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ABSTRACT

As the core equipment of high-voltage direct current transmission system, the operation status of the
converter valve directly affects the safety of the power grid. In this paper, we first construct a multi-
source data fusion system to realize the error-free fusion of fault information parameters. Then,
combined with the random forest algorithm, the time-varying law of the electrical characteristics of
the converter valve based on harmonic theory is extracted. Finally, the collected time-varying laws of
electrical characteristics are input into the constructed Random Forest particle swarm optimization
model, and the trained model is used to monitor the status of the converter valve. In the simulation
experiment, the +800kV UHV DC transmission system is built by PSCAD/EMTDC software, from which
the current waveforms are collected when the converter valve fails, the time domain features of the
current are extracted, and the obtained converter feature indicators are selected using the Random
Forest algorithm, and 10 important features will be finally identified to construct the converter valve
feature indicator set, and input into the Random Forest Particle Swarm Optimization model and the
other comparative models for training and testing. The accuracy of this model is 97.5%, which is better
than other comparative models. The study provides a high-precision solution for converter valve
condition monitoring and effectively extends the application of multi-source data fusion in power
equipment.
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1. Introduction

Currently, flexible DC transmission technology is widely used in the transmission of distributed energy
sources, interconnection between regional power grids, and power supply to urban centers. Flexible
DC transmission system generally adopts modular multilevel converter topology, and the number of
half-bridge power modules is as few as several hundred or as many as several thousand [1-3]. During
long-term operation, the voltage and current of the power modules change leading to aging of
individual components. This aging to failure is parametric failure, also known as soft failure. At present,
the monitoring function of the flexible DC transmission converter valve is less, and generally can only
provide simple information such as the voltage, status word and fault word of the power module [4-
7].

Flexible DC transmission converter valve consists of thousands of power sub-modules, each of which
needs to be controlled independently, so the characterization data of the operating state of the flexible
DC transmission converter valve is huge and complicated to analyze and process [8-9]. Currently, the
state monitoring function of the flexible DC transmission converter valve is only limited to the
detection and processing of the sub-module capacitance and IGBT (Insulate-Gate Bipolar Transistor)
after the failure, as well as the leakage monitoring of the valve tower, and it does not have the
monitoring function of the rest of the key components of the valve assembly, especially for the lack of
on-line analyzing means of the sub-module in the operation [10-12]. The data acquisition, data
analysis and processing, fault characterization, data caching, human-machine exchange, etc. of the
operating parameters of the converter valve are very urgent in the electrical field, so it is necessary to
carry out in-depth research [13-15].

How to timely and effectively find the various faults and hidden dangers of the equipment, such as
the temperature, pressure, torque, and small leakage current of the key components of the converter
valve, and the non-normal operation status of the cooling pipe leakage of the valve tower, to provide a
reliable basis for analyzing and judging of the converter valve operators, and to avoid accidents from
occurring or expanding further, is an important topic that needs to be seriously researched and solved
at present [16-18]. Through the development of converter valve key components operating
temperature and other physical quantities online monitoring with embedded miniaturized low-power
intelligent sensors, so that the perfect integration into the converter valve, not only to ensure that the
miniature sensors work reliably, but also does not affect the performance of the existing converter
valve, is to achieve the converter valve operation reliability and safety enhancement is an important
way to achieve the converter valve, and at the same time for the eventual realization of the converter
valve intelligent condition maintenance to lay the foundation [19-21]. Converter valve is the core
equipment to complete the AC/DC energy conversion in DC transmission system, and its operation
status is related to the reliability of the whole DC project [22].

In this paper, the following steps are followed to carry out the condition monitoring of converter
valves in high-voltage direct current transmission systems. (1) A novel multi-source data fusion system
is designed with the support of random forest structurer. (2) When extracting the time-varying laws
of the electrical characteristics of the converter valve, the harmonic characteristics (i.e., the electrical
characteristics of the converter valve) are analyzed by integrating the time domain and wavelet
analysis, the features are downscaled based on the principal component analysis, and the features are
selected based on the Random Forest reordering of the importance. (3) Particle swarm algorithm is
used to optimize the number of decision trees and the minimum number of leaves of the random forest
to improve the classification accuracy of the random forest model for fault types. (4) Based on
PSCAD/EMTDC, +800kV UHV DC transmission system is constructed, and the effect of converter valve
state monitoring is judged by simulation test.
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2. Multi-source data fusion system design

The converter valve is an important device in DC transmission, and the converter valve includes gate
unit assembly, thyristor press-fit structure, damping resistor assembly, saturation reactor assembly,
damping capacitor assembly, cooling pipeline, DC equalizing resistor, and electrical connection
structure, etc., and there exists multi-source data [23]. It is very easy to produce obvious unexplained
scheduling coverage behavior among multi-source data, which leads to a rapid decline in the error-
free fusion capability of fault information parameters. In order to enhance the efficiency of converter
valve condition monitoring, the study designs a novel multi-source data fusion system with the
support of random forest structurer.

2.1. Hardware design of multi-source data fusion system

The hardware execution environment of the multi-source data fusion system consists of two parts: the
information management module and the multi-source fault analysis module.

2.1.1. Information management module. When the converter valve information is entered into the
data fusion system, the execution element must directly open the scheduling transfer processing of the
information parameter and transform the unstored data file into the form of fusion to be stored. In
order to make the system have strong fusion processing capability, the information management
module can maintain the query and inventory function of data parameters at the same time, and in the
case of ensuring the complete transmission of multiple sources, each scheduling node can directly
execute the agent application program that has been shaped and can establish the physical connection
with the system database under the role of random forest decision tree organization, so as to realize
the direct scheduling output of the stored information parameter, and reduce the number of The level
of unexplained coverage between multiple sources of data is accounted for.

2.1.2.  Multi-source fault analysis module. The multi-source fault analysis module and the system
information management module belong to the level hardware structure. Under the action of the fault
analysis host, the processor can divide all the input information into several equal structures equally,
and then fuse the temporary data parameters in the converter valve network to form a bundle of
information fluids, so as to ensure the smooth execution of the subsequent commands for the fusion
of multi-source fault data. In order to ensure the error-free fusion of the input information parameters,
the multi-source fault data in the converter valve network can be precisely adjusted to the
generalization error coefficients with the allocation of the decision tree training subset.

2.2.  Multi-source data fusion system software design

With the support of the relevant hardware execution structure, according to the processing flow of
base classifier construction, decision tree training set allocation, generalization error calculation, to
realize the improvement of the system software execution environment, combined with the hardware
design, to complete the design of Random Forest-based converter valve multi-source data fusion
system.

2.2.1. Base Classifiers for Random Forests. The base classifier of the fusion system based on random
forest takes the form of decision tree connection as shown in Fig. 1, which can be used to realize the
transmission and simplified processing of multi-source fault data of the converter valve in accordance
with the recursive analysis, and ultimately generates the inverted tree structure to shorten the spacing
of fusion implementation between neighboring nodes. The common base classifier decision tree
organization consists of head node, middle node, and tail node together (e.g., 0, 1, and 2 in Fig. 1), in
order to ensure the real-time scheduling and fusion of multi-source data, the 0 node usually represents
the decision tree organization structure connected with the management module, the 1 node, as an
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intermediate transmission unit, is often connected with the multi-source analysis module, and in the
case of the tail node maintaining a stable connection, the 2 node can directly reflect the converter valve
The final fusion result of the fault information data, thus providing the multi-source parameter
structure required for the construction of the decision tree training set samples.

4@% > o

Fig. 1. Structure of random forest based classifier

-

2.2.2. Decision Tree Training Set. The decision tree training set is a collection of multi-source fault
information data associated with a random forest, which is able to fully adapt to the basic execution
needs of random dispatch instructions and filter the information parameter structure that best meets
the system fusion criteria. If one system fusion cycle is taken as the established discriminative length
of the information data, the theoretical length criterion of the decision tree training set is only affected
by the commutator valve scheduling authority and the first connection of the multi-source fault
information characterization quantity. Converter valve scheduling authority is often expressed as ¢,
and throughout the data fusion cycle, it always maintains a relatively stable fluctuation trend. Multi-
source fault information characterization quantity is often expressed as y. Unlike other application
indexes, this physical quantity is not affected by other information parameters except the fusion time,
and has strong computational stability. Let 7 represent the standard length of one data fusion cycle
in the system, the theoretical length of the decision tree training set can be defined as:
y-log, (2=)
w

L — 7—.,2 min

(1)

where w,__ represents the maximum data transmission parameter difference associated with multi-
source fault information and w,, represents the minimum data transmission parameter difference
associated with multi-source fault information.

2.2.3. Fusion generalization error calculation. Generalization error is an application metric related
to the generalization response capability of random forests in a converter valve multi-source data
fusion system. In general, the smaller the real value of the generalization error, the better the learning
performance of the system, and vice versa, the worse the performance. Under the premise that the
distribution samples of the decision tree training set have been determined, the value of the system
fusion generalization error is directly affected by two physical quantities, namely, the number of
decision tree nodes and the multi-source distribution coefficient. The number of decision tree nodes
can be denoted as &, and this physical quantity always fluctuates between the upper and lower
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extremes under the effect of the random forest decision tree. The multi-source distribution coefficient
can be expressed as /. Usually, the actual value of this physical quantity is always less than 1, but the
physical ability to contribute to the final generalization error calculation results always remains
positive. With the support of the above physical quantity, the associative equation (1). The result of the
system fusion generalization error calculation can be expressed as:

€ 2
s= [P Lai 2
W Xk

In the formula, e, represents the lower limit fluctuation extreme value of the converter valve
scheduling information, e represents the upper limit fluctuation extreme value of the converter
valve scheduling information, and y represents the quantization coefficient of the power limit
disposition of the multi-source fault information data. So far, the establishment of various software
and hardware execution conditions is completed, and the smooth application of the converter valve
multi-source fault information data fusion system is realized under the support of random forest
decision tree.

3. Converter valve electrical characteristics time-varying law extraction and
selection

Based on the multi-source data fusion system constructed above, this chapter utilizes the system data
combined with the Random Forest algorithm to extract the time-varying laws of the electrical
characteristics of the converter valve.

3.1. Converter valve fault harmonic theory characteristics

Due to the nonlinearity of the converter, a large number of harmonics are generated during the
operation of the UHV DC transmission system, which causes the distortion of voltage and current in
the transmission system, and this distortion is a kind of “pollution” to the electric energy. The converter
is a harmonic current source for AC system, and it is also a harmonic voltage source for DC line. The
core of the converter is the converter valve, and the converter valve is the key equipment of the
converter, therefore, through the converter valve fault (valve error opening and valve does not open
the fault) harmonic characteristics of the converter valve electrical characteristics of the time-varying
law.

The voltage and current waveforms of the AC system are sinusoidal under ideal conditions and
satisfy the following expressions:

Uy = \/Esin(a)t +a) (3)
In the above equation: U is the rms value of the voltage. @ is the angular frequency. « is the
initial phase angle, where w=27f = 277[ However, in the actual operation of the grid, the voltage will

change due to the influence of the converter and other factors. The non-sinusoidal voltage u(wt) with
period T =27/ istransformed using Fourier and the results obtained are shown in expressions (4)
and (6):
Sf(ot)= 4, + Z(Am cos(nat) + B, sin(nat)) (4)
n=l

In the formula:
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Ay == [ Flond(on

A,y = %J‘:” f () cos(nawt)d(wt)

(5)
B, =+ [ @nsin(uond(er)
Via 0
n=1,23"
Or:
f(aot)= A4+ .C,, sin(not+g¢,,) (6)

Comparing equations (4) and (6) together, the coefficient relationship between the two is obtained
as in equation (7):

2 2
Cony =4y + B
A
-1 (n)
?,y = tan (—J
B, (7)
4,,=C,sing,,
B, =C,, sing,,

Or in the plural as:

. _ ip(n)
B,y + jAu, = Cie” (8)

In the Fourier series of Egs. (4) and (6), the frequency of the fundamental wave is 1/7. Making
wt =t +6, in Eq. (6) yields the following equation:

F(@+0) = Ay +3C, st +(10,+9,,) ©)

Comparing Eq. (6) with Eq. (9), it can be concluded that the amplitude of the dc component in
f(ot+6)) and f(wt), the amplitude of the fundamental wave and the amplitude of each of their
harmonics are equal in currents or voltages with frequency /', respectively. While the initial phase of
the fundamental and each harmonic of f(@t+6,) and f(®!) are increased by n6,(n=12,3---)
respectively.

3.2. Feature extraction

1) Based on time domain feature extraction. In this paper, 11 time-domain features are extracted
separately as inputs to the subsequently designed condition monitoring model. The extracted time-
domain features are peak-to-peak value, average value, mean square value, standard deviation, RMS
value, variance, peak factor, impulse factor, margin factor, crag factor, and skew factor of the current
[24].

The peak-to-peak value (X,,) is the difference between the maximum and minimum values of the
current signal, which indicates the range of signal variation, and the formula for the peak-to-peak value
is shown in equation (10):

xpp = xmax - xmin (10)
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The average value (x ) is the average value of the current signal in one cycle, and the formula for the
average value is shown in equation (11):

1 N
X=—) X 11
N2 (11)

The mean square value ( x, ) is the average value of the square of the current signal in one cycle, and
the formula for calculating the mean square value is shown in equation (12):

X _iif 12)
e N — i (

The RMS value (x,,,) is the open square of the rms value of the current signal, also called the root-
mean-square value, and the formula for calculating the RMS value is shown in equation (13):

X, = Lixz (13)
ms Nizl i

The standard deviation ( X, ) is the square of the difference between the current signal and its
average value in a cycle of the open square, the standard deviation of the formula shown in equation

(14):
xmse :1 %é('xi _f)z (14)

The variance ( ¥, ) describes the fluctuation range of the current signal and indicates the strength
of the AC component of the signal, i.e., the average power of the AC signal, and the formula for
calculating the variance is shown in equation (15):

N

2 (x-%) (15)

_ =l

xvar - . .
N-1
The peak factor (C, ) is the ratio of the maximum value of the current signal to the RMS value, which
indicates the extreme degree of the peak value of the current signal compared with the overall
waveform, and the formula for calculating the peak factor is shown in equation (16):

f = Xmax _ max(x,)

X N
rns \/lzxiZ (16)
N i=1

The pulse factor ({,) is the ratio of the maximum value of the current signal to the absolute mean
value, which indicates the impact nature of the current signal, and the formula for calculating the pulse
factor is shown in equation (17):

X Max(x;)

] — max —
S - N
x| 1 (17)
il X.
N;' /|

The margin factor (CL,) is the ratio of the peak value of the current signal to the square root
amplitude, which indicates the fullness of the current signal, and the calculation formula of the margin
factor is shown in equation (18):
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X
CL — xmax

1 ==
X, (]1\[2 e (18)

The crag factor ( K, ) is the ratio of the signal crag value and the fourth power of the root mean square
value, which indicates the degree of smoothness of the current waveform, and the formula for
calculating the crag factor is shown in equation (19):

N

1,
B N2

v x4 1 I
rms (\/Nzx12)4

i=1

(19)

The skewness factor (5,) is the ratio of the normalized 3rd order center distance and standard
deviation 3rd power, which indicates the crest distribution of the current waveform, and the formula
distribution of the skewness factor is shown in equation (20):

1Y,
Nzx"

i=1

S = (20)

( iix 2 )3
NG
where, B is the signal cliff value, X, isthe root mean square value of the signal, N is the number
of discrete signals, x; is the amplitude of the ith discrete signal, X, is the peak value of the
current signal, X.;, isthe minimum value of the currentsignal, |X| isthe absolute mean value of the
signal, X, isthe square rootamplitude of the signal, and x.(7) isthe sequence of the discrete signals
processed.

2) Based on wavelet packet energy feature extraction. Wavelet packet analysis can better analyze the
time-frequency localization of signals containing a large amount of low-frequency and high-frequency
information [25]. Therefore, in this paper, the wavelet packet transform is used to process the current
signal to realize the calculation of harmonic energy. Orthogonal wavelet packet bases are generated
from standard orthogonal scale parameters by means of two-scale difference equations. The
orthogonal wavelet packet basis is calculated as in equation (21) and the bi-orthogonal difference
equation is shown in equation (22):

W, (O=2""w,27t-k,neZ/Z",jkeZ) (21)

Wy, () =2 how, 2t~ k)

keZ

Wya (=2 gow, (2t~ k)

keZ

(22)

where 7,/,k denotes the position of the wavelet packet in the hierarchy, %, is the low-pass filter
and g, is the high-pass filter, respectively. The wavelet packet decomposition coefficients are
obtained from the projection of signal S(#) in the orthogonal wavelet basis space. The calculation is
shown in equation (23):

Coi =] SOW, (0t (23)

When the wavelet packet basis functions are a set of orthogonal bases, the wavelet packet transform
has the property of energy conservation. The wavelet packet energy at a single scale is the sum of the
squares of the wavelet packet coefficients at that scale. The calculation is shown in equation (24):
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2
Ej = Zklcn,j,k (24‘)

3.3.  Principal component analysis based feature dimensionality reduction

Principal Component Analysis (PCA) can be used to reduce the dimensionality of the features to reduce
the dimensionality of the network inputs, reduce data redundancy and improve the training efficiency
and speed of the model while retaining the classification accuracy of the features that can distinguish
between current signals of converter valve faults and those of normal operating conditions [26].

Setting the first 7 principal component in the orthogonal space with the eigenvalues ranked from
largest to smallest is ;,,,--.,),, then its cumulative variance contribution is obtained as shown in
equation (25):

k+l

2

P(m) = 2—x100% (25)
2
where, i=1,2,3,...n , n is the number of eigenvalues before dimensionality reduction.

k=1,2,3,...m, m isthe number of eigenvalues after dimensionality reduction After calculating the
cumulative variance contribution rate, it is required that the weight of the cumulative variance
contribution rate of several main components is large enough, and in this topic, the cumulative
variance contribution rate is set to 98%. That is, when ¢(m) >98%, it indicates that the matrix after
dimensionality reduction contains 98% of the original information. The first m principal
components are chosen to represent the information contained in the original signal and the new
feature matrix is constructed.

3.4. Feature selection based on random forest importance ranking

Features used in machine learning are rarely completely independent, making it difficult to interpret
the importance of features. Random Forest (RF) is a classifier that utilizes multiple decision trees to
train and predict samples. At each node of the tree, a decision tree is generated by randomly selecting
a few features from all the original features, calculating a splitting criterion based on the selected
features, and the feature with the best value is used to split the node [27]. Splitting the data in the
decision tree produces leaf nodes, which represent a class label and the path from the root node to the
leaf node represents a defined decision process. RF can calculate the relative importance of features
using out-of-bag error rate (OBB) and rank and filter the features to evaluate the importance of each
feature.

The input feature matrix is first computed for its Gini impurity, which is a measure of the likelihood
of misclassifying a new instance of a random variable, and is calculated as shown in (26):

IN=3 1A= =3 1-3 f=1-3 72 (26)

In the formula, /; indicates the proportion of samples belonging to a certain category. Taking the
converter valve detection as an example, there are two types of normal and faulty, so m =2. At this
time, /, indicates the proportion of normal samples and f, indicates the proportion of faulty
samples.

Through the formula (27), the Gini impurity of a feature on the decision tree /; —E(f) and the
Gini impurity of the decision tree without the feature /;_,;(f) are calculated as the reduction of the
Gini impurity of all the decision trees, and # isthe number of decision trees in the RF:

AIG"(f)=IG_NE(f)—-IG_E(f) (27)
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The MDI is the average of the Gini impurity reduction for all decision trees, and this value
quantitatively describes the effect of each feature on the random forest. N is the feature dimension.
The larger the MDI, the higher the classification accuracy of the features and the more stable the RF
model:

2 AIG"(f)

MDI = (28)

4. Condition monitoring modeling

Currently widely used in fault detection BP neural network has shortcomings such as slow
convergence speed and poor accuracy, so in order to solve the problem, this paper is based on the
random forest algorithm, and combined with the particle swarm algorithm to optimize the parameters
of the random forest, constructed random forest particle swarm optimization algorithm identifies the
status monitoring model of the faults of the converter valve.

4.1. Random Forest Particle Swarm Optimization Model for Fault Detection

Random Forest is a Bagging algorithm that uses decision trees as estimators, and he combines multiple
decision trees with the advantages of fewer parameters, less likely to be overfitted, and better
generalization ability. Unlike traditional decision trees, each division of the decision tree in Random
Forest does not use the feature set of the current node (assuming M feature), but randomly selects
a certain number (assuming 7 ) of feature subsets from the feature set of the node, and then selects
an optimal feature from the subset for division. In general, 7 is more appropriate to take log, M or
JM . Like the Bagging algorithm, the Random Forest algorithm also requires the use of a voting
strategy. The voting strategy is a method that follows the principle of majority rule, i.e., the results of
multiple weak classifiers are aggregated, and then the plurality of their classification categories is
taken as the final classification result to improve the model's generalization ability and classification
accuracy. The expression of the output result of random forest is (29):

R() =%Zyi (29)

where: L is the number of decision tree trees in the random forest, 7; is the output result of each
decision tree, and R(x) is the output result of the random forest.

When constructing the random forest algorithm model, the number of decision trees and the
minimum number of leaves are two important parameters to be determined. Generally speaking, the
more decision trees and the smaller minimum number of leaves can significantly improve the
classification accuracy of the random forest, but it also increases the complexity of the random forest,
leading to overfitting of the random forest and reducing its performance. In this paper, the particle
swarm optimization algorithm is used to optimize the number of decision trees and the minimum
number of leaves of the random forest to reduce the complexity of the random forest. The particle
swarm optimization algorithm originates from the observation of bird foraging behavior, through the
search for the optimal population convergence to the global optimum, can be very good for the random
forest decision tree number and the minimum number of leaves to optimize, so as to improve the
accuracy of the classification of the random forest model. The main steps of the random forest particle
swarm optimization algorithm used in this paper are:

1) Determine the initial parameters of the algorithm, randomly set the number of decision trees, the
minimum number of leaves, and the default number of random features m is \/ﬁ
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2) Using the classification accuracy as the fitness value, use the particle swarm optimization
algorithm to search for the optimal number of decision trees L and the optimal number of leaves
MINLS.

3) Divide the sample set into training set and test set.

4) Bootstrap is used to generate L sample sets for the training set, and each sample set is used to
generate a decision tree.

5) When each node of the decision tree is split, the feature set of the node is sampled without
putback, m features are selected, and only the data corresponding to the m features are retained
as the training samples, and if the number of samples contained in the split node is less than the
minimum number of leaves MINLS, the decision tree stops splitting.

6) The training generates [ decision trees, and the final classification result of the model is
obtained by Eq. (16).

4.2. Converter valve fault identification process

First, the current waveforms during normal operation and when a converter valve fault occurs are
collected to extract the time-domain features of the current, and the time-domain features are
normalized. Then, the feature selection method in Section 3.4 is utilized to select the obtained
commutator valve feature indexes to construct the commutator valve feature index set, which is used
as the input features of the classification model. Finally, the classification model is trained and tested
using the converter valve feature indicator set.

5. Simulation testing

In this paper, #800kV UHV DC transmission system is built based on PSCAD/EMTDC, and simulation
experiments of converter valve state monitoring are carried out under this system.

5.1.  Simulation Model and Fault Types

The bipolar operation of £800kV UHV DC transmission system is rated at 8000MW, the DC current is
rated at 5kA, the total length of DC transmission line is 1720km, and there are 300mH and 75mH dry
reactors installed on the DC line at the rectifier side, the inverter side and the neutral bus side. The
transformers of the converter station are of double winding type and the equipment parameters of the
transformers are shown in Table 1. According to the given equipment parameters, the simulation
model of the UHV DC transmission system established by using PSCAD/EMTDC software is shown in
Fig. 2.
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Table 1. The parameters of the UHVDC system changer for the rheological pressure

Single Network side Valve side Percentage of Flow
Transformer
capacity | winding rated | winding rated tio (%) short circuit impedance
ratio
(MVA) voltage (kV) voltage (kV) ’ impedance (%) (Pu)
Rectifier side 403.74 441.66 174.9 1.162 19.6 0.28
Inverse side 386.92 524.98 154.53 1.091 17.6 0.28

Fig. 2. UHVDC system model

Based on the harmonic theory characteristics can be converter valve faults can be categorized into
the following three types:

1) Valve does not open fault. Converter valve conduction conditions for receiving the trigger pulse and
positive voltage, if the valve is only in the positive voltage under the action of no trigger pulse (trigger
pulse loss), the valve will produce a non-conduction fault. Valve in the non-conduction fault under each
valve on-off waveforms shown in Figure 3. To 6 pulsating converter in the V1 does not open fault as an
example, at this time, in a cycle V1 does not conduct, so that V5 has been subjected to the forward
voltage and is in the state of conduction, when the trigger pulse of V3 arrives, V5 is closed and does
not conduct, the other valves of the conduction sequence and the conduction interval with the same
as the normal operating state, the rectifier side and inverter side of the on/off waveforms are the same.

v, ot

v, wt
& Vs ot
G
= AV ot

4
Vs ot
Ve ot
T T T T T
P, P, P, P, P P P,
Pulse

Fig. 3. Valve pass off the waveform under the failure of the valve
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2) Rectifier-side converter valve misopening failure. Rectifier valve misopening fault valve on-off
waveform shown in Figure 4. Taking the V1 misopening fault in the 6-pulsation converter as an
example, when the trigger pulse reaches V1, V1 is subjected to a positive voltage and immediately
conducts, which leads to the early shutdown of V6, and the other valves' conduction sequence and
conduction interval remain unchanged.

¥, ; ot

v, ot

IND= =GP
KKK

Voltage

Pulse

Fig. 4. The rectifier valve is wrong to open the valve through the waveform

3) Inverter-side converter valve misopening failure. Taking the V1 misopening fault in the 6-pulsation
converter as an example, when the trigger pulse of V5 arrives, V3 fails to commutate to V5 because V5
is still in reverse voltage, and at this time V1 is in the forward voltage state, so the mis-triggered pulse
of V1 causes V3 to commutate to V1 directly, which makes the on-time interval of V1 larger, and the
other valves have unchanged on-time sequence and on-time interval, and the fault occurred at this
time is equivalent to a commutation failure of the system. This fault is equivalent to a phase change
failure of the system, and the waveform of valve turn-on and turn-off under the fault of inverter valve
wrong turn-on is shown in Fig. 5. When the valve does not conduct or continues to conduct the fault,
the three-phase commutation current is not symmetrical, but the three-phase commutation voltage is
considered to be still symmetrical, which leads to the generation of 100Hz harmonic components in
the dc current and dc voltage, and the control of the valves causes fundamental frequency oscillation.

Vv, ot

V, T ot
gu V, : _ ot
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4 /\ ;
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Fig. 5. The inverter valve fails to open the valve through the waveform
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5.2.  Feature Extraction and Selection

According to the feature extraction method designed in the previous section to extract the harmonic
characteristics of the converter valve from the multi-source data fusion system, the time domain
statistical features and wavelet packet energy features are extracted from the converter valve under
each operating state, and 100 sets of feature samples are extracted under each operating state.

The normalized values of wavelet packet energy for the 11 time-domain characteristics of the
converter valve under different operating conditions are shown in Figure 6. The numbers "1~11"
represent 11 time-domain characteristics, including peak-to-peak, mean, mean square, standard
deviation, rms, variance, peak factor, pulse factor, margin factor, kurtosis factor, and skewness factor.
Typel, Type3, and Type3 respectively indicate that the valve is not opened fault, the rectifier side
converter valve is opened by mistake, and the converter valve on the inverter side is opened by mistake.
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Fig. 6. The wavelet packet energy normalized value

The visualization effect of feature dimensionality reduction based on principal component analysis
is shown in Fig. 7. After the harmonic feature extraction by integrated time domain and wavelet
analysis, the samples corresponding to the four operating states have preliminary differentiation.
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Fig. 7. Feature degradation visual effect

A feature selection method based on random forest importance ranking is introduced to optimize
the selection of commutator valve feature parameters. The original 11 time-domain features are input
into the random forest model, and the importance of each feature parameter for fault classification is
shown in Figure 8. Except for the importance of “mean square value (0.572)” which does not exceed
0.8, the importance of the rest of the time-domain features are all above 0.8, so the remaining 10 time-
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domain features are selected to form the converter valve feature index set, which is applied to the
condition monitoring model as the time-varying law of the converter valve electrical characteristics.

0.989 973

Importance

Time domain characteristics
Fig. 8. The importance of each characteristic parameter to fault classification

5.3. Analysis of condition monitoring results

60% of the samples in each operation state are randomly selected as the training set, and the
remaining 40% is used as the test set. Based on the training set, the decision rules of the random forest
model are trained, and the hyperparameters of the model must be set before training, which are the
framework parameters of the random forest model and the decision tree parameters. The particle
swarm optimization algorithm searches for the optimal policy, and determines the number of decision
trees, the maximum depth of the root node of the decision tree, and other key parameters of the
random forest model. The fault diagnosis results of the converter valve based on the random forest

particle swarm optimization model are shown in Figure 9. The number of correctly diagnosed samples
reaches 156, and the accuracy rate is 97.5%.

Type 3

7
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Fig. 9. Error of flow valve fault diagnosis

The constructed Random Forest Particle Swarm Optimization model is compared with machine
learning models such as KNN, SVM, Logistic Steele Regression and Gaussian Simple Bayes. Under the
condition that the training set and test set are the same, the classification effect of the four compared
models is shown in Fig. 10. (a)~(d) represent the classification results of KNN, SVM, Logistic Steele
Regression, and Gaussian Simple Bayes models, respectively. 95%, 93.13%, 93.13%, and 91.88% of the
classification accuracies of the four comparison models, respectively.



7642 WANG ET AL.

40

Type 3 Type 3

32

2 Type 2 2 2 Type 2
= =
I =
[ 16 L]
&~ Typel & Type 1
8.0
Normal Normal
0.0
Normal Type 1 Type 2 Type 3 Normal Type 1 Type 2 Type 3
Forecast label Forecast label
(a) KNN (b) SVM
40
Type 3 Type 3
32
3 Type2 u 3 Type2
= =
g 3
&~ Type | 16 & Type |
8.0
Normal Normal
0.0
Normal Type 1 Type 2 Type 3 Normal Type 1 Type 2 Type 3
Forecast label Forecast label
(c) Logistic regression (d) Gauss plain Beth

Fig. 10. Comparison model classification effect

In summary, it can be seen that all fault diagnostic models predict the normal state of the converter
valve accurately, different fault diagnostic models produce different inductive preferences under the
condition that the training set is the same, and the accuracy rate of the random forest particle swarm
optimization model for fault detection constructed in this paper is 97.5%, and the state monitoring
effect is better than that of other comparative models.

6. Conclusion

The research constructs a multi-source data fusion system to realize the error-free fusion of fault
information parameters. Under this research result, Random Forest algorithm is combined to extract
the time-varying law of electrical characteristics of the converter valve, and Random Forest Particle
Swarm Optimization model is constructed for the state monitoring of the converter valve. Based on
the harmonic theory characteristics, the converter valve faults are categorized into valve non-opening
faults, rectifier-side converter valve misopening faults and inverter-side converter valve misopening
faults. The normal state and the three fault states are categorized using the model in this paper and
machine learning models such as KNN, SVM, logistic Steele regression, Gaussian plain Bayes, etc. The
classification accuracy of this model is higher than that of the model in this paper. The classification
accuracy of this paper's model is 2.5%, 4.37%, 4.37%, and 5.62% higher than the remaining four

models, respectively. It shows that using the method of this paper for converter valve state monitoring
can ensure the fault identification effect.
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