretrain_dbn.sh Deep neural network pre training foot

4 align_si.sh Align the specified data as input to the new model

5 decode.sh Decode and generate word error rate results

6 mkgraph.sh Establish identification network

7 train_sat.sh Speaker adaptive training based on maximum likelihood linear
regression in feature space

8 train_deltas.sh Training a context sensitive three phoneme model

9 train_mono.sh Training monophone hidden markov model

Table 2. Word error rate in speech recognition

Number of tests Word error rate (%)
Design method Technology 1 Technology 2

5 0.156 0.525 0.317
10 0.157 0.522 0.313
15 0.159 0.524 0.317
20 0.150 0.555 0.315
25 0.141 0.557 0.335
30 0.156 0.553 0.337
35 0.165 0.555 0.335
40 0.162 0.594 0.356
45 0.161 0.596 0.357
50 0.162 0.590 0.359

1 and technology 2, which shows that the design method has better noise resistance and
more accurate speech recognition.
The test results of word error rate in the design method and technology 1 and
technology 2 speech recognition are shown in Fig. 4.
According to the above figure, the word error rate in the design method speech
recognition is also far lower than that in technology 1 and technology 2, which shows
that its speech recognition performance is better. At the same time, it can be seen that
the word error rate in speech recognition is higher than the word error rate as a whole.
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Fig. 4. Word Error Rate Test Results

To further validate the practicality of the design method, comparative tests were
conducted using speech recognition time as the experimental indicator, and the test
results are as follows (Fig. 5).
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Fig. 5. Identify time test results

According to the above figure, it can be seen that the longest recognition time of
the design method is 42 s, while the longest recognition times of the technology 1 and
technology 2 methods are 81 s and 84 s, respectively. The recognition efficiency of the
design method is significantly higher than that of the comparison method, indicating
that the method proposed in this paper is practical.
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4 Conclusion

The communication environment of wireless communication network will bring various
types of noise to speech, so an anti noise speech recognition method based on deep
learning of wireless communication network is designed to achieve anti noise speech
recognition in this environment. In the wireless communication network, a series of
preprocessing operations are carried out on the speech signal, and the speech signal
features are extracted based on the improved EMD. According to the extracted feature
signals, the speech recognition model is constructed by using the deep learning regression
neural network, and the anti-noise speech recognition task in the wireless communication
network is realized. However, the design method also has some limitations and some
problems, and will continue to be optimized in the future.
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