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SUMMARY: In this paper, for the complex fault diagnosis problem of aero-engine with high
dimensional nonlinearity, an intelligent fault diagnosis method of LSSVM based on damage
repair and modified gray wolf optimization is proposed to characterize the performance
deterioration trend with a damage accumulation prediction model under the interaction of
multiple parameters, and to obtain the main health indicator parameters by damage repair
method. The amount of model input information is increased. The improved Gray Wolf
algorithm utilizes chaotic sequences to increase population diversity and uses adaptive inertia
weights to achieve a good balance between global search capability and local exploitation
capability to effectively optimize LSSVM parameters. The method proposed in this paper
accurately diagnoses multiple types of engine faults, reduces the model learning time and
accelerates the convergence process, providing an effective and feasible technical means for
aircraft engine condition monitoring and fault diagnosis.

KEYWORDS: aero-engine; fault diagnosis; damage repair; gray wolf optimization algorithm;
least squares support vector machine

1 Introduction

Aircraft engine is an important embodiment of a country's scientific and technological,
industrial and national defense strength. Engines operate in extremely harsh environments for
a long time, such as high temperature and pressure, high corrosion, high density, etc., which is
a failure-prone system, and once the engine failure occurs during the flight of an airplane, it
will lead to serious civil aviation safety accidents, which can be extremely harmful [1, 2].
Therefore, it is necessary to carry out fault diagnosis of the engine to detect and locate the faults
in time to ensure the reliability and safety of the aircraft [3]. Since the support vector machine
(SVM) has a complete statistical learning theoretical foundation and excellent learning
performance, according to the structural risk minimization rule, the generalization ability of the
learning machine can be maximized, which is very suitable for the predictive analysis problem
under small samples such as aviation engines [4-6]. However, the superior performance of
SVM needs to select appropriate parameter values to be reflected, and the good or bad values
of the parameters greatly affect the accuracy and efficiency of fault diagnosis. Least Squares
Support Vector Machine (LSSVM), due to its superiority in small samples and high-
dimensional nonlinear pattern recognition, has been applied in engine fault diagnosis to
effectively solve the above problems [7, 8]. However, in practical problems, because it is
difficult to know the range of the optimal parameters beforehand, this method is not only
difficult to find the optimal parameters accurately, but also less efficient by using traversal
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selection, so it is necessary to optimize the LSSVM in order to improve the diagnostic accuracy.

Gray wolf optimization algorithm (GWO) is a new type of swarm intelligence optimization
algorithm inspired by the predatory behavior of gray wolf groups, in order to improve the global
search ability of GWO, avoid premature convergence of the algorithm, and improve the
accuracy of the original algorithm, the improved version of the gray wolf optimization
algorithm (IGWO) has a faster speed and higher accuracy of the search for the optimum in
optimizing LSSVM [9-11]. The nature of the engine use process is a “damage-degradation-
repair” dynamic cycle, the current diagnostic methods are mainly focused on the judgment
between the health of the engine and the failure, but generally ignored the planned maintenance
of the phased restoration of the effect of the Ming, which may result in misjudgment or
performance degradation [12]. Therefore, constructing an IGWO-LSSVM intelligent
diagnostic model that can take into account the dynamic process of damage repair is the key to
realizing engine fault diagnosis.

For the application of SVM and its related methods in aero-engine fault diagnosis, literature
[13] proposed an adaptive directed SVM model, and analyzed its application in aero-engine
turbine blade fault diagnosis by combining adaptive sampling techniques and introducing
penalty coefficients, pointing out that the method significantly improves the accuracy,
efficiency and stability of reliability analysis. Literature [14] explored the application of SVM
in turboshaft engine fault diagnosis, and for the problem of scarcity of fault data, proposed the
OC-SVM-TL algorithm through the introduction of migration learning and single-class SVM,
examined its effectiveness in dealing with the differences of data in different engine states and
operating conditions, and pointed out that the algorithm can still maintain superior detection
performance when there is insufficient data in the target domain. Literature [15] applies SVM
technology to improve the accuracy and efficiency of aero-engine fault diagnosis, and analyzes
its advantages in dealing with high-dimensional nonlinear data by comparing different kernel
functions and optimizing the parameters, and points out that this method significantly improves
the fault identification accuracy and diagnosis speed compared with the traditional way.
Literature [[16] combines the improved local discriminant basis (LDB) algorithm with S\VM for
aero-engine fault diagnosis, analyzes the effective identification of faults such as friction
impacts by SVM classifiers by using the normalized energy difference and relative entropy to
select the optimal feature subspaces, and emphasizes the advantages of this method in the
application of state differentiation. Literature [17] proposed the WCFSE-FSVM model for
aero-engine vibration fault diagnosis by combining the wavelet coefficient feature Shannon
entropy (WCFSE) method with the fuzzy FSVM, analyzed its advantages in feature extraction
and SVM classification, and pointed out that the model has a stronger ability of learning,
generalization, and anti-noise than other methods. Literature [18] proposed an aero-engine
control system fault diagnosis method by fusing probabilistic neural network and SVM,
optimized the key parameters by using particle swarm algorithm, verified that the optimized
SVM model reached a high diagnostic accuracy of 98.8%, and emphasized the effective role of
the method in improving the diagnostic reliability. Literature [19] developed a fault diagnosis
method for aero-engine fuel regulator by establishing the regulator model and the engine
inverse model, and utilizing the deviation of its output from the sensor data to isolate the faults,
and at the same time, introduced the machine learning technique of correlation vector machine
to construct the accurate nonlinear inverse model, and finally verified the effectiveness and
application prospect of the method through hardware-in-the-loop experiments. Literature [20]
proposed a fault diagnosis method based on multitasking graph SVM reasoning, which
integrates the personalized features of the engine by constructing a graph structure and analyzes
its adaptability to individual differences, pointing out that the method can significantly improve
the diagnostic accuracy and reduce the rate of misdiagnosis, and emphasizing the key role of
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incorporating the individual differences of the engine into the model to improve the diagnostic
reliability.

As for LSSVM and related methods for aero-engine fault diagnosis has also received
extensive attention from the academic community, literature [21] developed an online fault
diagnosis system for turbofan engine turbine path sensors, and analyzed its advantages in
improving the generalization performance and reducing the model redundancy by combining
with recursive simplified LSSVM regression algorithm optimized by genetic algorithm, and
verified the system's ability to single, dual sensor typical faults, and verified the effective
diagnostic capability of the system for single and dual sensors. Literature [22] reduces the
computational complexity by developing an extended LSSVM, investigates its pairwise and
primitive space solution algorithms, analyzes its effectiveness in regression and classification,
and points out that the model has a good potential for application in aero-engine fault diagnosis.
Literature [23] proposed a LSSVM model using cross-validation optimization for chiller fault
detection and diagnosis, analyzed its performance in dealing with nonlinear and system-level
faults, pointed out that the model performs better than other methods in terms of overall
correctness, detection efficiency, and emphasized its potential application in fault diagnosis of
aero-engine similarly complex systems. Literature [24] proposed the LSSVM-CIL method for
the category imbalance problem in aero-engine fault diagnosis, and analyzed its improvement
in optimizing the classification boundary and enhancing the computational stability by
introducing a differentiated regularization parameter and incorporating a recursive
simplification strategy, and verified its effectiveness as a candidate technique for real-time fault
detection. Literature [25] proposed a LSSVM model optimized based on KPCA and Sparrow
algorithm for fault detection of flight control system sensors, which solved the blindness of
traditional LSSVM parameter selection through intelligent parameter search, and verified the
diagnostic accuracy of the model as high as 98.23%, which is significantly better than other
comparative algorithms. Literature [26] for the nonlinear aero-engine distributed control
system with multi-packet transmission, time delay and packet loss, proposed a sliding window
multicore LSSVM based online packet loss prediction and compensation method, and
combined with the neural network PID sliding mode controller for the design of the method,
verified through simulation, the method in 30% and 60% of the packet loss rate to significantly
improve the prediction accuracy and the performance of the control response. Literature [27]
proposed a real-time fault diagnosis method based on genetic algorithm optimization of
LSSVM regression for the health monitoring of aviation engines, analyzed the effectiveness of
the algorithm in using actual experimental data through data standardization and parameter
optimization, and emphasized its high detection accuracy and engineering application value.
Literature [28] for the demand of aero-engine thrust high-precision estimation, put forward a
gravitational search algorithm optimization based on the LSSVM model, through the
comparison with the particle swarm algorithm, it is pointed out that the optimization scheme
has a better parameter optimization ability and generalization performance, and can effectively
meet the requirements of direct thrust control.

Based on the actual needs of aero-engine fault diagnosis, this paper proposes a LSSVM
model that combines damage repair strategy and IGWO, and uses it in aero-engine fault
diagnosis. The model utilizes the damage repair strategy to solve the previous problem of
analyzing the damage process as a single direction. It also establishes a comprehensive
judgment index including repair records, so that the failure judgment has the ability to consider
the condition of parts in a comprehensive way.
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2 Key technologies and algorithms

2.1 Aircraft Engine Fault Diagnosis Techniques

The gradual evolution of the traditional aero-engine fault diagnosis method based on the
experience of maintenance engineers into the current new fault diagnosis method based on data
analysis and artificial intelligence algorithms is an inevitable trend in the development of the
aero-engine fault diagnosis method, and one of the manifestations of the continuous
improvement of the aero-engine fault diagnosis level. The empirical-based method relies on a
large amount of maintenance information and uses an IF-THEN rule base to construct a one-
to-one correspondence from failure symptoms to failure modes; whereas the fault tree is a
process of gradually unfolding the upper fault events into the lower fault events according to
the logical relationship until a detectable base fault event occurs. CBM is to store the past failure
cases, and when a new failure occurs, some rules are used to find out the most similar case with
the failure from a large number of historical cases to analyze and judge, in order to determine
the cause of this failure. However, with the emergence of more and more complex failure modes
in modern aviation engines, the above methods have certain limitations, such as the difficulty
of acquiring knowledge, the trouble of maintaining rules, and the inability to adapt to new types
of failure modes, which makes it difficult for the empirical methods to satisfy the requirements
of the modern aviation industry for fault diagnosis technology.

Machine learning-based methods can automatically mine and classify fault features, greatly
improving the degree of artificial intelligence of the fault diagnosis system, which is represented
by neural networks, which adaptively acquires fault features through layer-by-layer nonlinear
mapping of fault sample inputs, and corrects the connection weight coefficients between nodes
of the network by using error inverse extrapolation, and its weight iteration formula is:

W, (E4D) =, O - = )

U]

where w; represents the connection weights between neurons, 7 denotes the learning step

size, and E is the network output error function.

The radial basis function network, on the other hand, has excellent nonlinear approximation
ability and good generalization properties through the hidden layer unit constructed by
Gaussian kernel function.

Support vector machine (SVM) is based on Vapnik-Chervonenkis dimensional theory,
which converts the nonlinear classification problem in the original feature space into a linear
separation problem in the high-dimensional feature space by kernel trick, and its constrained
optimization objective function is formulated as:

. 1 n
min,,, . EMWH2 +C2i:lé':i (2)

The constraint is y (W @(x)+b)>1-& . where ¢(x) denotes the kernel mapping

transformation and C is the regularization parameter. The decision tree algorithm recursively
constructs classification decision rules through the information gain criterion, and the random
forest effectively improves the stability and noise resistance of the diagnostic system by
aggregating the prediction results of multiple decision trees through Bootstrap.
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2.2  Least Squares Support Vector Machine Algorithm

Least Squares Support Vector Machine (LSSVM) is an improvement to the traditional SVM,
which mainly transforms the inequality constraints in SVM into equality constraints and
replaces the original loss function (hinge loss) with the least squares criterion, but it still has the
good generalization ability that SVM has to deal with nonlinear classification.

What's more, the computational efficiency is significantly improved by avoiding the
complex quadratic programming solution process, which makes it a very practical machine
learning method in the field of fault diagnosis. The mathematical foundation of the method is
built on the Lagrange multiplier theory, by constructing the objective function:

N
minw‘,mJ(w,e)zngWﬂ/%Zek2 (3)

k=1
and impose the equation constraints:
yk=WT¢(xk)+b+ek,k=12,---,N 4)

The original nonlinear optimization problem is skillfully transformed into a linear system
of equations, where the weight vector w, bias term b, error variable e, and regularization

parameter y together constitute the core parameter system of the model, and the kernel
function mapping @(x,) plays a key role in mapping the original feature space to the high-

dimensional kernel space.
By applying the Karush-Kuhn-Tucker optimality condition and constructing the
corresponding Lagrangian function, the following system of linear equations can be obtained:

4 oSzl g

where the kernel matrix elements are:
ijz(P(Xj)T¢(Xk)=K(Xj1Xk) (6)

reflects the similarity measure between the samples, and the Lagrange multiplier vector oo
contains the weights of the training samples' contributions to the final decision function, unlike
traditional SVMs that rely on only a small number of support vectors for prediction, the decision
function of the LSSVM is:

f(X)ZZN:akK(Xk,X)-i-b (7)

It utilizes the information of all the training samples, and this full-sample participation
mechanism provides a richer information base for the accurate modeling of complex failure
modes, although it sacrifices the sparsity of the model to a certain extent.

LSSVM shows significant technical advantages in dealing with nonlinear problems in aero-
engine fault diagnosis, which is mainly due to its flexible and diverse kernel function
mechanism that can effectively map the intricate fault modes in the original feature space to
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linearly differentiable forms in the high-dimensional kernel space, thus greatly simplifying the
design complexity of the classifier. Radial basis function kernel:

x=xl XH

K (%, %;) =exp| - (8)

Effective control of the balanced relationship between model complexity and generalization
ability is achieved by precise adjustment of the kernel width parameter o . When the value of
o is small, the model tends to fit the training data finely but may face the risk of overfitting.
A larger value of o, on the other hand, helps to improve the model's generalization
performance but may lead to underfitting phenomena.

The polynomial kernel is:

K (%, %;) = (X X; +¢)° (9)

Through the reasonable selection of order parameter d and constant term c, it can adapt
to different degrees of nonlinear mapping relations, which provides another effective way for
the recognition of complex fault patterns by simulating the nonlinear transformation
characteristics of the activation function of neural networks.

Although the sparsity of the LSSVM model is reduced compared with SVM, due to its faster
computational speed, it is able to process a large amount of sensor information online during
the actual aero-engine health assessment process, which is of some practical value for early
fault detection. In addition, due to the existence of the regular term can limit the size of the
weights to avoid overfitting phenomenon, so even a small number of fault samples can also
obtain a better recognition effect. In addition, many parameter optimization methods such as
cross-validation, grid search method, genetic algorithm, particle swarm optimization, etc. can
be adopted to optimize the model performance of LSSVM under various fault detection tasks.

2.3  Gray Wolf Optimization Algorithm

The grey wolf optimization algorithm originates from the in-depth observation and
mathematical abstraction of the hunting behavior of wolf packs in nature, and this bionic
intelligence algorithm transforms the strict social hierarchy of wolf packs into the core
mechanism of optimized search. The algorithm design cleverly utilizes the division of labor
among the four ranks of wolves: «, £, &,and @.Amongthem, « wolvesare responsible
for decision making, /S wolves are responsible for assisting coordination, & wolves perform
specific tasks to maintain order, and @ wolves follow instructions and participate in collective
actions.

This hierarchical mapping mechanism enables the algorithm to designate the individual
with the best fitness in the current population as the oo wolf, the second and third best
individuals correspond to the f and & wolves, respectively, and the rest of the individuals
are categorized as the o -wolf class, which achieves the asymptotic approximation of the
global optimal solution through hierarchical management. The mathematical modeling of wolf
hunting forms the basis of the computational framework of the algorithm, and the position
update formula is used in the encircling prey phase:

=|C- X, ®-X ) (10)
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X(t+1)=X,()-A-D (11)

describes the gradual approach of the individual to the position of the prey, where X (t)

denotes the current position vector of the prey, and A and C are the coefficient vectors
controlling the convergence behavior, computed by the formulas, respectively:

A=2a-r,-a (12)
C=2r, (13)

where the convergence factor a decreases linearly from 2 to O during the iterative process,
and the random vectors 1, and r, both take values in the range of [0,1]. The attacking prey

phase updates the gray wolf position by combining the guiding effects of the three optimal
individuals, which is calculated as follows:

5{1:‘61‘&—)2" Ijﬁ:‘éz')zﬁ_)q’ 65:‘63'&_)2‘ (14)
X,=X,-A-D,, X =)Z -A-D,, X;=X,-A-D, (15)
X(t+1)=% (16)

3 Research methodology

3.1 Introduction of damage repair mechanisms

The complexity of the operating environment of the aircraft engine determines the diversity and
inevitability of its damage formation, mechanical stress cyclic loading, high-temperature
thermal shock, vibration fatigue, and corrosive media erosion and other factors interacting, the
engine core components gradually produce fatigue crack expansion, surface wear and tear, and
geometric deformation accumulation of degradation phenomena. Damage evolution is beyond
the traditional maintenance idea that damage is an irreversible process, from the beginning of
the emergence of damage detection, and damage treatment, in the completion of its functional
repair at the same time also for the monitoring system of the health state evaluation provides
additional information on the damage repair aspects. The evolution of damage accumulation
over time is modeled as in the Paris damage model:

da m
N C(AK) (17)

where a denotes the crack length, N is the number of cycles, AK is the stress intensity
factor amplitude, and C and m are material constants.

And the damage evolution model after the repair treatment follows the modified cumulative
damage model:

Drepair (t) = Doriginal (t) ’ 77(t) + j: frepair (U’T ' ¢)d 4 (18)
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where 7(t) is the repair efficiency function, f is the new damage rate introduced by the

repair
repair process, and ¢ represents the repair process parameters. This theoretical description

system lays a mathematical foundation for the effective integration of damage repair
information into the fault diagnostic model, so that the diagnostic system obtains the ability to
more accurately assess the health state of the engine and predict the performance evolution
trend.

Currently, the commonly used repair techniques in aircraft powerplant maintenance include
laser deposition, plasma spray welding, cold spraying, welding patching, cutting, etc. These
repair techniques have different requirements for damage and follow different principles for
repair. Comparison of the technical indicators of a variety of repair methods is shown in Table
1, among these methods, the laser cladding process is through the focused high energy density
laser beam irradiation to the surface of the workpiece, and at the same time to the processed
area to feed a certain amount of alloy powder material, so that the powder material and the
substrate surface of the material fused together, cooling and solidification to form a new
cladding layer integrated with the parts of the body; cladding layer thickness error of +0.1mm;
The remaining life of the component after repair is generally up to 85% to 95% of the remaining
life of the original component, which is mainly applied to engine fan blade front-end damage,
high-pressure pressurized gas turbine blade tip damage, turbine blade thermal barrier coating
spalling and oxidation damage.

Table 1: Comparison of Performance Parameters of Different Damage Repair Techniques

Repair technology Repair Strength recovery R_epair Cost
accuracy (mm) rate (%) efficiency level
Laser cladding +0.1 85-95 High Medium
Plasma spraying +0.2 70-85 Medium Lower
Cold spraying +0.15 80-90 Medium Medium
Welding repair +0.3 90-98 Lower Lower
Mechanical processing + 0.05 95-100 High Low
Composite repair +0.1 88-96 Medium Higher

Plasma spraying uses plasma arc to heat the ceramic or metal powder to make it molten and
then sprayed at high speed to the repaired surface, generating a coating with a bonding strength
of 30 to 80 MPa, which has good application in repairing the thermal barrier coating spalling
in the engine combustion chamber, the wear and tear on the surface of the pressurizer blades as
well as the broken surface of the inside of the magazine. Cold spraying using supersonic airflow
will be solid metal powder particles accelerated to 500 ~ 1200 m/s of high-speed movement,
the use of kinetic energy to achieve the particles and the substrate plastic deformation combined
with a low temperature of the substrate during the repair process to avoid the heat-affected zone,
especially suitable for heat-sensitive materials repair treatment.

Welding technology has argon arc welding, electron beam welding, friction welding, etc.,
used to eliminate engine shaft parts cracks, magazine cracks and air leakage, pipe leakage and
other structural defects, the strength of its weld can generally reach about 90% of the strength
of the original substrate. Machining technology is the use of cutting, grinding, polishing and
other ways to trim parts to achieve the requirements of dimensional accuracy. Although this
method is simple and reliable, it changes the dimensional size of the part, and needs to be
coupled with dimensional compensation methods to ensure that the repaired part can be
assembled normally.
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The contribution of damage repair to improve the robustness of the fault diagnosis system
is manifested in the synergistic cooperation of various aspects, which can not only make up for
the damaged part from the physical level, but also provide more information for the diagnosis
from the information level in order to enhance the validity and reliability of the diagnostic
results. The blade is a typical high-stress component, which is susceptible to fatigue damage
under complex operating conditions, which eventually leads to crack generation and expansion,
and its development rate can be described by the modified Parris equation:

da m
d—N=C(AKeﬁ) : f(R,T,¢) (19)

where AK,, is the effective stress intensity factor amplitude, R is the stressratio, T is the

temperature, ¢ is the environmental factor, the crack expansion resistance of the blade after
laser cladding repair is significantly improved, and the threshold value of crack expansion in
the repaired area AK,, is increased by 15%-25% compared with that of the original material,

and this change in the material properties has a direct impact on the spectral distribution of
vibration signals, and it provides an important basis for the fault diagnostic algorithm to
differentiate between the repaired and unrepaired blades. Important basis.

Bearing raceway spalling fault repair involves complex physicochemical changes such as
surface remelting, tissue refinement, residual stress regulation, etc. The contact fatigue life of
the repaired bearing is calculated according to the theory of Lundberg-Palmgren:

c)P
Lm:{Pj 'ki'kz'ka (20)

where C isthe dynamic load rating, P is the equivalent dynamic load, p is the life index,
and k;, k,,and k, are the correction factors for repair process, material modification, and

surface treatment, respectively.

The introduction of repair history information enables the diagnostic system to establish a
more accurate component degradation model, and by recording detailed information such as
time, location, process parameters and repair effect of each repair, the system constructs a
cumulative damage equation containing repair factors:

Dy (1) = ZE:W. -Di(t) +iﬁj “R;(t) (21)

Where D, (t) represents the cumulative damage of the ind damage mechanism, w. is
the corresponding weight coefficient, R;(t) represents the influence function of the jth
repair, and B; is the repair effect coefficient, this mathematical model can more accurately

predict the future health state evolution trend of the component, and significantly improve the
fault prediction accuracy and reliability.

Repair program - fault type correlation matrix describes the degree of effectiveness of
various types of repair programs for various types of faults, on the basis of which the repair
program - fault type - the construction of the correlation matrix of detection information, so that
the fault diagnosis based on the maintenance record is targeted. That is, in the fault diagnosis
process, according to the maintenance of the component, and take different diagnostic programs
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and corresponding diagnostic parameters. Fault diagnosis based on the maintenance status is
the maintenance results are fed back to the fault diagnosis module as an auxiliary means to
determine whether the maintenance is successful. When the fault occurs after repair but the
repair effect is not good, then the diagnostic threshold and alarm mode to make the
corresponding correction, in order to prevent diagnostic errors caused by maintenance failure,
to a certain extent, improve the diagnostic accuracy of the system.

3.2 IGWO algorithm to optimize LSSVM

In this paper, a new grey wolf optimization algorithm is proposed to improve the traditional
grey wolf search, which has significant advantages in terms of parameter optimization for least
squares support vector machines. Multifaceted improvement measures such as inertia weight
factor, initial position chaos processing, and individual variation are proposed, and the problem
that the original gray wolf algorithm tends to fall into local optimal solutions in the continuous
function optimization process is effectively overcome. In order to solve the problem that
LSSVM parameter optimization is easy to fall into local extreme value, Logistic chaotic
mapping is used in the algorithm to improve the initialized population, and its chaotic sequence
formula is:

X = H% (1=%,) (22)

where u =4 isthe traversability and randomness characteristics of chaotic parameters, which

ensures that the initial wolf pack position presents a more uniform distribution pattern in the
parameter space, effectively eliminating the phenomenon of searching blind zones caused by
the traditional random initialization method.

The dynamic inertia weighting mechanism abandons the limitations of the original linear
convergence factor and adopts a nonlinear decreasing strategy for weight updating:

W(t) = Winax ~ (Wmax - Wmin) ) (TLJ (23)

max

where w_. and w_. denote the maximum and minimum inertia weights, respectively, t is

the current number of iterations, and T, is the maximum number of iterations, this design

concept allows the algorithm to maintain a strong global exploration capability in the early
stages of iteration while shifting the focus to local fine search in the later stages.

The adaptive mutation strategy dynamically adjusts the mutation probability according to
the population diversity metric diversity(t) :

(24)

P.() =P, -exp(—ﬁ- diversity(t)j

diversity,,,

The frequency of mutation operations is automatically increased when the population
diversity measure decreases, thus effectively preventing the algorithm from converging to a
suboptimal solution prematurely.

The mathematical modeling process of the LSSVM parameter optimization problem
constitutes the theoretical basis for the practical application of the IGWO algorithm, and the
design of the optimization objective function must establish a balancing mechanism between
the model prediction accuracy, generalization ability, and computational complexity, and the

10
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joint optimization of the regularization parameter y and the kernel function parameter o
can be expressed as follows:

1

mlnf , :W'RMSE y +W, -
(r.0)=w, w(7,0)+ W, Accuracy,, (7,0) (25)

+w, - Complexity(y, o)

where RMSE,, represents the cross-validation root mean square error, Accuracy,,
represents the cross-validation accuracy, Complexity is the model complexity measure, and
the selection of the weighting coefficients w,, w,,and w, directly affects the quality of the
optimization results.

The parameter search space was set in the range of » €[107°,10°] and o €[10°,10%], and
a logarithmic scale division strategy was used to ensure that the search process could cover
different orders of magnitude of parameter combinations. The position vector
X =[log,,(),l09,,(c)] of each individual wolf encodes a set of candidate parameters, and the
mapping transformation from the search space to the actual parameter domain is realized by
exponential transformation » =10 and o =102 The fitness function was evaluated using
a k-fold cross-validation strategy, where the training dataset was randomly divided into k
subsets, and the k-1 subsets were selected in turn to train the LSSVM model, while the

remaining subsets were used for validation, and the fitness values were computed by the
weighted average of the k validation results:

F(T)=Ye-1,(T) (26)

where f,(T) denotes the performance index of the i nd fold validation, ¢; is the

I
corresponding weighting factor, and N is the number of cross-validation folds.

The position update mechanism of the IGWO algorithm is specially designed to adapt to
the special requirements of continuous parameter space in LSSVM parameter optimization, and
the algorithm maintains the hierarchical management structure of traditional gray wolf
optimization. At the same time, an improved position update strategy is introduced to
significantly improve the search efficiency. « wolf, S wolvesand & wolves correspond

to the best, second best and third best individuals in the current population, respectively. Their
position vectors contain the optimal parameter combination information, and the @ -wolf
group updates its position by synthesizing the guidance information of the three leaders, and
the improved position update formula is:

X, =X, = A:|C- X, = X|-w(t) (27)
X, =X, A-[C, X, - X|-w(t) (28)
X3=X5—A3)-‘63-X5—X‘-W(t) (29)

11
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X(t+1) =2 Xe Xy

b );2 X3 | mutation(t) (30)

Variation term mutation(t) uses a Gaussian perturbation mechanism:
mutation(t) = N(0,572)- P, (t) (31)

where N(0,52) is a zero-mean Gaussian random number and o, is a variance strength

parameter.

The boundary handling strategy ensures that the parameter search process always stays
within the valid range, and a bounce-back mechanism is used when the position of an individual
exceeds the search boundary:

Xnew = Xbound +rand () ’ (Xbound - Xold) (32)

where X, isthe boundary value and rand() isa [0,1]-interval random number.

4 Experiments and analysis of results

4.1 Experimental design

In this study, a comprehensive experimental verification platform is constructed based on a
certain turbofan engine, and a complete data set covering different states such as normal
operation, typical faults, and damage repair is systematically acquired through a combination
of multi-operating condition operation tests and artificial fault implantation. The experimental
platform adopts distributed multi-sensor network architecture, and the sensor arrangement takes
into account the constraints of fault sensitivity, signal reliability and engineering feasibility to
realize the synchronous high-frequency acquisition of operating parameters in key parts of the
engine. The configuration of the data acquisition system is shown in Table 2, and the vibration
sensor adopts the PCB 353B04 model, with a range of =+ 5009, a sampling frequency of
25.6kHz, and a measurement accuracy of =+ 1%. Temperature monitoring using K-type
thermocouples, temperature measurement range covers 0-1200 <C, sampling frequency 100Hz,
accuracy =+ 0.5 <C. Pressure sensor selection Kulite XCS-062, range 0-10MPa, sampling
frequency 10kHz, accuracy =+ 0.1% FS. speed sensor for Bentley 3300, speed range O-
20,000rpm, sampling frequency up to 25.6kHz, measurement accuracy 440.1% FS. Speed
sensor is Bentley 3300, speed range 0- 20000rpm, sampling frequency 1kHz, accuracy =+
0.01%. The whole data acquisition process strictly follows the specification of aero-engine test
to ensure the double guarantee of test safety and data quality.

12
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Table 2: Parameters of Experimental Equipment

Sampling |Measurement

Device name Model specification| Technical parameters
frequency accuracy

Vibration sensor PCB 353B04 Range: #5009 25.6kHz +%
Temperature sensor | Kulite XCS-062 Range: 0-1200 <C 100Hz .5 T

Pressure sensor Bentley 3300 Range: 0-10MPa 10kHz #).1%FS

Rotational speed. | N1 pxe-6358  |Range: 0-20000RPM|  1kHz |  40.01%
Data acquisition card| PCB 482C05 16-bit resolution 1.25MS/s +2.69mV

Signal conditioner |Dell Precision 7820| Gain 1 to 1000 times | DC-100kHz #).5%
Computer system Kulite XCS-062 |Intel Xeon E5-2687W - -

The descriptive statistics of the experimental data are shown in Table 3. The data acquisition
adopts a multi-stage hierarchical acquisition strategy, and the baseline data acquisition is carried
out in the normal engine running state, and the working conditions are set to cover the typical
running points of slow, intermediate, and maximum continuous thrust, etc. Each working
condition is run continuously for 30 minutes to ensure the thermal balance of the system. Each
condition runs continuously for 30 minutes to ensure the thermal balance of the system. The
acquisition frequency is set at 25.6kHz to meet the demand for high-frequency vibration signal
analysis, while low-frequency parameters such as temperature and pressure are synchronously
acquired at a frequency of 100Hz, resulting in 12,000 sets of sample data for the normal state.
Failure state data are obtained by manually implanting typical failure modes, including four
main types of bearing failures: inner ring defects, outer ring wear, blade cracks and carbon
deposits in the combustion chamber, with three levels of damage for each type of failure: slight,
moderate and severe. Bearing faults are manufactured by EDM on the raceway surface with
artificial defects of 0.2-1.0mm in width and 0.1-0.5mm in depth, and blade cracks are simulated
by wire-cutting process at the root of the blade with a length of 5-20mm and a depth of 1-5mm.
Combustion chamber carbon deposits are formed by controlling fuel quality and combustion
parameters to form carbon layers of different thicknesses on the inner wall. 9,000 sets of data
are collected for each failure condition, and the total number of failure state samples is 36,000
sets. Repair state data collection is carried out after the completion of the damage repair process,
the repair method covers laser cladding, plasma spraying, machining and other technologies,
the quality of the repair is verified by non-destructive testing and qualified for data collection,
and the post-repair operation test is set up under the same conditions as before the failure in
order to quantitatively assess the repair effect, with 6,000 sets of sample data for the repair state,
and the total number of experimental data reaches 54,000 sets.

Table 3: Descriptive statistics of experimental data

Data type N I_:eatur_e Mean SD range Skewness | Kurtosis
Dimension| range range range
Normal state 12000 42 0.15-2.87|0.23-1.45 |-0.12-0.18 | 2.85-3.21
Bearing failure 9000 42 0.28-4.32| 0.41-2.18 | 0.25-1.47 | 3.42-5.89
Blade failure 9000 42 0.19-3.65| 0.35-1.89 | -0.08-0.95| 3.15-4.76
Comb“fc;'ﬁﬂrghamber 9000 | 42  |0.22-3.98|0.38-2.05 | 0.18-1.23 | 3.28-5.12
Other faults 9000 42 0.26-3.54| 0.33-1.97 | 0.12-1.08 | 3.07-4.85
Repair status 6000 42 0.17-3.12| 0.27-1.62 |-0.05-0.76 | 2.98-4.23
Total 54000 42 0.15-4.32| 0.23-2.18 | -0.12-1.47 | 2.85-5.89
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Preliminary filtering of the original collected data and extraction of valid information, the
vibration signal using Butterworth low-pass filter to do anti-aliasing processing, and set the cut-
off frequency to 40% of the sampling frequency to prevent the phenomenon of spectral leakage;
temperature and pressure signals are smoothed with a moving average filter, the size of the
moving window depending on the specific circumstances. Using the overlap window to analyze
the acquired segment of the signal is divided into a number of segments, each segment contains
a data volume of N = 2048 sample points, the overlap rate between the two segments is 50%,
in order to ensure that the time intervals represented by the two neighboring segments are
continuous; the window function type is selected as the Hanning Hanning Window, which can
reduce the impact of the energy leakage and the fence phenomenon on the frequency resolution;
from the time, frequency, and the time-frequency domain The relevant characteristic parameters
in the vibration signal are obtained from time, frequency and time-frequency domains. The time
domain includes statistical parameters such as mean, variance, skewness coefficient, steepness
coefficient, waveform factor, impulse factor, etc. The frequency domain generally utilizes the
FFT transform to obtain the power spectral density, spectral center of gravity, and the ratio of
energy in the frequency band. In the time-frequency domain, wavelet packet decomposition is
used to obtain the energy and entropy features of each frequency band, which are composed of
42-dimensional feature vectors. In this paper, Z-score standard deviation is used to standardize
the data, and different features with different measurement units are transformed into the same
digital range value, and the standardization formula is:

Xnorm = - # (33)

Amongthem, x and o are the characteristic mean and standard deviation, respectively,

and the outlier detection adopts the 3o criterion to exclude the data points that obviously
deviate from the normal distribution, and the datasets are randomly assigned as training,
validation and test sets in the ratio of 7:2:1 to ensure that the various types of samples are
uniformly distributed in different datasets.

4.2  Experimental results and analysis

In this paper, an aero-engine fault diagnosis methodology based on the constructed
comprehensive experimental platform taking into account damage repair and the improved
Gray Wolf optimization algorithm to optimize the least squares support vector machine is
comprehensively validated. The experiment adopts a multilevel evaluation system, covering
the dimensions of single fault type identification, concurrent diagnosis of multiple faults, repair
state assessment, and real-time performance testing. The comparison benchmarks include
classical methods such as traditional support vector machine, back propagation neural network,
random forest, standard least squares support vector machine, and particle swarm optimization
least squares support vector machine, which are fairly compared by unified data sets and
evaluation criteria. The comparison results of the experimental results are shown in Table 4.
The experimental results show that the improved Gray Wolf Optimization-Least Squares
Support Vector Machine method proposed in this paper exhibits significant advantages in all
four types of typical fault diagnosis tasks. The overall diagnostic accuracy reaches 97.8%,
which is an average improvement of 6.5 percentage points compared with the traditional
method, fully verifying the effectiveness and advancement of the method.
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Table 4: Comparison of fault diagnosis accuracy rates by different methods

_ . Bearing B!ade Combusti_on Other Average
Diagnostic methods failure (%) failure chamber failure faults | accuracy rate
(%) (%) (%) (%)
Traditional support | g4 4 87.6 85.2 88.1 87.6
vector machine
BPNN 91.2 89.4 87.8 90.3 89.7
Random Forest 92.8 90.7 89.1 91.6 91.1
Standard least
squares support 93.5 91.8 90.4 92.7 92.1
vector machine
PSO-LSSVM 95.1 93.2 92.3 94.2 93.8
GA-LSSVM 94.7 97.6 96.8 93.8 93.4
IGWO-LSSVM 98.4 93.6 97.5 98.2 97.8

The identification correct rate of the method proposed in this paper in bearing fault
diagnosis is 98.4%, which is 9.1% higher than that of the method based on the support vector
machine, mainly because the improved gray wolf optimization algorithm can effectively
optimize the parameters of the least-squares support vector machine and incorporate the damage
repair information, while the bearing faults generally show certain periodic shock
characteristics, the optimal kernel function parameters obtained by using the improved gray
wolf optimization algorithm can The optimal kernel function parameters obtained by the
improved gray wolf optimization algorithm can better distinguish this nonlinear fault
characteristic.

Meanwhile the repair history information gives the algorithm more bases for state
discrimination. The model test results show that the blade fault identification accuracy is 97.6%,
which is 5.8% higher than the least squares support vector machine, indicating that the high
frequency vibration signals caused by the blade crack growth are better described by the newly
constructed radial basis kernel function, and the adaptive search capability based on the
improved Gray Wolf algorithm also ensures the best pairwise relationship between the
regularization factor and the parameters of radial basis kernel function, which can overcome
the over-learning and under-learning phenomena well.

Among them, the accuracy of combustion chamber fault detection is 96.8%, combustion
chamber faults are mainly based on temperature field and pressure fluctuations to determine the
existence of faults, and then use the modified Gray Wolf algorithm under the collaborative
decision-making of a variety of signals to assist in dealing with the mixed-type faults, and its
accuracy is improved by 11.6% compared with the previous one; the rest of the various fault
categories are able to achieve a high classification accuracy of 98.2%, respectively, and include
the compressor instability, turbine blade over-temperature and pipe rupture faults, and other
categories. The improved Gray Wolf Optimization-Least Squares Support Vector Machine
algorithm is used to obtain a suitable classifier for multiple categories by performing a global
search for the optimal parameters, which establishes an effective distinction between different
fault types.

5 Conclusion

This paper establishes a least squares support vector machine fault diagnosis model based on
the combination of damage repair theory and the improved gray wolf optimization algorithm.
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The application of damage repair theory is a major feature of this paper, which breaks through
the limitations of the original model, and utilizes the information containing the damage repair
process as the evaluation index, so that the fault diagnosis results can reflect the overall
condition of the part. The experimental results show that the diagnostic method containing
repair information for all types of fault identification in the average accuracy of 0.6 percentage
points, improve the gray wolf algorithm for parameter optimization accuracy of 97.8%, than
the BPNN algorithm convergence speed increased by 8.1%. There are still some areas for
further improvement and shortcomings in this study.

The fault mechanism model is not deeply mined, and the existing method is mainly based
on statistical learning of data, which is more lacking in the physical analytical modeling of
faults, and does not well grasp the law of fault development, which may lead to the fact that the
method cannot be effectively applied to emerging fault forms and fault prognosis. Multi-sensor
data fusion technology needs to be improved, although the introduction of vibration,
temperature, pressure and other types of sensors. However, the integration method is relatively
simple and does not take into account the complementarity and redundancy of information
between the sensors, and how it affects the diagnostic effect in the case of sensor failure or poor
signals remains to be further explored. These shortcomings point out the direction for the
subsequent research, which needs to be gradually improved through the combination of
theoretical deepening, algorithmic improvement and engineering practice.
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