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ABSTRACT: Winding deformation is a predominant cause of transformer failures and critically compromises the safe,
reliable, and economic operation of power systems. To overcome the inadequacy of the conventional three-dimensional
(3D) Lissajous curve method in discriminating among various types of winding faults, this paper proposes an online
monitoring method for transformer winding deformation based on 3D Lissajous curves. In the proposed method, the
primary current di; (¢) /dt, the derivative of the primary current di; (¢) /d¢, and the voltage difference between the
primary and secondary sides Au (t) are adopted as the coordinate axes to construct 3D Lissajous curves. Through
simulation modeling, the variation patterns of the curve shape characteristics are qualitatively analyzed under both
sinusoidal and non-sinusoidal (including harmonic) excitation conditions. Furthermore, by integrating covariance
matrix analysis with adaptive particle swarm optimization (APSO), characteristic parameters corresponding to different
fault types are extracted and subsequently input into a support vector machine (SVM) for fault classification and
identification. Simulation results demonstrate that the proposed method achieves a fault classification accuracy of
98.15% and exhibits high classification stability under diverse operating conditions. This study presents a novel technical
approach for online monitoring and fault-type discrimination of transformer winding deformation.

KEYWORDS: Power transformer; winding deformation; online detection; characteristic graph method

1 Introduction

Power transformers are fundamental components of electrical grids, primarily responsible for power
transmission and voltage conversion [1]. As one of the most critical and costly pieces of equipment in power
systems, their failure can severely disrupt grid reliability and operational stability [2,3]. Among various failure
mechanisms, winding deformation is recognized as one of the most destructive. Studies indicate that faults
attributable to winding deformation account for approximately one-third of all transformer failures [4]. In its
early stages, winding deformation often exhibits no apparent symptoms; however, under continuous opera-
tional stress, the damage tends to accumulate progressively, potentially leading to irreversible deterioration of
the transformer’s integrity over time [5,6]. Therefore, the development and application of effective technical
methods for accurately detecting winding deformation in power transformers are essential to ensuring the
secure and reliable operation of power networks.
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Conventional techniques for detecting winding deformation primarily include the short-circuit
impedance method [7], frequency response analysis (FRA) [8], and the low-voltage impulse (LVI)
method [9]. While widely adopted in maintenance practices, these approaches share a fundamental limi-
tation: they are offline diagnostic methods that require the transformer to be de-energized and taken out
of service. Consequently, their application is restricted to periodic inspections, rendering them unsuitable
for continuous condition monitoring or early fault warning. Furthermore, the diagnostic accuracy of these
techniques can be compromised by factors such as measurement repeatability, inconsistent test setup, and
varying environmental conditions. These factors often lead to ambiguous or inconclusive interpretations,
particularly in cases of incipient or marginal faults.

To overcome the limitations of offline techniques, several online monitoring methods have been
proposed in recent years, including online frequency response analysis [10], vibration-based monitoring [11],
and ultrasonic detection [12]. Online FRA has demonstrated potential for detecting winding deformation;
however, its diagnostic performance is often constrained by the insufficient physical interpretability of
frequency-domain features and high sensitivity to operating conditions [13,14]. Vibration-based methods
suffer from low signal-to-noise ratios in sub-stations and are highly susceptible to environmental noise
and harmonic interference, which can severely degrade diagnostic accuracy [15,16]. Ultrasonic techniques,
although repeatable under controlled conditions, are strongly influenced by background acoustic noise,
complex propagation paths, and sensor installation positions, leading to unstable echo characteristics and
limited reliability in field applications [17,18].

To avoid deploying additional equipment while achieving real-time, accurate online monitoring of
transformer winding deformation, reference [19] proposed a method that constructs a two-dimensional (2D)
Lissajous curve from the terminal voltage and current waveforms of the transformer. Winding deformation
is diagnosed by analyzing morphological changes in the resulting curve. Building on this approach, refer-
ence [20] extracted four characteristic parameters from the curve and established mathematical models that
link these parameters to specific fault types and their severity levels. Reference [21] investigated the influence
of signal frequency on the curve’s parameters and incorporated cloud computing to develop a remote
monitoring system. To advance diagnostic automation, reference [22] integrated the 2D Lissajous curve with
a support vector machine (SVM), enabling early-stage fault diagnosis with a classification accuracy of 82%.
Reference [23] introduced a fault diagnosis framework based on 2D Lissajous trajectory features and artificial
neural networks (ANN), demonstrating accurate identification and localization of five types of internal faults.

Nevertheless, these methods are limited to two-dimensional graphical analysis and fail to exploit the
multidimensional information inherent in terminal electrical signals fully. Moreover, they lack a systematic
consideration of the impact of complex operating conditions on affect monitoring performance during actual
service. Consequently, their diagnostic accuracy and operational robustness remain limited in practical
engineering applications. To further enhance monitoring performance, reference [24] proposed an online
data-driven method based on a 3D Lissajous curve, introducing the current differential value as the third
dimension. This extension constructs a richer state-feature space, enabling accurate short-circuit impedance
identification through a data-driven algorithm. However, this research remains confined to determining fault
occurrence from the curve and lacks a practical approach for distinguishing fault types. Furthermore, the
rich spatial and geometric information embedded in the 3D Lissajous curve remains underexploited, which
limits the further application of this method for precise diagnosis.

To address the aforementioned challenges, this paper proposes an online monitoring method for
transformer winding deformation based on 3D Lissajous Curves. First, a 3D Lissajous curve is constructed
using the primary current i; (¢), the derivative of the primary current di; (¢) /d¢, and the voltage difference
between the primary and secondary sides Au () as coordinate axes. Corresponding spatial curves for typical
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winding faults are simulated under both sinusoidal and non-sinusoidal excitation. To thoroughly explore
their intrinsic geometric characteristics, feature parameters are extracted using the covariance matrix and an
adaptive particle swarm optimization (APSO) algorithm with adaptively adjusted inertia weight and learning
factors. These parameters include the lengths of the major and minor axes, eccentricity, the inclination
angle of the major axis relative to the XY-plane, and planar parameters, thereby quantifying morphological
variations in the curves. Subsequently, the extracted feature parameters are input into an SVM for fault
classification, and the model’s adaptability is evaluated under various operating conditions. Comparative
experiments against conventional fault diagnosis methods based on 2D Lissajous curves demonstrate that
the proposed approach achieves superior classification accuracy and reliability. Furthermore, this method
requires no additional detection equipment, offering the advantages of low cost and ease of implementa-
tion. It thus provides a novel technical pathway for the online monitoring and classification of winding
deformation faults.

2 Principle and Analysis of the Lissajous Curve
2.1 Basic Principle

When two sinusoidal signals are superimposed along perpendicular axes, they form a closed trajectory
known as a Lissajous curve, provided that their frequencies are integer multiples of one another. If the
frequency ratio of two sine signals, x (¢), y (t) is L:1, their functional expressions can be defined as follows:

x(t) = Ay cos (wt + 0;)

y(t) = Aycos (wt + 6,) 1)

where A; and A, are the amplitude of the signal x (¢), y (t), respectively; w is the signal frequency; 6, and
6, are the phase angle of the signal x (¢), y (), respectively.

After eliminating the parameter wt in the above formula, the following expression is obtained:
2 2

x y 2xy .
Al A7 AA, cos (61 - 6,) = sin® (6, - 6,) @

In the Cartesian coordinate system, the Lissajous curve assumes different forms depending on the
value of the phase difference 0, — 0,. When 6, — 0, equals 0 or 7, the curve forms a straight line; when
0, — 0, lies between 0 and 7, it takes the shape of an ellipse. During normal operation of a transformer, the
terminal voltage and current both vary sinusoidally at the same frequency. However, due to the influence
of magnetization characteristics and load impedance, a certain phase deviation exists between the electrical
quantities on the two sides. As a result, the curve constructed from the terminal voltage and current forms
an ellipse.

2.2 Construction of the 3D Lissajous Curve for Transformers

The T equivalent circuit of the secondary side of the single-phase double-winding transformer reduced
to the primary side is shown in Fig. 1 [19]. In the diagram, u; (t), uy (t), i1 (¢), i» (¢) are the voltage and
current of the primary and secondary sides of the transformer; Ry, R,, L;, L, are the equivalent resistance
and inductance of the primary and secondary windings, Au (t) is the voltage difference between the primary
and secondary sides, and Z; is the secondary side load.
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Figure 1: T equivalent circuit of a transformer.

From the equivalent circuit diagram in Fig. 1, we obtain:

Au(t) = w () - s (1)
=R1i1(t)+L1di1(t)/dt (3)
FRois (1) + Ly iy (1) /dt

In practical engineering applications, the excitation current is sufficiently small to be neglected;
consequently, i (t) = i, (t), and Eq. (3) can be simplified as:

Au(t) =uy (t) —uy (t) = Riy (t) + Ldiy (¢) /dt (4)

where R = R; + R; is the equivalent total resistance of the windings, and L = L, + L, is the equivalent total
leakage inductance of the windings.

Given the difficulty of directly obtaining the differential of the measured value, it can be solved by an
integral operation on both sides of Eq. (4):

S Au(t)dt =R [,” iy (£)dt+ Lir (t2) — iy (1)]

: (5)
S Au(t)yde=R [ i (t)dt + L i () — it (tamr)]
When the time step is T, the trapezoidal integration yields:
n—1 n—1
(3) T (Aupn + 2u) =R(3) T (irgesn) + ivgr))
k=1 ke (6)
+L Y (ingken) = iah))

1

k

According to Section 2.1, this paper combines two 2D Lissajous curves Au (t) —i; (¢) and Au (t) -
di; (¢) /dt to construct 3D Lissajous curves with i, (t), di; (t) /dt, Au(t) as x, y, z axes respectively, as
shown in Fig. 2. It is observed that the resulting 3D Lissajous curve lies entirely within a specific plane
in space and is mathematically represented by Eq. (6) [24]. Since the parameters of transformer winding
resistance and leakage inductance are closely related to the winding structure and relative positions, any
winding deformation that alters the geometric dimensions will cause corresponding changes in the winding
resistance and leakage inductance, thereby leading to detectable variations in the spatial curve.
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Figure 2: 3D Lissajous curve.

3 Transformer Winding Deformation Simulation

3.1 Transformer Model Construction

Reference [19] indicates that transformer windings can be represented by distributed RLC equivalent
circuits, as shown in Fig. 3. In Fig. 3, R, and L, represent the winding resistance and inductance in the
distributed equivalent circuit, respectively. C; and C, represent the capacitance between the winding
pancakes and the winding to ground capacitance, respectively. When the transformer is subjected to
mechanical damage such as winding deformation, core displacement, or external short-circuit faults, the
parameters of resistance, capacitance, and inductance in its equivalent circuit will change accordingly [25].
Axial displacement alters the relative positions of the high-voltage and low-voltage windings, reducing the
winding inductance. Radial deformation causes the high-voltage winding to expand outward, increasing
its inductance and decreasing inter-disk capacitance. Inter-disk short circuits alter the transformer ratio,
with faults of varying severity represented by different numbers of short-circuited RLC loops in the winding
equivalent model.

Figure 3: Distributed parameter RLC equivalent circuit of a transformer winding.

To investigate winding deformation faults, a distributed parameter transformer model was established
using PSIM circuit simulation software, as shown in Fig. 3. The modeled transformer has a rated voltage
of 35/10.5 kV and consists of 60 disks. Simulations were performed for inter-disk short-circuits, axial
displacement, and radial deformation. The fault severity was varied by setting the proportion of faulty disks
to 30% and 60% of the total winding. To facilitate online monitoring, a 50 Hz sinusoidal voltage source was
employed as the excitation signal.
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3.2 Fault Simulation under Sinusoidal Input

The simulated data were processed in MATLAB using trapezoidal integration to generate 3D Lissajous
curves for both standard windings and various fault conditions, followed by spatial curve analysis. Fig. 4a
presents the 3D Lissajous curves for 30% and 60% inter-disk short-circuit faults in the transformer winding.
As illustrated, with increasing fault severity, the fault curves exhibit significant deviation from the standard
winding curve. In three-dimensional space, the fault curve progressively moves away from the plane
associated with the regular winding and shifts notably toward the XY plane. Concurrently, both the major and
minor axes of the fault curve expand substantially, resulting in a clear increasing trend in the enclosed area.
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0.2 / 0.2+ ~
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Figure 4: 3D Lissajous curves for different fault types at 30% and 60% severity under sinusoidal input conditions:
(a) Inter-disk short-circuit fault; (b) Axial displacement fault; (c) Radial deformation fault.

Fig. 4b displays the 3D Lissajous curves for transformer windings with 30% and 60% axial displacement.
As illustrated, as the fault severity increases, the fault curve shows slight deviations relative to the standard
winding curve. It gradually departs from the reference plane of the regular winding in three-dimensional
space and shifts moderately toward the XY plane. The major and minor axes of the fault curve increase
modestly, leading to a gentle expansion of the curve.

The 3D Lissajous curves for transformer windings with 30% and 60% radial deformation are shown
in Fig. 4c. As illustrated, with increasing fault severity, the fault curves demonstrate slight deviations from
the standard winding curves. The fault curve gradually leaves the plane corresponding to the regular winding
in three-dimensional space and moves slightly away from the XY plane. Notably, the major axis of the fault
curve decreases, a trend that differs from those observed in short-circuit faults and axial displacement faults.



Energy Eng. 2026;123(6):7 7

3.3 Fault Simulation under Non-Sinusoidal Input

With the rapid development of modern power systems toward intelligent and distributed paradigms,
the large-scale integration of renewable energy, widespread deployment of distributed generation, and
proliferation of power electronic devices across industrial, transportation, and residential applications
have progressively established non-linear loads as dominant components in power networks. These loads
achieve energy conversion through switching operations, exhibiting distinctly non-linear voltage-current
characteristics that cause severe distortion in grid voltage waveforms, thereby posing multifaceted challenges
to system stability and equipment security. To investigate the impact of harmonic-distorted input voltages
on the proposed 3D Lissajous curves, the primary-side input voltage was constructed as a superposition of
a fundamental-frequency component and a third-order harmonic component, expressed as:

uy (t) = Upsin (wt) + Us sin (3wt + ¢3) (7)

where U, is the amplitude of the fundamental component, U; is the amplitude of the third-order harmonic
component, and ¢3 is the harmonic phase angle. In this study, the third-order harmonic amplitude was
set to Us = 0.1U;, and the harmonic phase angle was set to @3 = 30°, representing a severely distorted
operating condition. Under this configuration, the total harmonic distortion (THD) of the input voltage is
10%. Fig. 5 illustrates the corresponding 3D Lissajous curves under various fault conditions in the presence
of harmonic interference.

E——

Healthy Healthy
30% inter-disk short-circuit A —— | 30% axial displacement
-~ 60% inter-disk short-circuit ™ I 60% axial displacement

di,/dt (Alms)

(@) (b)

Healthy
30% radial deformation
60% radial deformation

-0.1
di, /dt (A/ms)
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Figure 5: 3D Lissajous curves for different fault types at 30% and 60% severity under non-sinusoidal input conditions:
(a) Inter-disk short-circuit fault; (b) Axial displacement fault; (c) Radial deformation fault.
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As shown in Fig. 5, the presence of harmonic components significantly alters the geometric shape of
the 3D Lissajous curve. Specifically, Fig. 5a shows that, under inter-disk short-circuit faults with harmonic
distortion, the fault curve progressively approaches the XY plane as the fault severity increases, accompanied
by significant expansion of both the major and minor axes and a marked enlargement of the enclosed
area. Fig. 5b demonstrates that, under the same harmonic conditions, as axial displacement increases, the
fault curve gradually moves toward the XY plane, with both axes lengthening and the curve exhibiting an
outward expansion. As seen in Fig. 5¢, for radial displacement faults in the presence of harmonics, the curve
gradually shifts away from the XY plane as the fault severity increases, its major axis shortens, and the overall
curve contracts inward.

4 Spatial Geometric Feature Extraction

The preceding sections conducted simulation studies on typical transformer faults under both sinu-
soidal and non-sinusoidal excitation conditions, providing a preliminary qualitative analysis of the impacts
of different fault types based on the spatial morphology of the 3D Lissajous curves. The simulation results
indicate that different fault types produce distinguishable variations in the trajectory’s shape, deflection
angle, and spatial distribution. However, qualitative analysis alone has limitations in accurately identifying
specific fault types. To quantitatively characterize these curve variations, this paper calculates a set of
feature parameters derived from the 3D Lissajous curve. In the 2D Lissajous curve analysis method,
geometric parameters—particularly the lengths of the major and minor axes, eccentricity, and the angle—
have been extensively validated as effective indicators for diagnosing winding deformation [19-21]. These
features sensitively capture geometric distortions in 2D Lissajous curves resulting from winding deforma-
tion, while also demonstrating strong stability and repeatability. This paper extends the methodology to
three-dimensional space, aiming to retain the advantages of the two-dimensional approach while further
enhancing the ability to identify winding deformation faults by leveraging the richer information provided
by the additional dimension.

To fully exploit the unique spatial structural characteristics of 3D Lissajous curves, this study introduces
planar parameters as supplementary features. The selection of these features over other geometric features
is primarily motivated by the following considerations. First, the major axis, minor axis, eccentricity,
and angle exhibit clear physical correlations with the magnitude and phase relationships of voltage and
current, directly reflecting the overall scale and orientation of the curve. As a result, they are susceptible
to variations in electrical parameters caused by winding deformation faults. Second, planar parameters
effectively characterize the curve’s spatial position in three-dimensional space and provide insight into
changes in the winding leakage reactance. In contrast, localized geometric features—such as curvature—
are more susceptible to harmonic interference and demonstrate comparatively lower stability. Consequently,
they are not adopted as primary identification features in this work.

4.1 Analysis of Covariance Matrix

Due to digital sampling, the 3D Lissajous curve can be regarded as a spatial point set composed of
iy (t), diy (¢) /dt, Au (t). To quantify the shape characteristics of the 3D Lissajous curve, this paper employs
covariance matrix analysis for feature extraction. The core idea of this method is to regard a series of discrete
point sets as a multivariate data distribution. By calculating the covariance matrix of the distribution and
analyzing the eigenvalues and eigenvectors, the main distribution direction and stretching degree of the data
point set in space are revealed, to describe the geometric characteristics of the 3D Lissajous curve [26].
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Firstly, the data of N sampling points are averaged and centralized:

N N N
,lexJ Zlej ZIFZJ
Jj= j= j=
Cx = N b Cy = N > CZ = N (8)
F’ =F]—Cx
F’ =F,;-C, (9)
F’ i~ C,

where, Cy, C,, C, are the center of the ellipse, Fy, Fj, F;j, are the primary current, derivative of the primary

yi>

current and the voltage difference between the primary and secondary sides obtained by the trapezoidal

approximation method in Eq. (6).

FI

xj?

F)’, e F] jare the values after centralization.

The calculation of the spatial curve covariance matrix A is as follows:

- N -
72 I s I
El Ey; jz FeiFyj g FyjFe
N
! ;2 I o
A= ]ZlFxJFJ’J J.Z ij ZF}’JFZJ /N (10)
! o / r 2
_J.ZIFXJFZJ .ZFJ zj ZIFZJ |

The characteristic decomposition of the covariance matrix A is performed to solve the characteristic
equation:

Av;=A;v;,i=1,2,3 (11)

where 1; > A, > A5 are eigenvalues, v;, v,, v3 are the corresponding eigenvectors. The eigenvalue represents
the degree of extension of the ellipse in each principal axis direction. The maximum eigenvalue A; corre-
sponds to the square of the major axis of the ellipse, and the intermediate eigenvalue A, corresponds to the
square of the minor axis of the ellipse. The eigenvectors of the two eigenvalues point to the major axis and
the minor axis of the ellipse, respectively. The eigenvector corresponding to the minimum eigenvalue A5 is
the normal direction of the ellipse. Then the major axis length [, and the minor axis length [, of the ellipse
are as follows:

o=Vl =k

Based on the above geometric significance, this paper defines the ellipse’s major and minor axes /, and
Iy, the eccentricity e, and the angle v between the ellipse’s major axis and the XY plane as spatial geometric
features. The calculation formulas of e and y are as follows:

) (13)

where vy, is the component of the eigenvector v; in the z-axis.

(12)

-1
o+,

¥ = arcsin (
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4.2 Extraction of Plane Parameters Based on APSO Algorithm

From the above, it can be seen that the 3D Lissajous curve lies in a space plane, which transforms the
plane recognition problem into an optimization problem, and that the APSO algorithm is used to calculate
the planar parameters.

As a classical heuristic optimization algorithm, particle swarm optimization (PSO) is inspired by the
foraging behavior of birds. Its core idea is to find the optimal solution the problem by using the mutual
cooperation and information sharing among individuals in the group [27]. Suppose that there are m particles
in the search space, x;, = (x1, X2, - -, X, ) denotes the position of m particles in the search space at the ¢,
iteration. v;, = (v1,v2, - -+, v,y ) denotes the velocity of m particles at the ¢, iteration. pbest represents the
optimal position searched by the particle itself; gbest represents the optimal position searched by the group.
The velocity and position update formula of the particle is:

Ve, = Vi1 W+ ¢ randl- (pbest — x;, 1)

+cy-rand2 - (gbest — x;, 1) (14)

Xt, = Xp,—1 T Vi, (15)

where w is the inertia weight, ¢, is self-learning factor and c, is social learning factor; randl and rand2 are
random numbers that change between [0, 1].

However, the fixed parameters w, ¢;, and ¢, in the PSO algorithm limit the optimization ability of
the particles, making it difficult to fly to a better position in time due to excessive inertia, and eventually
falling into a local optimum [28]. To achieve accurate identification across different working conditions, an
adaptive inertia weight and an adaptive learning factor control strategy are introduced into the traditional
PSO algorithm, constructing a dynamic mapping between the iterative process and the search behavior to
adapt to different problem types and search environments. APSO has dual advantages: it can maintain the
particles’ wide-area search ability in the early stages of iteration and avoid premature convergence of the
algorithm. With each iteration, the algorithm places greater emphasis on local search for the optimal solution,
thereby improving its quality. Therefore, this paper updates the inertia weight w based on the number of
iterations according to Eq. (16), causing w to gradually decrease.

W = Wnin + (Wmax - Wmin) : e—10><( T:‘:“X) (16)

where W, is the maximum inertia weight and wp,;, is the minimum inertia weight, respectively, and Tp,ax
is the maximum number of iterations.

To achieve the optimal balance between global search and local development, update the learning factor
according to Eq. (17) as the number of iterations increases.

Cmax—Cmin )*t
€1 = Cmax — %
(Cmax_cmin)'tn

Tmax

17)
€2 = Cmin t

where ¢y is the maximum learning factor and ¢y, is the minimum learning factor.

In the APSO algorithm, each particle represents a potential solution to a planar parameter problem.
The motion state of the particle is dynamically updated by the velocity vector (determining the moving
step) and the position vector (determining the moving direction). This process depends on the particle’s
current optimal position and its optimal position in the group, and the fitness function evaluates the particle’s
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position. Based on the above Eq. (6), this paper establishes a planar parameter identification model with the
minimum sum of squared residuals as the fitness function J, as shown in Eq. (18):

(

n-1 2

) ¥ (Dutgar + Dug)
1

n—1
) 2 (g + 1)) (18)

S
~
Il

J=min{ —R(

Lol

n

L iy (ke1) = i1(k) )
k=1

According to the above analysis, the steps of planar parameter identification based on the APSO
algorithm are as follows:

(1) Define the parameters to be identified, particle dimension, and fitness function. The parameters to
be identified are R and L, that is, the particle dimension is 2-dimensional, and the search space is
2-dimensional. Set the appropriate population size and number of iterations.

(2) Initialize the position and velocity of the particle swarm, and calculate the fitness value of the particle
swarm according to Eq. (18), and obtain the optimal position of the individual and the population.

(3) Iterative update. The inertia weight and learning factor are updated by Eqs. (16) and (17). The velocity
and position of each particle are updated by Eqs. (14) and (15). The fitness value of the particle is
calculated and compared with the optimal position of the historical individual and the population.
Update yourself on the optimal position of the population.

(4) Determine whether the maximum number of iterations has been reached. If the requirements are
met, the identification is completed and the optimal positions of the population, namely the R and L
parameters, are output; otherwise, the iteration continues.

The process of parameter identification of the APSO algorithm is shown in Fig. 6. A summary of all
APSO parameters is provided in Table 1.

5 Feature Extraction Results Analysis
5.1 Comparative Analysis of Algorithms

To verify the effectiveness and superiority of the APSO algorithm used in this paper for the planar
parameter identification problem, this paper compares it with the traditional PSO algorithm and the
Harris- hawks optimization algorithm (HHO), which has strong optimization ability and few controllable
parameters [29]. Due to the low particle dimension of the method proposed in this paper, given the different
update strategies across algorithms, the population size is set to 50, the maximum number of iterations to
100, and the sum of residual squares as the fitness function. According to the previous analysis, the inter-disk
short-circuit fault under non-sinusoidal input has the most significant effect on the curve, so this working
condition is selected to verify the performance of the three optimization algorithms. The convergence curves
of fitness values for different optimization algorithms are shown in Fig. 7.
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Figure 6: APSO flowchart.

Table 1: APSO parameter configuration used in this study.

Parameter Symbol Value Description
Swarm size N; 50 Number of particles in the swarm
Maximum iterations Tnax 100 Upper bound on optimization iterations
Inertia weight (maximum) Winax 0.9 Initial inertia weight
Inertia weight (minimum) Whnin 0.4 Final inertia weight
Learning factor (maximum) Cmax 2 Learning coefficient
Learning factor (minimum) Cmin 0.5 Learning coeflicient
The sum of the squares of the errors
Fitness function — RSS between each data point and its predicted
value

Implementation platform — MATLAB R2023b Software environment
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Figure 7: Convergence curves of fitness values for different optimization algorithms.

As shown in Fig. 7, the HHO algorithm has the fastest convergence speed, the APSO algorithm is
second, and the PSO algorithm is the slowest. The iterative convergence times of the three algorithms are 10,
27, and 38, respectively. Although the HHO algorithm converges rapidly, its fitness value is 5.0238E—4, the
PSO algorithm is 2.5339E-5, and the APSO algorithm is 1.7058E—6, which is the smallest of the three. The
results show that the APSO algorithm achieves a good balance between convergence speed and optimization
accuracy, delivers better parameter identification within a reasonable number of iterations, and exhibits
higher comprehensive performance.

5.2 Analysis of Spatial Geometric Features

To quantitatively analyze the influence of different fault types on the shape of 3D Lissajous curve,
based on the analysis method established in Section 4, the geometric characteristic parameters of spatial
curve under various working conditions are extracted in MATLAB, include the lengths of the major and
minor axes, eccentricity, the inclination angle of the central axis relative to the XY-plane and parameters
(R, L) describing the plane where the curve is located. Under sinusoidal input, the calculation results of
characteristic parameters corresponding to different fault types are shown in Table 2.

Table 2: Characteristic parameters of various fault types under sinusoidal input.

Planar Parameters

Situation Major Axis Minor Axis Eccentricity Angle (R, L)
Healthy 0.1956 0.0013 0.9868  43.66 3.766, 0.954
Inter-disk short-circuit fault 30% 0.2311 0.0015 0.9871 33.74 2.637,0.668
60% 0.3058 0.0016 0.9896  20.89 1.506, 0.382
Axial displacement fault 30% 0.2042 0.0014 0.9864  40.81 3.409, 0.868
P 60% 0.2137 0.0015 0.9861  38.04 3.861, 0.782
30% 0.1932 0.0013 0.9866  44.51 3.880, 0.983

ial deformation faul
Radial deformation fault 00101 0.0013 09865 4533 3.994,1.012




14 Energy Eng. 2026;123(6):7

As shown in Table 2, during an inter-disk short-circuit, the major and minor axes of the curve increase
significantly with fault severity. In contrast, eccentricity increases, and the angle decreases. The curve
exhibits noticeable spatial deflection, while the planar parameters decrease substantially. In the case of axial
displacement faults, both major and minor axis lengths increase slightly, though the overall change remains
limited; the eccentricity tends to decrease, the angle decreases, and while the planar parameter R shows no
clear trend, parameter L decreases. For radial deformation faults, the curve contracts along the major axis,
with no significant change in minor axis length, and the eccentricity decreases slightly; the angle increases,
and the planar parameters rise accordingly. The above analysis demonstrates that different fault types exhibit
distinct patterns of variation in the geometric parameters of the 3D Lissajous curve. Consequently, by
extracting and analyzing features such as the major and minor axes, eccentricity, angle, and planar parameters
of the curve, winding fault types can be effectively identified and distinguished.

Under non-sinusoidal input conditions, the characteristic parameters for each fault type are summa-
rized in Table 3. As shown in the table, although harmonic components are present in the input voltage,
the overall variation trends of the characteristic parameters for each fault type remain largely consistent
with those under sinusoidal excitation. However, the introduction of harmonics disturbs some parameters.
Specifically, under non-sinusoidal excitation, the characteristic parameters related to the major axis show
an increase compared to those under sinusoidal conditions. In contrast, the variation in the minor axis
parameters is relatively small and shows no significant differences. This asymmetric change between the
major and minor axes further increases the eccentricity. To quantify the influence of harmonics on the
characteristic parameters, the 60% fault-severity case is used as an example for comparative analysis.
For an inter-disk short-circuit fault, the major axis under non-sinusoidal input is 0.82% higher than
under sinusoidal input. For axial displacement faults, the major axis increases by 0.56%, and for radial
deformation faults, it increases by 0.52%. Although the increase in the major axis is not substantial, in
practical engineering applications, such minor changes could interfere with the identification of early-stage
or slight winding deformation faults. It is worth noting that the characteristics of the minor axis, angle,
and planar parameters remain essentially consistent under both input conditions and are less affected by
harmonics, demonstrating strong robustness. Therefore, in harmonic-rich environments, parameters with
minimal harmonic interference can be preferentially selected as the primary basis for identifying winding
fault types, thereby enhancing the adaptability and reliability of the diagnostic method.

Table 3: Characteristic parameters of various fault types under non-sinusoidal input.

Planar Parameters

Situation Major Axis Minor Axis Eccentricity Angle (R, L)
Inter-disk short-circuit fault 30% 0.2325 0.0015 0.9872 33.74 2.638, 0.668
60% 0.3083 0.0016 0.9897 20.89 1.508, 0.382
Axial displacement fault 30% 0.2054 0.0014 0.9865 40.81 3.409, 0.868
P 60% 0.2149 0.0015 0.9861 38.04 3.862, 0.782
Radial deformation fault 30% 0.1943 0.0013 0.9867 44.51 3.883,0.983
60% 0.1920 0.0013 0.9865 45.33 3.996, 1.012

6 Fault Diagnosis and Quantitative Assessment
6.1 Construction of an SVM-Based Diagnostic Model

To precisely identify the types of winding deformation faults, a fault diagnosis model employing SVM
is established in this paper. SVM is a machine learning algorithm based on statistical learning theory, which
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maps input vectors into a high-dimensional feature space via kernel functions to construct an optimal
hyperplane. This approach demonstrates significant advantages in addressing pattern recognition problems
characterized by small samples and nonlinearity [30]. The radial basis function (RBF) is selected as the
kernel function, with the penalty coefficient set to ¢ = 8 and the kernel parameter to y = 10. As described
in Section 4, the six feature parameters extracted from the 3D Lissajous curve constitute the input feature
vector X = (I, I, e, ¥, R, L). The model output corresponds to three winding states: Inter-disk short-circuit
fault, axial displacement, and radial deformation. The specific classification process is illustrated in Fig. 8.

Transformer data
acquisition

.

Extracting geometric features based on
covariance

}

Extracting planar parameters based on
the APSO algorithm

}

SVM Classification

End

Figure 8: Fault diagnosis flowchart.

To validate the effectiveness of the proposed model, this study utilized a total of 177 sample datasets. The
collected samples encompass fault severity levels ranging from 2% to 98%, with an equal distribution of 59
samples per fault category. The datasets were randomly partitioned into a training set (124 samples) and a test
set (53 samples) at a 7:3 ratio. Model performance was quantified using accuracy, precision, and confusion
matrices. The calculation formulas for each metric are detailed in [31]. All experimental procedures were
implemented in MATLAB R2023b.

6.2 Diagnostic Findings Analysis
6.2.1 Classification Results under Sinusoidal Input

Under standard simulation conditions with a rated load, no measurement errors, and a sampling
frequency of 100 kHz, the classification results obtained using the aforementioned feature parameters and
the SVM model are shown in Fig. 9.



16 Energy Eng. 2026;123(6):7

Accuracy = 98.15%

- . 18
c
[0]
£
S 16
5 1 0 i
3 (5.6%)
h 14
<
<C
c 12
S
g
25 110
o o
s
kg 18
x
= 16
o
3
£ {4
s 0
X
s 12
3
£ L

Inter-disk short-circuit Radial deformation Axial displacement
Predicted label

Figure 9: Confusion matrix under sinusoidal input.

As shownin Fig. 9, the proposed method achieves a classification accuracy of 98.15%. Simulation results
demonstrate that the diagnostic model based on 3D Lissajous features and an SVM can accurately distinguish
interturn short circuits, radial deformation, and axial displacement faults with fault severity exceeding 2%.

6.2.2 Classification Results under Non-Sinusoidal Input

To evaluate the model’s robustness under non-ideal grid conditions, harmonic interference with a
Total Harmonic Distortion (THD) of 10% was introduced into the simulation power supply, as outlined
in Section 3.3. The fault data generated under these non-sinusoidal conditions served as the test set, which
was then used to train the SVM model established in Section 6.1 for classification. The corresponding
confusion matrix is shown in Fig. 10.

The analysis indicates that, even under significant harmonic interference, the model maintains an overall
classification accuracy of 98.15%. This result further validates the proposed method’s excellent adaptability
and robustness to non-sinusoidal inputs, underscoring its strong applicability in practical environments with
harmonic disturbances.

6.2.3 Classification Results under Load Variations

To verify the effectiveness of the proposed method under varying load conditions, tests were conducted
over a fault severity range of 2% to 98% at 20% intervals. Corresponding load ratios of 40%, 70%, 90%, 120%,
and 150% were configured for each fault level. The simulation data generated under all the aforementioned
operating conditions were compiled into a test dataset, which was then fed into the pre-trained SVM model
from Section 6.1 for classification. The confusion matrix for the classification results under varying load
conditions is shown in Fig. 11.
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Figure 10: Confusion matrix under non-sinusoidal input.
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As shown in Fig. 11, under test conditions encompassing a wide range of load variations (from 40% to
150%), the overall classification accuracy of the proposed method remains as high as 96.30%. This result
demonstrates that the method maintains excellent fault-discriminative capability and robustness across
diverse load conditions.

6.2.4 Classification Results at Different Sampling Frequencies

Variations in sampling frequency affect the numerical integration results of winding voltage and current
signals, leading to proportional scaling of the geometric dimensions of the corresponding 3D Lissajous
curves. This scaling effect can compromise classification accuracy. Notably, some parameters—such as the
inclination angle, eccentricity, and planar attributes of these curves—are scale-invariant. To eliminate the
scale-related interference introduced by varying sampling frequencies and to ensure feature consistency
across different sampling conditions, a frequency-based normalization method is proposed. Specifically, the
major and minor axis lengths derived at any sampling frequency f; are proportionally scaled relative to a
reference sampling frequency (f;o = 100 kHz). The normalization formula is defined as follows:

la,norm = lu : (é)
fso
lb,norm = lb : (f%)

where I, jorm and I, ,0,m represent the equivalent axial lengths normalized to the reference frequency. This
process effectively eliminates scale inconsistencies caused by differences in sampling frequency.

(19)

To validate the impact of sampling frequency on classification performance, fault datasets were gen-
erated at simulation sampling frequencies of 100 kHz, 50 kHz and 10 kHz. Feature normalization was then
applied using the formula described above. The normalized data were used as the test set and input into an
SVM model trained on reference data sampled at 100 kHz for classification verification. The comparison of
classification accuracy across different sampling frequencies is presented in Table 4.

Table 4: Comparison of classification accuracy under different sampling frequencies.

S li Precisi f Precisi f
Flimlll)ei::g Accuracy II:;I:IB?SE rel::;;)al; © Precision of Axial
APENEY (%) . . Displacement (%)
(kHz) Short-Circuit (%) Deformation (%)
10 96.30 100 100 88.9
50 98.15 100 100 94.4
100 98.15 94.4 100 100

As shown in Table 4, after data normalization, the classification accuracy experienced a slight decrease
when the sampling frequency was reduced to 10 kHz, yet it remained at a high level of 96.30%. This
indicates that the proposed method maintains robust fault-discrimination accuracy across varying sampling
frequencies.

6.2.5 Classification Results Considering Measurement Errors

In the practical construction of the 3D ellipse, measurement errors from instruments and rounding
errors in computation are inherently present. To evaluate the impact of measurement errors on fault
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classification, +0.5% amplitude errors were introduced into both the voltage and current signals in the
dataset. The data incorporating these errors was then used as a test set and input into the SVM model
established in Section 6.1 for classification. The classification accuracy under different error scenarios is
presented in Table 5.

Table 5: Classification accuracy considering measurement errors.

Precision of Precision of .. .
) . Accuracy X ) Precision of Axial
Situation (%) Inter-Disk Radial Displacement (%)
? Short-Circuit (%) Deformation (%) P °

Ideal 98.15 94.4 100 100
Au + 0.5% 98.15 100 100 94.4
Au - 0.5% 98.15 94.4 100 100
ii +0.5% 98.15 94.4 100 100
i —0.5% 98.15 100 100 94.4

As shown in Table 5, even with a £0.5% amplitude measurement error, the diagnostic model’s overall
accuracy remains consistently high at 98.15%. This indicates that the influence of such measurement
inaccuracies on classification performance is negligible.

6.2.6 Comparative Analysis with the 2D Lissajous Feature Method

To verify the superior performance of the proposed 3D Lissajous curve features in diagnosing winding
deformation faults, a comparative analysis was conducted against a diagnostic method based on 2D Lissajous
features and SVM. For the comparative method, key parameters of the 2D Lissajous curve—including its
major axis (/,,2p), minor axis (I »p), eccentricity (e,p), and angle (y,p)—were extracted using a covariance
matrix to form the feature vector X>p = (1,2p, lp.2p-> €20, W2p ). This vector was then input into an SVM
classifier identical to the one described in Section 6.1. The comparison utilized the same training set (124
samples) and test set (53 samples), and was performed under standard sinusoidal operating conditions. The
classification confusion matrix for the 2D Lissajous method is shown in Fig. 12. The proposed 3D Lissajous-
based method achieves an overall accuracy of 98.15%, which is markedly higher than the 90.74% achieved by
the conventional 2D Lissajous method. This represents a significant improvement of 7.41 percentage points.

The classification performance of the 2D Lissajous-based method under various non-ideal operating
conditions is summarized in Table 6. As shown, the overall classification accuracy of the method using
2D Lissajous features ranges from 87.04% to 90.74% across different test scenarios. In comparison, the
accuracy achieved by the proposed 3D Lissajous feature-based method ranges from 96.30% to 98.15%.
This comparative result demonstrates that, under both ideal testing conditions and a variety of complex
operational environments, the proposed 3D Lissajous feature-based approach exhibits significantly superior
diagnostic accuracy and enhanced model robustness relative to the conventional 2D Lissajous method.
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Figure 12: Confusion matrix for 2D Lissajous curves.

Table 6: Classification results table for 2D Lissajous curves under different operating conditions.

Precision of Precision of .. )
e L. Accuracy ) ) Precision of Axial
Situation (%) Inter-Disk Radial Displacement (%)
Short-Circuit (%) Deformation (%)
harmonic 90.74 77.8 100 94.4
Load variation 88.89 72.2 100 94.4
Sampling
frequency 10 kHz 87.04 66.7 100 94.4
Sampling
frequency 50 kiiz 88.89 77.8 100 88.9
Sampling
frequency 90.74 778 100 94.4
100 kHz
Au + 0.5% 90.74 72.2 100 100
Au —0.5% 90.74 77.8 100 94.4
i1 +0.5% 90.74 72.2 100 100
i1 —0.5% 90.74 72.2 100 100

6.3 Computational Efficiency and Real-Time Analysis

To ensure that the proposed method satisfies the real-time requirements for online monitoring of
transformer winding faults, an evaluation of the temporal consumption across each processing stage
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was conducted. The tests were performed on a platform running MATLAB R2023b, with a hardware
configuration comprising an Intel(R) Core i5-8265U processor and 8 GB of RAM. A dataset of 59 simulation
records was used, each sampled at 100 kHz and corresponding to one power-frequency cycle (20 ms). The
time distribution for the feature extraction stage is illustrated in the accompanying Fig. 13. As shown, the
predominant computational cost in this stage lies in the APSO module, whose complexity is mainly governed
by the population size (N;) and the maximum number of iterations ( Trax). To investigate the optimal trade-
off between computational efficiency and diagnostic accuracy, comparative tests were performed on different
parameter combinations, with the results detailed in Table 7.

45 T T
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Figure 13: Distribution of processing time per cycle in the feature extraction stage.

Table 7: The variation in stage-wise processing time and accuracy with population size and iteration number.

Stage N =50, Tmax =100 N =40, Tax =90 N =30, Tyax = 80 N =20, Tiyax =70
Covariance matrix (ms) 0.07 0.09 0.08 0.08
APSO (ms) 32.87 24.61 16.52 10.30
Feature extraction total time 3294 2470 16.60 10.38
per run (ms)
Classification time (ms) 0.09 0.10 0.16 0.13
Total processing time per run 33.03 24.80 16.76 1051
(ms)
Accuracy (%) 98.15 98.15 98.15 96.30

As shown in Table 7, the computational time of the proposed method is overwhelmingly spent in the
APSO-optimized feature extraction stage, accounting for 98% of the total processing time. In contrast, the
covariance analysis and SVM classification processes demonstrate exceptional efficiency, each requiring
less than 0.2 ms; thus, their impact on the overall system’s real-time performance is negligible. When the
parameters were optimized from (N = 50, Tiyax = 100) to (N = 20, Tiyax = 70), the average processing time
per diagnostic instance decreased significantly from 33.03 to 10.51 ms, representing a 68.18% improvement in
computational efficiency. Concurrently, diagnostic accuracy remained stable, consistently exceeding 96.30%.
Compared to the maximum accuracy of 98.15% achieved under the previous high-parameter configuration,
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the maximum observed precision degradation was limited to 1.85 percentage points. This indicates that the
method retains its core fault-identification capability even after parameter simplification.

These results demonstrate that, in engineering practice, judicious reductions in APSO optimization
parameters can substantially enhance algorithmic execution efficiency while incurring only a minimal com-
promise in diagnostic accuracy. This strategy effectively ensures that the real-time operational requirements
of online monitoring systems are met.

7 Conclusion

This paper presents a novel online monitoring method for transformer winding deformation based on
3D Lissajous curves. Spatial geometric features are extracted from the constructed curves using covariance
matrix analysis, while the corresponding spatial plane parameters are determined via an APSO algorithm.
These components collectively form an integrated set of feature parameters that effectively characterize the
state of the windings. Comparative analysis under both sinusoidal and harmonic-rich non-sinusoidal excita-
tion conditions demonstrates that the extracted feature parameters exhibit strong immunity to grid harmonic
interference. Simulation results based on an SVM fault diagnosis model confirm that the proposed method
can reliably identify winding deformations exceeding 2% in severity. Furthermore, the model maintains a
diagnostic accuracy of >96.30% under various practical disturbances—including harmonic distortion with
total harmonic distortion (THD) up to 10%, load variations ranging from 40% to 150%, fluctuations in
sampling frequency, and the introduction of +0.5% amplitude errors in both voltage and current signals—
indicating high robustness for engineering applications. Compared with conventional diagnostic approaches
based on 2D Lissajous curves, the proposed method achieves an approximately 7.41% improvement in diag-
nostic accuracy. Real-time performance analysis further verifies that the method satisfies the requirements
for online monitoring, demonstrating its practical feasibility in engineering contexts.

It is worth noting that the current investigation is primarily based on a simulation platform, and all
analyses and conclusions are derived from simulated data. During the modeling process, the structural
parameters of the windings and the fault types were simplified, and the influence of electromagnetic
interference typically present in actual operational environments was not fully taken into account. These
idealized assumptions limit the applicability of the proposed method in practical engineering contexts.
Moreover, although this study superimposed third-order harmonics with fixed amplitude and phase to assess
the method’s robustness under non-ideal input conditions, the harmonic components in real power grids
are considerably more complex, often comprising multiple orders and randomly phased harmonics.

In light of the above limitations, future work will systematically focus on the following three aspects: (1)
Further validation of the feasibility and accuracy of the proposed method through laboratory-scale physical
simulations or field measurement data; (2) Exploration and integration of noise suppression techniques
tailored for strong electromagnetic interference environments to improve the engineering applicability of
the method under complex operating conditions; (3) In-depth investigation of the method’s adaptability to
transformers of various types and capacities under diverse operating scenarios, with particular emphasis on
diagnostic performance under complex harmonic conditions involving multiple orders and random phase
characteristics, thereby enhancing its generalizability in engineering practice.
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