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ABSTRACT

Sparse decomposition has been generally emphasized in signal processing theory. In this paper, a non-
electrical signal feature dataset of key components of high-voltage DC converter valve is established
by using principal component analysis to streamline the data volume. The compression-aware feature
extraction algorithm based on polynomial matrix sparse coding is used to extract and collect the non-
electrical signal parametric data. Through the performance over the experimental signal analysis, it
can be known that the eigenvalues of a total of 10 parameters, including the infrared temperature
measurement results, the appearance, the presence of corrosion or dirt, and the presence of abnormal
vibration and sound, are all greater than 1. Therefore, these 10 parameters are identified as the key
parameters. When the number of measurement points is between 64 and 200, the algorithm in this
paper can satisfy the need of feature extraction when the signal length is insufficient, compared with
the traditional approach. In the empirical analysis of the vibration signal as an example, the method of
this paper can effectively extract the frequency and time domain of the vibration signal.

Keywords: sparse coding, polynomial matrix, non-electrical signals, key components, feature
extraction

1. Introduction

In the process of global energy transition and power infrastructure modernization, high-voltage direct
current (HVDC) transmission technology has become an important technical means for building smart
grids due to its excellent transmission efficiency, long-distance transmission capability, and powerful
grid interconnection [ 1-3]. With the increasing global demand for clean energy, the advantages of high-
voltage direct current transmission (HVDC) technology in long-distance transmission and cross-
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regional grid interconnection are particularly significant. Compared with traditional AC transmission,
HVDC technology can not only effectively reduce energy loss, but also improve the stability and
reliability of the power system, especially in large-scale renewable energy grid integration and cross-
country power transmission plays an irreplaceable role [4-7].

As the core facility to realize the mutual conversion of DC and AC in the power system, the converter
station reduces the energy loss in the high-voltage transmission process, and at the same time, ensures
that the AC generated by the power plant can be transmitted over long distances in the form of high-
efficiency DC, and finally converted back to the AC form required by the users [8-10]. In the technical
composition of the converter station, the valve control system is one of the core control units of the
whole converter station, which is responsible for accurately managing the working status of the
converter valves in order to realize the efficient conversion between DC and AC power, and its stability
is crucial for guaranteeing the safe operation of the power system [11-13].

Thyristor converter valve is the key equipment of DC power transmission system, and its reliability
is of great significance to the performance of the whole power system. Under normal operating
conditions, the stress environment of the thyristor in the converter valve is uniformly distributed and
the degree of change is not large, and the reliability of the high-voltage DC transmission converter
valve system can be directly assessed using data from engineering statistics [14-16]. However, in
special environments, due to the existence of parasitic capacitance parameters in the valve body, the
electrical and thermal stresses inside the converter valve will change, and the intensity of the stress
change will affect the failure rate of the key components, which in turn affects the reliability of the
entire high-voltage direct current transmission system [17-19]. Thyristor failure rate is the core
parameter for evaluating the reliability of the converter valve system and even the whole HVDC
transmission system [20]. Therefore, it is necessary to extract and analyze the non-electrical signal
characteristic parameters of these key components.

In order to realize the extraction of non-electrical signal feature parameters of key components of
high-voltage DC converter valve, this paper combines coefficient coding with polynomial observation
matrix to construct a compressed perception algorithm. Based on this, a feature extraction algorithm
for compressed sensing is proposed. Aiming at the main components of the converter valve, principal
component analysis is applied to select 10 principal component feature parameters, including infrared
temperature measurement results, appearance, the presence of corrosion or dirt, etc., to construct a
feature data set. The polynomial matrix sparse coding algorithm is compared with the traditional
method to judge the feasibility of the method in this paper. The N205M converter valve is taken as the
measured object, and the vibration signal is taken as an example to explore the effectiveness of signal
feature extraction.

2. Selection and dimensionality reduction of non-electrical signal
characteristic data of converter valve

2.1. Selection of non-electrical signal characterization parameters

The main components of the thyristor converter valve include the thyristor assembly, the valve cooling
assembly and the valve arrester in 3 parts, and each part is independent of each other. Each part
contains original data, operation data, maintenance test data and so on.

1) Thyristor assembly: The thyristor assembly consists of thyristor elements and their required
triggering, protection and monitoring circuits, damping circuits, reactors, etc. The thyristor assembly
is the main component of the converter valve. The thyristor assembly is the most basic functional unit
of the converter valve, which determines the converter valve's through-flow capability.

2) Valve cooling components: the main task of valve cooling components is to dissipate the heat loss
generated by the thyristor converter valve in all kinds of operating conditions, so that the temperature
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of the thyristor is maintained at a relatively low level, to ensure the reliability of the converter valve
operation, and at the same time, to improve the power transfer capability.

3) Valve arrester: The valve arrester is suspended from the outside of the valve tower by insulators.
Each single valve is equipped with a valve arrester to prevent excessive voltage on the converter valve.
The valve arrester is connected in parallel with each single valve through a flexible connection bus,
forming a flexible connection system. In this paper, on the basis of the State Grid enterprise standard
“Guidelines for evaluating the state of key elements of HVDC converter valves”, the key state quantities
of three components are selected, and the influence of environmental factors on the operation of
converter valves is also taken into account, so that a total of 19 non-electrical signal characteristics are
selected, i.e., 19 characteristic indexes, which are represented by X =(i=1,2,...,19). Among the above
19 state quantities, some of them can be obtained by monitoring, while others need to be scored and
quantified by testing or visual inspection.

2.2. Non-electrical Signal Characteristic Parameter Matrix Establishment

The parameters in the basic index system for condition evaluation of key components of high-voltage
DC converter valves are very complex, and there are many judgment conditions that can be selected,
so how to select judgment conditions is very important for the reliability of the condition evaluation
results. Generally speaking, the principle of comprehensiveness, importance and practicability should
be considered when selecting the key index criteria. The principle of comprehensiveness means that
the selected criteria can reflect the basic attributes of each basic state parameter in a more
comprehensive way, so as to achieve the goal of using the key parameters to characterize all the basic
parameters. The principle of importance means that the more critical covariates should be ranked
according to their importance. Practicality means that it is easier to obtain the basic parameters in
engineering practice for evaluation. Aiming at the shortcomings of the large storage capacity of feature
data in the key components of the high-voltage DC converter valve, the principal component analysis
method is used to reduce the dimensionality of the features, and the non-electrical signal feature data
set of the key components of the high-voltage DC converter valve is constructed.

In this paper, five judgments are selected for key indicator parameter analysis. Different types of
converter valves have different state parameters to produce different changes, the data as the first
criterion. In the high-voltage direct current converter valve key components factory test experiments
and quota data can also be used as a criterion. As the important reference documents in operation and
maintenance of HVDC transmission projects, the HVDC converter valve condition maintenance
guideline and HVDC converter valve condition evaluation guideline are also of guiding value for the
selection of key condition parameters. In addition, the real-time monitoring data of the converter valve
during the operation of the key components of the converter valve as an important part of the
condition evaluation is also one of the criteria for the key parameters. Summarize the types of criteria
as shown in Table 1.
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Table 1. The selection criterion of key parameter index system of thyristor

Array element Meaning
P1 The percentage of the parameters in the data statistics of the past years
The existence of the parameter in the transmission of the pressure dc transmission flow valve is
P2 indicated that the existence of the parameter is not present
Pa The existence of the parameter in the direction of the pressure dc transmission flow valve is
indicated that the existence of the parameter is not present
Py The existence of the factory test and the quota information is said to be that the existence of 0 is not
present
Ps The existence of this parameter in real-time monitoring data indicates that the existence of 0 is not
present

2.3.  Non-electrical signal base indicator system

According to the above established high-voltage DC converter valve key component characteristic
parameters of the basic index system and the listed criterion matrix to establish the basic index
criterion matrix, the basic index system is shown in Table 2.

Table 2. The matrix of the base index of the aging state of the thyristor

Classification State quantity P1 P2 | P3| P4+ | Ps
X1 Appearance Appearance 662% | 1 | 1|0 |1
X2 Thermal resistance and impedance 902% | 1 | 1 |0 | 1
X3 Thermal stress and Temperature change 212% | 1|10 |0 | O
X4 mechanical stress Shock test 02% |1 |1 |01
X5 test Salt fog test 362% | 0 | O | O | 1
X6 High temperature storage test 212% | 0 | 1 | O | O
X7 ] There is rust or dirt 367% |1 |0 | 1|1

Inspection - - -

X8 ) . There is an abnormal vibration and harmony 304% | 1|1 |11

information
X9 Infrared temperature measurement 913% | 0 | 1 | 1 | 1
X10 Control unit function 401% | 1| 0| 0 | 1
X11 Failure check Reverse recovery phase protection unit function 332% |1 1|10
X12 information Control component appearance 102% | 0 |1 |1 |1
X13 Mechanical pressure of thyristor 46% | 0| 1|0 |1
X14 Overhaul 95% | 1 (1|01

Overhaul record - —

X15 Defective condition 512% | 1 |1 |0 | O
X16 Valve room temperature 998% | 0 | 0 | 1 | 1
X17 Operating Valve room humidity 413% | 0| 0 | 0 | 1
X18 environment Valve hall electromagnetic interference 02% | 0| 0|10
X19 Operating electrical conditions 893% |1 |1 |1 |0

The correlation coefficient matrix R of the criterion matrix was calculated using SAS software as
shown in Figure 1. The table contains the eigenvalue, variance contribution rate and cumulative
variance contribution rate of each base state parameter. According to the two principles that the
eigenvalue of the base state parameter is greater than 1, and the cumulative variance contribution rate
of each principal factor is more than 0.85, it can be seen that the eigenvalue of these four principal
factors is greater than 1 when the first four factors are used as the principal factors and their
cumulative variance contribution rate reaches 0.95, which is greater than the 0.85 requirement. That
is to say, it is considered that these four main factors have the ability to characterize all the basic
parameters and their ability to explain the original basic index system is strong enough.
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Fig. 1. The contribution rate of the main cause
The eigenvalues and contributions of the main factors are shown in Table 3.

Table 3. The main cause of the child eigenvalue and the contribution rate

Factor Eigenvalue Variance contribution(%) Cumulative variance contribution(%)
3.62 50.2% 50.2%
2 2.12 20.3% 70.5%
3 1.74 13.0% 83.5%
4 1.06 12.0% 95.5%
5 0.17 4.5% 100.0%
6 0 0% 100.0%

The first four factors as the main factor, the original base index criterion to take the variance
maximization method to rotate the matrix, so as to have the factor score matrix as shown in Table 4.

Table 4. The main cause of the child score

Factor
1 2 3 4
D1 0.6672 -0.2179 0.6748 0.2763
D2 0.8715 0.15095 -0.3847 0.1225
D3 0.9124 0.0162 -0.2163 0.2578
D4 -0.2879 0.9224 0.1524 0.2618
Ds 0.7223 0.3748 0.1742 -0.5776

A scatter plot can be made for each base indicator covariate expressed using three principal factors
as shown in Figure 2, where X1-X19 denote the serial numbers of each base covariate.
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Fig. 2. Each basic parametric scatter diagram

The composite score of each basic indicator according to the above four main factors can be
calculated, as shown in Table 5. In the table of factor scores and composite scores, there is a part of the
factor in a judgment under the score or the composite score is negative, here the positive and negative
does not have practical significance, but indicates the relative degree with the average level, the
positive number indicates that in the main factor of the interpretation of all the basic parameters of
the system in the average level, while the negative number indicates that in the average level below.

Table 5. The basic parameters score for the main cause

Factorl Factor2 Factor3 Factor4 Comprehensive score
X9 0.5170 1.944 0.9725 0.7573 1.7122
X1 0.6624 1.0425 0.9245 0.8712 1.6241
X19 0.6422 1.6427 -1.1748 0.9528 1.4857
X7 0.8412 -0.0457 0.8122 0.9975 1.3826
X16 -0.9823 2.5842 -1.2123 1.0426 1.3744
X8 0.8677 -0.2536 0.7771 1.0203 1.3628
X10 0.6312 -0.1189 -1.3224 1.5147 1.2010
X11 0.6693 -0.4225 -1.3526 1.2234 1.1647
X17 -1.8475 0.2745 -1.5426 1.8975 1.0853
X12 0.8092 -1.3026 -1.4328 1.3028 1.0126
X2 1.0526 2.2236 1.115 -1.6254 -0.3526
X14 0.8002 2.3316 -0.9925 -1.4628 -0.5262
X5 -1.1032 0.5823 0.7132 -0.6125 -0.7285
X15 1.0845 0.5863 -1.1526 -1.238 -0.7885
X3 1.5723 -1.0945 0.8224 -1.235 -0.9526
X13 1.3625 -1.1722 -1.3122 -1.0516 -1.0526
X2 -1.2024 -0.2124 -1.4677 -0.3824 -1.0845
X5 -1.2024 -0.2124 -1.4677 -0.3824 -1.0845
X18 -1.0845 -0.9638 -1.5248 -0.2824 -1.1849

Analyzing the data, we can find that not all data elements are necessary, they are often full of
redundancy and noise. We can only find the most important elements in the original data, we can use
these components to approximate the original data to achieve the purpose of data dimensionality
reduction.The mathematical principle of PCA is to use a set of orthogonal bases to describe the original
data space, which is required to be as small as possible and can maximize the approximation of all the
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data in the original space. In other words, the most important principal elements are found and data
redundancy is removed to the greatest extent possible. The combined scores of each base parameter
are shown in Figure 3. A total of 10 basic parameters, including infrared temperature measurement
results, appearance, the presence of corrosion or dirt, and the presence of abnormal vibration and
sound, which have positive scores, are selected to be constructed as the key index system for evaluating
the condition performance of key components of the high-voltage direct current (HVDC) converter
valve.
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Fig. 3. Basic index parameter composite score
3. Feature extraction for polynomial matrix sparse coding algorithms

3.1. Mathematical description of sparse coding

Sparse representation, proposed in the 1990s, laid the foundation for the study of sparse coding theory,
which has been developing rapidly since then, and has been widely used in signal processing fields
such as image compression, denoising, and feature extraction. In addition, sparse representation
theory is particularly important in the field of artificial intelligence. The theory gives an effective way
from machine intelligence to artificial intelligence.

The concept of sparse coding originates from the study of optic neural networks, which is a
representation of neural networks with multidimensional data in which only a small number of
neurons are active at the same time. Biological experiments have shown that the processing of external
stimuli in the optic cortex adopts the principle of neural sparse representation, which both provides a
simple representation of complex and redundant information and facilitates the extraction of the most
essential features of the stimulus by the upper sensory nerves.

The basic principle of sparse representation: based on the overcomplete dictionary, seeking to
express the original information as much as possible with as few atoms as possible in the transform
domain, in short, representing complex signals in the simplest way possible, this is sparse
representation. For a signal, viewed as a vector in a finite-dimensional vector space, a signal is strictly
sparse if only N sample points have non-zero values and all other sample points are zero, and the signal
can be called a sparse signal. Even though some signals are not sparse in the current domain of
expression, it is possible to sparsely represent them by transforming them to the appropriate domain
of expression, e.g., a sinusoidal signal, which is not sparse in the time domain, is very sparse in the
frequency domain after Fourier transform.
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Mathematically speaking, sparse coding is currently assumed to be a representation of a linear
decomposition of multidimensional signal data, and its mathematical description is very simple.

Suppose the input data Xz(xl,x2,~~~,xn )T is a n -dimensional random vector. Denote the linearly

. . T . . s
transformed m -dimensional vector by § =(sl,s2,~~,sm) , then the linear transformation matrix is

mxn-dimensional, denoted as M . The linear transformation representation is given as follows:
S =Mx (1)

M in the above equation is also known as the sparse transformation matrix, and each of its row
vectors is analogous to a wavelet basis in a wavelet transform; the linearly transformed sparse
component S satisfies the requirements of a sparse (super-Gaussian) distribution, and the vectors

(s,,sz,---,sk) are as independent of each other as possible.

The sparse coding model is able to represent the processes and characteristics of the simple cells of
the primary visual cortex that encode the images of external visual stimuli, and this dynamic mapping
and the issuing properties of the cells of the expressive layer lead to a sparse distribution of cellular
issuance. Since mammalian visual physiological processes are complex, when simulating the receptive
field properties of neurons in the primary visual system with sparse coding models. It is usually
necessary to set up the following assumptions:

1) The input data has a sparse (or super-Gaussian) structure.

2) The individual sparse coefficients are statistically independent of each other.
3) The sparse transform is a linear transform.

4) The basis functions are non-singular.

5) The sparse components and the noise signal are independent of each other.

3.2.  Principles of Polynomial Observation Matrix Construction

Polynomial deterministic matrices are a method of constructing deterministic observation matrices.
It has been used by many researchers because of its advantages of both determinism and sparsity. The
polynomial observation matrix is constructed as follows:

Step 1: 7 th order polynomial construction. Given a prime number p, a finite field of order p is
F =1{0,1,2... p—1},ifany given naturalnumber », 0<r< p, p, denotethesetofpolynomials Q(x)

whose highest number is not greater than r:
Ox)=ay+ax+...+ax (2)

1

where Q(x) has coefficient g, € F,and as coefficient o, variesthereare p"™" polynomials of order

less than or equal to . Each polynomial can construct a column of the observation matrix, so the
observation matrix can contain up to p"*' columns.

Step 2: Observe the column construction method of the matrix. For each polynomial Q(x), first
definea pxp zeromatrix E thatmaps the value of 0 atthe Q(x)th position (x,0(x)) ofthe xth
column in the matrix E to 1. The mapped matrix is then stacked column-wise intoa M x1 column
vector where M = p*.

+1

Following step 1 polynomial coefficient variation produces p"" different column vectors, and
following step 2 each column vector has dimension p° x1, so the maximum capacity of the composed
observation matrixis p’x p"'.

Polynomial Matrix Generation and Observation Matrix Construction Methods, given the prime
number p and the highestnumber r,the polynomial matrix can be uniquely determined, and since
the polynomial matrix formula of pxp contains only 1 non-zero element per column and p non-
zero elements per matrix, the observation array of p’>x N which it is constructed also has only p
non-zero values of 1 out of the p* elements of each column, and all the other matrix elements have

values of 0, i.e., the observation matrix is sparse. Moreover, the sparse value positions are determined
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after the construction columns of the observation array are selected. Compared with random matrices,
such matrices not only have low computational complexity for observation and reconstruction, but
also the certainty of their elements is more favorable for hardware implementation.

3.3.  Compression perception based on polynomial matrix sparse coding algorithm

If the N long signal s is time domain % sparse, i.e, s contains only %4 non-zero values
(N O k) , then the signal s can be compression-aware to realize both sampling and compression. On
the other hand, if N the long signal f is sparse under some transform domain ¥, the signal f
satisfies the requirement of signal compressibility. The process of compression perception is divided
into the following three steps:

1) Sparse Transform. By means of a suitable sparse transform, a compressible signal f is converted
into a sparse representation s in the transform domain ¥ . Let the signal f e R", with basis vector
@, (i=1,2,...,N), be the decomposition transform of f:

N
f=2500rf=¥s (3)
i=1
If the transform coefficients s decay exponentially and converge to zero after sorting from large to
small under the transform domain ¥, the signal f can be considered as compressible,and s isa
sparse representation of f over the sparse domain W . The sparse representation of the signal is a
necessary condition for compressed perception.
2) Signal observation. Design a M x N(M 0 N) -dimensional observation matrix @ that is
uncorrelated with the sparse transformation basis W to observe the signal f andobtainan M x1
-dimensional observation vector y.The compression observation projects the compressible signal
/ onto the MxN(MU N) observation matrix @ that is uncorrelated with the sparse
transformation matrix:

y=0f (4)

The M x1 observation vector y containing the necessary information of f reduces the
representation of the observation object from N to M dimensions, a process that simultaneously
realizes the perception and compression of the signal. More particularly, since the observation is non-
adaptive, the choice of the observation matrix ® does not depend on the signal £, thus the system
is able to realize the sampling of arbitrarily sparse signals with the same observation matrix.
Considering further the sparse transform ¥ performed on the compressible signal f', Eq. (4) can
be expressed as:

y=0f =0O¥Ys=0s (5)
0 =0Y (6)

where s isavectorof Nxl and ® isa M xN composite matrix. For a compressible signal f,
if the observation matrix ® is uncorrelated with the sparse basis ¥, then ® =®¥ the RIP
property is satisfied to a large extent.

The colored squares of s denote non-zero value locations and the blank cells denote signal values
0. The observation vector y isthe projection of the sparse signal s onto the matrix ® so thatthe
less correlation there is between the column vectors of ® the more information about the signal s
is retained by y the signal.
3) Estimation reconstruction. Reconstruction of the original signal from an M x1 -dimensional
observation vector. The reconstruction of a signal requires solving the original signal s oflength N
from an M long observation vector y and the reconstruction can be described as a problem of
minimizing the number of /, paradigms:
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(E))min ‘I’|s0| st.y=DW¥s (7)

The [, paradigm of a signal denotes the number of nonzero elements of the signal.

The solution of the P, problem is an NP problem, and in order to avoid traversing all Cfé possible

sparse combinations of positions of the original signal s when reconstructing it with » , the

solution is based on a fast optimization strategy. Its typical fast approximation solution is the matched
tracking (MP) family of algorithms.
It can be shown that, under the RIP condition constraints, the optimal /, paradigm instead of the

[
obeying the independently and identically distributed Gaussian observables M >c-k-logN/k:

, optimal paradigm can accurately reconstruct the & sparse vectors with high probability when

(R)min¥|s,| s.t.y=DdWs (8)

3.4. Compression-aware feature extraction

Among the feature extraction algorithms based on compressed sensing, the OMP algorithm is widely
used because of its fast convergence speed, simple principle and easy implementation, and it is also
one of the important feature extraction algorithms in the wireless channel feature extraction
technology. The OMP algorithm is based on the improvement of the matched tracking algorithm, and
the two adopt the same method of selecting atoms, which is to select the atom that matches with the
observed signal or iterative residuals the best atom at the time. The innovation of the OMP algorithm
is that it adds the step of Schmidt orthogonalization of the selected atoms, which projects the signal
onto the space formed by the orthogonalized atoms in order to obtain the projected and residual
components, which ensures that the selection of the atoms is not repeated, and thus guarantees the
validity of the iterations. As the number of iterations increases, the residual component decreases and
the original signal can be approximated with high accuracy using only a limited number of atoms. This
orthogonalization speeds up the convergence of the algorithm and improves the reconstruction
quality of the signal, which can be accurately represented by a sufficiently small number of atoms.
The main steps of the OMP algorithm are described below:

1) Initialization. Approximation coefficient Yo =0, residuals 1, =y, candidate atom index set [, = ¢,
number of iterations £ =0.

2) Search for matching atoms. k = k +1, search for the atom most relevant to the residual and add the
corresponding index to the candidate atom index set 7, .

3) Update decomposition coefficients and residuals. For the new candidate atom index set 7,
calculate the new decomposition coefficients and new residuals.
4) Judge whether the stopping condition (k > K) is satisfied. If the stopping condition is not satisfied,

return to step (2), if the stopping condition is satisfied, output the sparse approximation signal X of
x, i.e., the sparse feature vector.

The core idea of the OMP algorithm is that in the case of the predicted sparsity K, in the iterative
process, the atom in the measurement matrix that is most relevant to the observed signal or iterative
residuals, i.e., the one with the largest absolute value of the inner product, is added to the atom set,
and its corresponding index value, i.e., the column number, is added to the support set, and the atom
set and the support set are continuously expanded in many iterations to estimate the reconstructed
value of the signal until the stop condition is satisfied at the end of the algorithm.
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4. Analysis of feature extraction results

4.1. Comparative analysis of model performance

In the data acquisition process of 10 non-electrical signal parameters constructed for the key
components of the high-voltage DC converter valve, the N value represents the length of each segment
of information and the M value represents the number of measurement points under sampling. When
the N is constant and the M value decreases, the data represent the same length of information, the
number of measurement points decreases, and the average sampling frequency decreases with M
decreasing. When the value of M is constant and the value of N increases, the number of measurement
points remains constant, the data represents an increase in the length of the message, and the average
sampling frequency decreases as N increases.

The feature extraction and pattern recognition are carried out respectively on the data of different
lengths obtained by the two sampling methods, the data length ranges from 32 to 800 points, and the
recognition rate is calculated at an interval of 4 data points each, and the results obtained are shown
in Fig. 4. According to the figure, it can be seen that as the data length decreases to a certain extent,
after a certain degree, the statistical feature quantity as a feature parameter will not be able to
completely express the characteristics of a signal, the feature extraction effect will be greatly reduced,
and the recognition rate begins to decline significantly. When the number of measurement points is
between 200 and 770, the compressed perceptual feature extraction algorithm is basically the same
as the traditional method, at about 95%. When the number of measurement points is between 64 and
200, the length of the signal obtained by the traditional sampling method cannot meet the needs of
feature extraction, and the length of the data collected by applying the polynomial matrix sparse
coding based compressed perceptual feature extraction method carries more information, and its
feature recognition rate is higher than that of the traditional sampling method, which is basically the
same as that of the previous recognition rate. When the data length is reduced to 0-32 points, the
recognition rate obtained by the polynomial matrix sparse coding algorithm also gradually starts to
decrease due to the insufficient amount of information, and the recognition rate obtained by the
traditional method still continues to decrease. It shows that the application of compressed perceptual
feature extraction algorithm can realize the recognition task with fewer sampling points.

1.00

® Methods of this article
Traditional method

Fault identification rate

T T T T T T T T
0 100 200 300 400 500 600 700 800
Sampling point/N

Fig. 4. Fault identification rate of two methods

In order to further verify the advantages of the compressed perceptual feature extraction algorithm,
a longitudinal comparison is made, and the effects of different information lengths N on the
recognition rate are shown in Table 6 when the number of measurement points M is determined. When
the traditional sampling method is used to collect data and the number of measurement points is 64,
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the recognition rate is only about 80% because the signal length is not enough to express the features
accurately. When the data is collected using the compressed perceptual feature extraction algorithm,
when the number of measurement points is also 64, the recognition rate is approximately the same as
that obtained using the ordinary collection method, indicating that no matter which sampling method
is used, the information can not be extracted sufficiently when the length of the information is
insufficient. As the information length grows, within a certain compression ratio, the number of
measurement points remains constant, and the recognition rate gradually increases as the value of N
gradually increases, and the final recognition rate increases to about 93%. with the value of M
unchanged, the sampling time of the same information length gradually extends as the value of N
increases, and the average sampling rate over a period of time gradually decreases, indicating that the
application of the compression-aware feature extraction method based on multi-polynomial matrix
sparse coding can effectively reduce the number of features to achieve the task of feature extraction,
and the average sampling rate over a period of time decreases. realizing the feature extraction task can
effectively reduce the average sampling rate.

Table 6. Comparison of fault identification rate distribution

Measurement point Sample | Training sample | Testsample | Identification sample | Recognition rate
64 500 250 250 198 79.2%
Traditional method | 64 500 250 250 204 81.6%
80 500 250 250 206 82.4%
96 500 250 250 213 85.2%
128 500 250 250 231 92.4%
256 500 250 250 231 92.4%
This method 320 500 250 250 235 94.0%
384 500 250 250 234 93.6%
512 500 250 250 232 92.8%
768 500 250 250 232 92.8%

4.2. Experimental signal analysis of the converter valve

In order to further verify the applicability of the proposed dataset construction method and the
effectiveness of the compression domain feature extraction method, the measured polynomial matrix
sparse coding algorithm commutator valve signals adopted are compressed and feature extracted. The
N205M converter valve is taken as the test object and experiments are carried out on the experimental
bench.

Taking the vibration signal as an example, the signal with a time length of 1s is intercepted from the
acquired vibration signal for analysis, and the time domain waveform and frequency spectrum of the
obtained signal are shown in Figure 5, with Figure (a) as the time domain and Figure (b) as the
frequency. As can be seen from the figure, the time-domain signal has no obvious shock component
due to strong noise interference, and there is no obvious resonance peak in the frequency spectrum.
Therefore, the compressed perception algorithm based on polynomial matrix sparse coding can
effectively extract signal features.
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Fig. 5. The time domain and spectrum of vibrating signals
5. Conclusion

In order to extract the feature data of non-electrical signal key parameters of the key elements of the
high-voltage DC converter valve, this thesis proposes a compressed feature perception algorithm
based on polynomial matrix sparse coding. As shown by experimental data, a data set containing 10
state parameters is established by comprehensively considering various types of parameters affecting
the aging state of the key element of the converter valve. When the number of measurement points is
between 64 and 200, the polynomial matrix sparse coding compressed feature perception algorithm
constructed by this method has a higher recognition rate than the traditional method, and completes
the feature extraction task with fewer sampling points. With the number of measurement points
determined, the final recognition rate of this paper's algorithm reaches about 93% as the value of
information length gradually increases. Empirical analysis with the collected vibration signals reveals
that the time-domain signal of the N205M converter valve has no obvious shock components, and
there are no obvious resonance peaks in the frequency spectrum.
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