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Abstract. Wu Binghuang shallow acupuncture technique was selected as the sixth batch
of intangible heritage items in Fujian Province in 2019, and Wu Binghuang shallow
acupuncture technique has good effect on treating insomnia in clinical trials. The shal-
low acupuncture technique has three kinds of techniques: “ drainage method”, “ tonic
method”, and “ flat tonic and flat drainage”, which can be used for different treatment
purposes, and the three techniques have high operational similarity. In the development
of the shallow needle instrument using modern electronic technology to simulate the shal-
low needle technique of Bing-Huang Wu, it is necessary to extract and distinguish the
vibration signals of the three modes. To address the problem of difficulty in differentiating
Wu’s shallow acupuncture techniques, a feature extraction method based on EMD sample
entropy, energy occupation ratio after Pyramid decomposition and CV-SVM is proposed
in this paper. The vibration signal is noise reduced by using wavelet noise reduction,
firstly, the EMD decomposition is performed on the noise reduced data, the correlation
coefficient between individual IMF and the original signal is calculated, the IMF with the
correlation coefficient greater than 0.1 is selected as the effective component, the sam-
ple entropy of the effective component is calculated, then the Pyramid decomposition of
the noise reduced vibration signal is divided into 9 layers, the relative energy of each
layer is calculated, and the sample entropy of the effective component and the relative
energy of each layer are calculated. The sample entropy of the effective component and
the relative energy of each layer are formed into a Govett collection. The CV-SVM is
then employed to identify the signal patterns, resulting in an average recognition rate
of 76% that possesses engineering application value. The vibration data of Prof. Wu
Binghuang’s treatment with shallow needles were analyzed, and the practical application
of the proposed method in distinguishing the vibration signals of the three techniques of
Wu Binghuang’s shallow needling was verified. The implementation results show the out-
standing practicality and scalability of our proposed scheme.
Keywords: Vibration Signal, Wavelet Noise Reduction, Sample Entropy, Frequency
distributio, CV-SVM

1. Introduction. Wu Binghuang shallow acupuncture [1] mainly uses modulator nee-
dles, using the middle finger nail on the needle handle to make a continuous scraping and
pushing action to make the needle handle vibrate rapidly and continuously, which is con-
ducted through the body and tip of the needle to the meridian point where it produces a
gentle stimulation to guide the needle sensation of soreness, swelling, and numbness [2]. It
can be seen that manually scraping the needle body to make it vibrate is the main method
of stimulating acupuncture points. The “ scratching and crawling” technique from the
lower end of the needle shank to the top of the needle shank is called the “ scraping”
method and the opposite is called the “ pushing” method. Treatment techniques three
techniques are drainage method, tonic method and flat tonic flat drainage method. The
operation of the laxative method needle body is not perpendicular to the skin where the
empty space for the upper scraping heavy, light pushing down. Tonic method of operation
when the needle body is perpendicular to the skin plane where the acupuncture point is
located when the technique is light when scraping, pushing down the technique is heavy.
In the flat tonic and flat diarrhea operation, the needle body alternates between vertical
and non-vertical continuous oscillation with the skin plane where the acupuncture point
is located, with light upward scraping and light downward pushing [3]. Different manipu-
lations with different force and speed produce different vibration frequencies. During the
treatment, the doctor will choose different treatment techniques according to the different
conditions of different patients [4]. Thus, it can be seen that the correct use of different
techniques of shallow needles by medical students is one of the key factors in the correct
treatment of diseases, and shallow needles are difficult to operate, medical students need
to spend a lot of time figuring out and training, and whether the correct mastery of the
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three techniques need to be evidenced according to the treatment situation, this situation
will reduce the effectiveness of treatment, and the learning efficiency of medical students
is low.

The Modern scholars are using modern information technology, artificial intelligence
and electronics to solve traditional problems [5, 6, 7, 8]. The vibration signal is widely
used as a signal characteristic quantity in several fields, Shi applied it in the agricultural
industry as a fault diagnosis signal on combine harvesters [9], Liu et al. applied it in the
electric power industry as a method for identifying the state of the operating mechanism
of circuit breakers [10], Xuan et al. applied it in the metalworking industry as a diagnosis
of rail defects [11], and Wang et al. applied it to the motor on as a judgment signal of
motor speed [12]. With the development of the industry, vibration signals are used more
and more frequently, but there is inevitably noise in the process of collecting vibration
signals, so the collected signals need to be processed for noise reduction as a way to
reduce errors. Wavelet threshold denoising is the method with less computation and
better filtering effect among noise reduction methods, but the selection of wavelet bases
and different threshold rules will produce different noise reduction effects, and we need to
choose the combination of wavelet bases and threshold rules with optimal effects [13].

SMO and SVM classification algorithms are more widely used with the rapid de-
velopment of cloud computing [14, 15, 16]. CV-SVM (Cross-Validation Support Vec-
tor Machines) is a model selection method based on the SVM algorithm, which deter-
mines model parameters by cross-validation to improve the generalization ability of the
model [17, 18, 19]. In CV-SVM, the data set is divided into K equal-sized subsets, one of
which is used as the validation set and the remaining K-1 subsets are used as the training
set. This process is repeated K times, each time using a different subset as the validation
set and the remaining subsets as the training set. Eventually, the average performance of
the model can be calculated and used to select the optimal model parameters [20].

Sample entropy is a statistical method based on information theory that measures the
uncertainty or randomness of the data. It is calculated based on the frequency distribution
of individual values in a sample. Sample entropy can be used to measure the complexity or
irregularity of a signal, or it can be used for feature selection in classification or clustering
analysis [21]. In sample entropy, the data are treated as discrete random variables, which
can take values that are either continuous or discrete. To calculate the sample entropy,
the data needs to be divided into several intervals, then the frequency distribution of each
value taken in each interval is calculated, and finally the sample entropy is calculated
according to the definition of information entropy. The higher the sample entropy, the
greater the randomness and uncertainty of the data [22].

EMD (Empirical Mode Decomposition) is a local signal decomposition method that
decomposes complex nonlinear and non-stationary signals into a set of “ Intrinsic Mode
Functions” (IMFs). The basic signals. Each IMF represents a frequency component of the
signal, and they satisfy the definition of intrinsic mode functions, i.e., the average value
of the upper and lower envelopes of each IMF is zero over the entire time and frequency
range, and the frequencies and amplitudes of IMFs do not overlap with each other. EMD
can be applied to many fields, examples include signal processing, image processing [23],
feature extraction [24], etc.

In this paper, we propose a method of differential characterization based on vibration
signals, and collect vibration data from Professor Bing-Huang Wu, who has mastered
the three techniques. After obtaining the noise-reduced data, the energy distribution of
the original vibration data in different frequency bands can be obtained by decomposing
the vibration signal into multiple frequency bands using the pyramid algorithm [25, 26]
and normalizing the energy in each frequency band. And the 9-layer IMF is obtained by
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EMD decomposition, and the sample entropy of each IMF is calculated. The combined
features are input into CV-SVM for pattern recognition to achieve pattern differentiation
and facilitate subsequent shallow needle instrument development.

2. Experimental Data Acquisition. The acquisition site is shown in Figure 1, the
vibration data of the shallow needles used in this experiment were collected by the lab-
oratory equipment with a sampling frequency of 1000 HZ, mainly including the data of
three techniques of “ Wu’s shallow needle technique”: tonic method, diarrhea method,
and flat tonic and flat diarrhea method, and the main component of the data was the
vibration data during the application of shallow needles. In this paper, the data of the
three techniques were collected, including the flat tonic and flat diarrhea method, the
tonic method and the cathartic method. The data for each manipulation were 40 groups
each, and each group was 4096 data. The differences in vibration signals of the three
techniques were mainly generated by the different strengths.

Figure 1. On-site photo collection

(1) Average patch and vent therapy: As shown in Figure 2, during this maneuver the
upward scraping and downward pushing keep the force even, so that the needle body keeps
even vibration. The average patch and vent therapy data collected during the operation
of Professor Bing-Huang Wu are shown in Figure 3.

(2) Patch therapy: As shown in Figure 4, this maneuver is operated with light upper
scraping and heavy lower pushing, which makes the needle body show uneven vibration,
and the Patch therapy data collected during the operation of Professor Bing-Huang Wu
is shown in Figure 5.

(3) Vent therapy: As shown in Figure 6, this technique is operated with heavy upper
scraping and light lower pushing, which makes the needle body present a different un-
even vibration from the tonic method, and the patch therapy data collected during the
operation of Professor Bing-Huang Wu is shown in Figure 7.

3. The Current State Of Development Of Research Methods. Traditional signal
analysis methods cannot overcome the effects caused by signal noise and time variabil-
ity. And wavelet analysis can better solve this problem [27]. Wavelet analysis is a new
branch of mathematics and is the result of research in several mathematical fields. It is
considered as another effective way of frequency analysis in application fields, especially
in image integration [28], fault diagnosis [29, 30], face recognition [31] and many non-
linear sciences. Wavelet transform has better time and frequency domain characteristics
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Figure 2. Schematic diagram of the single-round operation of flat patch
and flat drain

Figure 3. Average patch and ventilation therapy

compared to Fourier transform, which can efficiently extract and analyze signals and can
well improve the limitations of Fourier transform in time variability. The advantages of
wavelet transform over Fourier transform determine [32] that it will be widely used in
various fields of research and engineering, especially in fault diagnosis [31, 33], image
fusion [28, 34], algorithm research [35, 36, 37, 38], feature extraction [39, 40] and many
other fields.
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Figure 4. Diagram of the single-round operation of the mending method

Figure 5. Patch therapy

3.1. Pyramid Algorithm. After obtaining the noise-reduced signal data, this paper will
carry out signal feature extraction. In the study of vibration signals with high recognition,
the frequency distribution of the signal can be decomposed by the pyramid algorithm,
and then the energy of each frequency band is calculated and normalized, and then the



2328 W.-D. Fang, Z.-B. Chen and J.-S. Pan

Figure 6. Diagram of the single-round operation of the drainage method

Figure 7. Vent therapy



Vibration Signal Feature Extraction of Wu’s Shallow Acupuncture Based on CV-SVM 2329

difference features are derived by comparing the energy distribution, which has been
applied to the medical field in the literature [41]. The basic principle of the pyramid
algorithm is to decompose the signal in multiple levels of wavelets, i.e., the approximate
sequence aj of the decomposition result of the previous level is decomposed again, which
can get the approximate sequence aj1 and the detail sequence dj1, and so on. Until
any specified number of levels of multilevel wavelet decomposition, as shown in Figure 8.
Finally all detail sequences dj, ... , d1 the lowest level approximation sequence aj need to
be retained, and other approximation sequences need not be retained.

Figure 8. Frequency diagram

This paper uses the pyramid algorithm to analyze the frequency components from the
sampled input signal, which can obtain the energy distribution in different frequency
bands, and after normalization, the energy share of each frequency band can be obviously
derived, based on the energy distribution to explore the difference characteristics between
different techniques.

3.2. Wavelet Decomposition and Reconstruction. The wavelet transform itself has
the property of multi-resolution analysis, which allows wavelet analysis to have a more
refined analysis of the signal. The wavelet transform is defined as Formula (1).

Wf (a, b) =
∫ +∞
−∞ f(t)ψa,b(t)dt =

∫ +∞
−∞ f(t)a

1
2ψ( t−b

a
)dt (1)

Its inverse conversion is Formula (2).

f(t) = 1
Cψ

∫ +∞
−∞

∫ +∞
−∞ a−2wf (a, b)ψa,b(t)dadb (2)

in the Formula (3)

Cψ =
∫ +∞
−∞

|ψ(ω)|2
ω

dω <∞ (3)

Where ψ is the Fourier transform. Wavelet transform can be divided into continuous
wavelet transform as well as discrete wavelet transform according to the continuity and
dispersion of the processed signal, and according to the dimensionality of the signal, it can
be divided into one-dimensional transform and two-dimensional transform. Since the data
used in this topic is one-dimensional discrete data, the one-dimensional discrete wavelet
transform used is introduced, which is as follows. Let ψ(t) ∈ L2(R), then its Fourier

transform can be expressed as
⌢

ψ(ω), and the complete reconstruction condition of the

signal
⌢

ψ(ω) is as follows Formula (4)
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Cψ =
∫
R

|
⌢
ψ (ω)|2
|ω| dω <∞ (4)

When the above conditions are met, we call ψ(t) the mother wavelet. Using the tele-
scopic translation property of wavelet transform itself to transform ψ(t) , we can obtain
Formula (5)

ψa,b(t) =
1√
|a|
ψ( t−b

a
) (5)

where a, b ∈ R, a ̸= 0 are the scaling and translational factors of the signal, respectively.
So for any function K, when it satisfies the above condition, i.e., A = B, we can describe
its wavelet decomposition as Formula (6)

Wf (a, b) =< f, ψa,b >= |a|− 1
2

∫
R
f(t)ψ( t−b

a
)dt (6)

The inverse conversion is Formula (7)

f(t) = 1
Cψ

∫ +∞
−∞

∫ +∞
−∞

1
a2
Wf (a, b)ψ(

t−b
a
)dadb (7)

Because the wavelet ψ(t) generated by the transformation of the mother wavelet ψa,b(t)
is similar to a “ window function” in the analysis of the signal, ψ(t) must also satisfy the
convergence conditions required for a general wavelet function.∫ +∞

−∞ |ψ(t)|dt <∞ (8)

And in order for this signal to be reconstructed, the condition
⌢

ψ(ω) = 0, ω = 0 must
be satisfied and the Fourier transform of C must satisfy the stability condition.

A ≤
∞∑
−∞

|ψ̂(2−jω)|2 ≤ B, 0 < A ≤ B <∞ (9)

3.3. EMD decomposition. The EMD algorithm description can be summarized as fol-
lows: for any signal, it consists of several finite eigenfunctions. And the essence of EMD
is to decompose the signal into several eigenfunctions, and its decomposition process is
as follows: Find the maximal and minimal values of the original data series x(t), and
synthesize all the maximal points into the upper envelope emaxt of the original data series
by the third spline interpolation function, and similarly, synthesize all the minimal points
into the original lower envelope emint. The mean values of the upper and lower envelopes
are used as the mean envelope m(t) of the original data series:

m(t) = emax(t)+emin(t)
2

(10)

Find the difference h11(t) between x(t) andm(t): Generally speaking, h11(t) is an unstable
signal, the definition of IMF requires that the total number of extreme points in the time
domain must be equal to the total number of signal zeros, the number of differences
between the two at most one, and in the time domain at any point in time, the average
value of the upper and lower envelope must be 0. Unstable signal obviously does not meet
this condition, so at this time h11(t) is not the IMF component of signal x(t).
Repeat the operations described in Formula (11) and Formula (12), assuming that until

the kth time, the resulting hk1(t) satisfies the conditions defined by the IMF, at which point
we can consider hk1(t) to be the first-order IMF component c1(t) of the original data series
x(t).

c1(t) = imf1(t) = hk1(t) (11)
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The above operation is repeated to obtain the second-order IMF component c2(t) of the
original data sequence x(t) and the remaining IMF components, until the decomposition
process ends when the remaining part of the original data sequence x(t) is a monotonic
sequence or the residual rn(t) of a constant sequence. The result of the decomposition
can be expressed as

x(t) =
n∑
i=0

ci(t) + rn(t) (12)

4. Wavelet transform-based noise reduction of vibration signals. Wavelet trans-
form is a method for analyzing local variations of signals, and its idea is derived from the
unfolding and displacement method. It is both an inheritance and development of the
concept of short-time Fourier transform and an overcoming of the fact that short-time
Fourier transform cannot provide ideal spatial and frequency resolution at the same time.

4.1. Wavelet denoising principle. In practical engineering applications, the signals
we detect are often mixed with different noises. In a broad sense, except for our useful
components, all the remaining parts within the signal are useless signals, i.e., noise. So,
we can define a signal in the following form Formula (13).

h(t) = f(t) + x(t) (13)

where h(t) is our detected signal, while f(t) is the useful component and x(t) is the noise.
Within wavelet analysis, there are three types of threshold selection methods for threshold
noise reduction, which are threshold denoising, wavelet-based correlation denoising and
wavelet analysis based on the principle of great value denoising. Among them, threshold
denoising is a denoising method with better denoising effect and simpler implementation
process. The basic idea of denoising is: firstly, wavelet decomposition is performed on the
pre-denoised signal, a threshold is set, the part of the wavelet coefficients in each layer of
the decomposition that is larger than the wavelet coefficients in this layer is denoised, and
then the reverse reconstruction is performed to obtain the denoised signal of the original
signal. By further specifying equation Formula (13), it can be written as Formula (14).

h(t) = f(t) + σx(t) (14)

Where σ is the intensity of the noise within the signal. The purpose of wavelet trans-
form is to suppress or eliminate the noise x(t) within the signal h(t) by decomposition
calculation in order to get a more intact and useful signal f(t). After determining the
thresholding rules, the signal can be selected as hard or soft thresholding to perform noise
reduction. Hard thresholding is to keep the part of the decomposition coefficients greater
than the threshold α and replace the part less than the threshold α with 0. This method
will cause the signal to produce intermittent effect at the discontinuity with large differ-
ence. Soft thresholding avoids the discontinuity by strengthening the contraction at the
discontinuity. Hard threshold method, when the absolute value of the wavelet coefficients
is greater than the set threshold, it will remain unchanged, and if it is less than the set
threshold then make it 0, which is defined as the Formula (15).

Wλ =

{
w, |w| ≥ λ
0, |w| < λ

(15)

The soft threshold method is defined in Formula (16), if the absolute value of the
wavelet coefficients is greater than the set threshold value, make it subtract the threshold
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value. If it is less than the set threshold, it is set to zero as the hard threshold.

Wλ =

{
[sgn(w)(|w| − λ)] , |w| ≥ λ
0, |w| < λ

(16)

4.2. Wavelet Noise Reduction. Needle body in the process of use, and not continuous
vibration, in between each cycle there is a small period of no vibration signal exists in
the interval, but from the actual data collected, there is a weak signal in this section of
the interval, the vast majority of this signal is the noise signal, which is the most obvious
part of the signal data noise signal. By observation, it can be seen that the noise signal
is relatively smooth and low energy. So in the original signal doped with noise signal,
the noise energy is much lower than the vibration signal, which is less disturbing for the
further study conducted in this paper. However, in order to improve the accuracy, this
paper uses wavelet noise reduction for noise reduction processing. We hope to achieve
both to retain the effective end of the vibration signal and to reduce the noise energy of
the invalid part as much as possible.

(1) Commonly used wavelet basis functions are haar wavelet, dbN wavelet, symlet
wavelet, coif wavelet, fk wavelet, etc. The properties of commonly used wavelets are
summarized in Table 1, which include orthogonality, biorthogonality, Compact support,
DWT, CWT, Support width, Filters length, Symmetry.

(2) Support length. The support interval of the wavelet function is the length that can
converge from a finite value to 0. In general, the wavelet transform has a strong discrim-
inative power for high-frequency components, but is weak for low-frequency components.
The size of the support length is directly related to the time to calculate the wavelet
decomposition, so it should not be too large in the practical application process.

(3) Symmetry. Wavelet function generated by the filter and the traditional sense of
the window function and other filters, such as different, it has phase linearity, that is,
symmetry, the better the symmetry of the wavelet function, the better the filtering effect.

(4) Vanishing moment. It is defined as:∫
tpψ(t)dt = 0 (17)

where ψ(t) is the fundamental wave. When satisfied 0 ≤ p < N, the wavelet function is
said to have an Nth order vanishing moment. Regularity

(5) Similarity. In practical applications, wavelets similar to the signal waveform should
be selected

Table 1. Common wavelet function

Common wavelet functions Haar symN dbN Coif N

Orthogonality yes yes yes yes

Biorthogonality yes yes yes yes

Compact support yes yes yes yes

DWT possible possible possible possible

CWT possible possible possible possible

Support width 1 2N-1 2N-1 6N-1

Filters length 2 2N 2N 6N

Symmetry yes Near from far from Near from

Number of vanishing moments for psi 1 N N 2N
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The symlets wavelet is a wavelet transform based on multi-resolution analysis and multi-
sampling filter theory, which is applicable to wavelet transform of discrete sequences,
usually expressed as sym N . The waveform of coif wavelet is approximately symmetric,
and it does not have specific expressions and wavelet bases. The vibration signals col-
lected in this paper are discrete signals and have characteristics such as nonlinearity and
non-smoothness. For the research carried out in this paper, wavelet basis functions with
orthogonality and symmetry are required, while wavelet basis functions with tight support
can reduce computational effort and avoid signal distortion. Symlets wavelets established
on the basis of multi-sampling rate filters and multi-resolution analysis theory have better
orthogonality, symmetry and tight support, and can perform noise reduction on acceler-
ation signals in soft threshold mode, and for acceleration signal processing experiments
prove that symlets wavelet family basis functions have good noise reduction effect on vi-
bration signals, and we finally choose symlets wavelet family as the basis function in soft
thresholding mode and choose the thresholding rule with it by experiment.

Figure 9. Empirical Bayes Threshold Rule

Figure 10. False Discovery Rate Threshold Rule

The threshold rules paired with Figure 9 and Figure 10 are Empirical Bayes and False
Discovery Rate, and the threshold rule paired with Figure 11 is Stein’s Unbiased Risk
Estimate. From the comparison of the time domain plots before and after the original
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Figure 11. Stein’s Unbiased Risk Estimate Threshold Rule

signal denoising, it can be seen that Figure 9 and Figure 10 can reduce the interference
signal of the invalid fragment, but for the effective The signal of the effective fragment
is too much reduced. After the threshold noise reduction with Stein’s Unbiased Risk
Estimate, the effective signal is fully retained and the rest of the noise is filtered out,
which is good and meets the noise reduction purpose.

5. Wu’s shallow needle technique feature extraction.

5.1. Wavelet pyramid based algorithm for vibration signal feature extraction.
Because of the high similarity of the three techniques, it is crucial that the same operator
operates the three techniques so that their energies show a regular distribution, but it is
inevitable that the three techniques also have a high similarity. Therefore, we investigate
the relative deviation of the frequency energy distribution to distinguish and evaluate
the accuracy of the operators. As shown in Figure 12, the energy signal of the lower
interference signal has been obtained, and the signal is decomposed into 9 layers by
pyramid decomposition.

The signal is decomposed into 9 layers, and the wavelet coefficients of each layer are
obtained. The larger the square of the coefficients, the greater the energy of that frequency
band, and the energy of different layers can be calculated according to Formula (18).

E d(k)=
∑
i=1

∣∣C d(k)(i)
∣∣2 (18)

The total energy of the signal Et is the sum of the energy of each layer.

E t =
9∑

k=1

E d(k) (19)

The energy Ed(k) of the different layers divided by the total energy Et is equal to the
ratio of the energy of the signal in the different frequency bands.

P
[
E d(k)

]
=

[
E d(k)
E t

]
(20)

AS shown in Figure 13,the vibration signals of the three maneuvers were divided and the
energy distribution of the different maneuvers was obtained after calculation by Formula
(18), Formula (19) and Formula (20). Calculate the energy distribution of each layer
after the pyramidal decomposition of the vibration signals of different maneuvers, and get
Table 2.
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Figure 12. Level 1 to 9 diagram

Figure 13. Energy distribution map

5.2. EMD-based sample entropy feature extraction for vibration signals. The
EMD decomposition of the vibration signal after noise reduction, the decomposition of
the three maneuvers is shown in Figure 14. The correlation coefficients of individual IMF
components and the original signal are calculated, and the correlation coefficient screening
threshold is set to 0.1, and the calculation results are shown in Figure 15. It can be seen
from Figure 15 that the effective modal components of the tonic method are IMF1-IMF3,
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Table 2. Frequenc energy distribution of each layer after decomposition
of Pyramid by different techniques

Sample

number

Energy share per layer(%)

level1 level2 level3 level4 level5 level6 level7 level8 level9

Patch

therapy

3 49.37 24.58 11.09 9.51 4.05 0.57 0.11 0.05 0.06

4 62.78 20.16 7.50 5.75 2.99 0.49 0.15 0.02 0.04

5 59.50 19.69 9.09 6.35 4.10 0.69 0.09 0.01 0.03

Average

therapy

50 38.23 31.09 10.41 10.29 7.38 1.64 0.63 0.10 0.03

51 38.36 27.02 12.95 12.99 6.92 1.16 0.33 0.05 0.08

52 35.19 29.97 13.21 12.09 7.67 1.27 0.37 0.05 0.04

Vent

therapy

81 41.07 27.08 10.78 8.11 8.27 2.95 0.83 0.15 0.17

82 42.66 22.48 9.85 9.08 8.53 3.88 1.69 0.18 0.07

83 53.52 24.71 7.12 6.23 5.06 1.47 0.77 0.13 0.24

the effective modal components of the flat tonic and flat diarrhea method are IMF1-IMF3,
and the effective modal components of the drain method are IMF1-IMF3, so the feature
set for constructing the input classifier is the sample entropy of IMF1-IMF3, and the
sample entropy feature values of different techniques are calculated as in Table 3.

Figure 14. Vibration signal EMD decomposition results

The sample entropy of the effective components of the three maneuvers was calculated
to obtain Table 3.

60 sets of samples are randomly selected as the training set, i.e., 20 sets of each maneuver
are randomly selected, and the remaining samples are used as the test set. CV-SVM was
used for pattern recognition of the samples, and after the samples were input into CV-
SVM, the classification results are shown in Figure 16. Labels 1, 2, and 3 represent the
tonic method, the flat tonic and flat drain method, and the drain method, respectively.
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Figure 15. Correlation coefficients of IMF components of different mode signals

Table 3. Signal EMD sample entropy characteristics in different modes

Manipulation mode Sample number
Sample entropy component

IMF1 IMF2 IMF3

Patch therapy

3 0.1665 0.1257 0.1067

4 0.1760 0.1175 0.0889

5 0.1715 0.1432 0.0814

Average patch and vent therapy

50 0.3847 0.2854 0.1634

51 0.2898 0.1894 0.1426

52 0.3306 0.2118 0.1298

Vent therapy

81 0.2559 0.2241 0.1545

82 0.2561 0.1584 0.0996

83 0.2412 0.1693 0.1056

As seen from the figure, the recognition rate reaches 78 % after the signal EMD sample
entropy and the energy distribution after Pyramid decomposition are input into CV-SVM
as feature values. To avoid the chance of the existence of one recognition, 30 trials were
conducted with the same method, and the average recognition rate of the obtained results
is 76

6. Conclusion. In order to investigate the differences in the mechanisms of the three
techniques of “ Wu’s shallow needle technique”, namely, the tonic method, the laxative
method and the flat tonic and flat laxative method. The theoretical part of wavelet
analysis applicable to this signal is studied, and the type of wavelet and the method of
noise reduction are selected through experiments. Among the methods that can analyze
the characteristics of vibration signals, the pyramid algorithm is selected as the main
method for feature differentiation by comparing the methods in the relevant literature. In
this paper, modern information acquisition techniques and analysis methods are used to
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Figure 16. EMD sample entropy, pyramidal decomposition energy ac-
counted for bits to solicit CV-SVM classification results

complete the research experiments. Based on MATLAB platform, the wavelet threshold
noise reduction is applied, and then the pyramid algorithm is used to split the signal
data into 9 frequency bands, extract the energy share of each band, and obtain the
sample entropy of IMF components with correlation coefficient greater than 0.1 with the
original signal through EMD decomposition, and construct the feature set by combining
the energy share and sample entropy. The average recognition rate is 76% after inputting
the energy share and sample entropy into CV-SVM, which has engineering application
value. There are many aspects of this thesis that need further improvement and research.
As a medical treatment evolved from ancient acupuncture, the shallow needle itself is
worthy of our continuous research and development, but the shallow needle is not widely
used in China at present, and the research of the shallow needle needs more domestic and
foreign research scholars, medical personnel to participate.
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