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Abstract: Hot-spot temperature of transformer windings is a crucial indicator of internal defects. However, current methods for

measuring the hot-spot temperature of transformers do not apply to those already in operation and suffer from data lag. This study

introduces a novel inversion method that combines ultrasonic sensing technology, multiphysics simulation, and the K-nearest

neighbors algorithm. Leveraging the penetrative ability and temperature sensitivity of ultrasonic sensing, a detailed physical field

simulation model was established. This study extensively investigates the characteristics of ultrasonic wave signals inside

transformers. The investigation includes different temperature fields, ranging from 40 C to 110 ‘C at 10 ‘C intervals, and various

ultrasonic wave emitter conditions. By extracting the key features of the acoustic signals, such as the peak time, propagation time, and

peak amplitude, an accurate inversion of the winding hot-spot temperature is successfully achieved. The results demonstrate that this

method achieves a high accuracy rate (98.57%) in inverting the internal winding hot-spot temperatures of transformers, offering an

efficient and reliable new approach for measuring winding hot-spot temperatures.

Keywords: Ultrasonic temperature measurement, non-destructive testing, oil-immersed transformers, machine learning

1 Introduction

Oil-immersed transformers are critical components of
power systems and play an important role in the
conversion and transmission of electrical energy (=31
Overloading and failures in the cooling system can
result in an increased winding hot-spot temperature,
which represents the highest temperature point within
the transformer windings [+ An abnormal increase in
the winding hot-spot temperature accelerates the aging
process of insulation materials, reducing their

insulating properties; however, in extreme cases, it can
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also trigger fires and explosions, posing severe threats
to the safety of operational personnel. In addition, such
incidents can affect the stable operation of power
systems and potentially lead to substantial economic
losses. Therefore, it is imperative to implement
effective monitoring of the winding hot-spot
temperature in transformers during normal operation
to prevent accidents and promptly diagnose internal
faults "),

Transformer winding temperature measurements
involve two main methods: indirect and direct. Indirect

methods "

use the top oil temperature and
electrical data with a thermal model to estimate
winding temperatures. However, these methods may
not be accurate owing to complex transformer
Direct

, such as thermoresistive and fiber-optic

structures and uneven heat transfer.
methods [+

2096-1529 © 2024 China Machinery Industry Information Institute
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sensors, offer higher precision by being placed near or
on the windings. Despite their precision, these sensors
can be challenging to install and maintain, can distort
the temperature field, and are susceptible to harsh
conditions, thereby affecting their reliability. Therefore,
there is a need for a technology that can monitor
internal temperatures without these drawbacks. This
study proposes a mnovel, non-contact, ultrasonic
emission-based technique for accurately determining
transformer winding hot-spot temperatures, leveraging
the ability of ultrasonic technology to provide
non-destructive, real-time monitoring with high
accuracy and sensitivity.

there have been

In recent years, significant

advancements and applications of ultrasonic

temperature measurement technology. This technology
is known for its convenient detection methods,

resistance to electromagnetic interference, wide

temperature measurement range, and high precision. It

has been implemented in various fields, including

military, industrial, and agricultural applications (7181

[19]

For instance, in 2020, John et al. applied an

ultrasonic temperature measurement system to a 500
MW coal-fired boiler for utility-scale temperature
monitoring and

conducted preliminary severity

assessments. Additionally, in 2022, Walton et al. (201

developed an ultrasonic method for measuring the

spatial distribution of the temperature in solid
materials, particularly within extreme process
containment ranges.

While ultrasonic  temperature = measurement

technology has yet to see widespread adoption in the
transformer sector, ultrasonic testing has demonstrated
significant development potential and practical value
as an efficient detection method. This technology can
identify the deterioration of the insulating materials
inside transformers and monitor the structural integrity
transformer

of the windings. During operation,

windings and other critical components may
experience minor deformations or damage owing to
prolonged thermal, mechanical, or electrical stresses.
Through the analysis of ultrasonic signals emitted
from these components, ultrasonic testing technology
thereby

preventing potential failures. Li et al. B ytilized a

can detect minute changes promptly,

split-type ultrasonic detection device for online

monitoring of changes in transformer windings,
guiding the maintenance and repair of electrical
equipment. This application for the detection of

transformer windings at substations proved the
effectiveness and practicality of this device. Moreover,
ultrasonic testing technology has been employed for the
detection of PDs in transformers ', Qian et al. =
proposed a transformer internal positioning method for
partial discharge based on GCC-MSSA, allowing for the
localization of partial

accurate discharges. This

facilitates the timely repair or replacement of
components, thus ensuring the reliable operation of
transformers. These achievements demonstrate the
emerging advantages of ultrasonic testing technology in
the internal applications of transformers, providing a
crucial theoretical basis for the feasibility study of
ultrasonics in transformer temperature measurement =

Despite the impressive performance of ultrasonic
temperature measurement technology in various fields,
it faces unique challenges in specific transformer
environments. The primary issue is that the existing
ultrasonic temperature reconstruction algorithms are
not suitable for the complex internal structure of
transformers. In these environments, determining the
propagation path of ultrasonic waves is difficult due to
multiple refractions and reflections. In addition, the
composition of multiple components inside the
transformers contradicts the assumption of a single
medium, thereby increasing the complexity of the
measurements.

This study introduces a novel method for hot-spot
temperature inversion in transformers, leveraging the
synergy between multi-physics simulation technology
and artificial intelligence algorithms 25 we developed
a high-fidelity simulation model that accurately
represented the heat dynamics of the transformer,
including the internal winding heat conduction, oil
convection, and air-side convection. By emitting
ultrasonic waves into the transformer and analyzing
the resulting acoustic pressure distribution, we have
investigated how hotspot temperature affects wave
propagation. To address challenges such as multiple
reflections and complex sound wave paths, we
employed an artificial intelligence-based approach
using the K-nearest neighbors algorithm (KNN)

algorithm. This method analyzes the acoustic signals
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0
LV -(pu)=0 (1)

form a dataset for training and testing. This is an

effective  diagnostic  technique  for  hot-spot
temperatures, allowing for preliminary inversion. This
research offers a new non-destructive method for
detecting hot-spot temperatures in transformer
windings, circumventing the limitations of embedded
sensors and presenting advantages over traditional

detection technologies.

2 Multiphysical simulation of temperature,
fluid dynamics, and acoustic fields in
oil-immersed transformers

2.1 Thermal transfer processes within transformers
under normal operating conditions

During the operation of transformers, the core and
winding losses constitute the primary sources of heat
generation within the transformer. Convective heat
transfer plays a pivotal role in the heat transfer
generated by transformer windings. The internal heat
transfer process within the transformer is illustrated in

Fig. 1.

Thermal radiation

Thermal

‘ Natural cgnvection in air
con\"gctlon

Fig. 1 Heat transfer process in a transformer

In oil-immersed transformers, this heat transfer
process primarily occurs at the interface between the
windings and the transformer oil. Heat generated by
the windings is initially transferred to the transformer
oil near the surface of the windings. Within the
transformer oil, heated oil molecules rise owing to the
decreased density, while cooler molecules sink
because of their higher density, forming a convective
cycle. This cycle effectively transfers heat from the
windings to the oil, and subsequently from the oil to
the cooling system or external environment of the
conforms to the

transformer. This  process

Navier-Stokes equations

p(g—u+u~Vu)=—Vp+V-(,u(Vu+
t

WWU—%MVWHHf’ @)
oT.
pCa—;'+pCu~VTL=V~(kATL)+Q 3)

where ¢ represents time; p is the fluid density; u
denotes the fluid velocity; p and F correspond to the
pressure and volumetric force, respectively; I
represents the identity matrix; u and C represent the
fluid dynamic viscosity and specific heat capacity,
respectively; 7p is the fluid temperature; £ is the
thermal conductivity coefficient; and Q denotes the

heat source.
2.2 Theoretical foundations of ultrasonics

In the field of acoustics, owing to the rapid expansion
and compression cycles of the volume element of a
medium, heat exchange from outside the volume
element is insufficient within these cycles. This
renders the propagation of sound waves in an ideal
medium an adiabatic process. Building on this theory,
our study focuses primarily on the propagation and
detection of ultrasonics within transformers under
stable temperature field conditions. The propagation of
ultrasonic waves inside a transformer through various
media is essentially a process in which waves, which
vary in space and time, move forward between fluids
and solids. Considering the differences between fluids
and solids, the transformer model was divided into
transformer oil and other regions. This division allows
the simulation to emulate the propagation of ultrasonic
waves across and between different components.

in  fluids

(1) Wave equation assuming that

transformer oil is a staticc homogeneous, and
continuous fluid medium, the fundamental equation
describing minute acoustic waves in an ideal fluid can
be derived from the equations of motion, mass
conservation, and state. This results in a
three-dimensional wave equation for sound pressure in
fluids, as depicted in Eq. (4). This equation reflects the
relationship between the instantaneous sound pressure
values at various points in the fluid and the values at

those points at different times [26]
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where p represents the medium density, p denotes the

variation in sound pressure, ¢y is the static speed of

sound in the fluid, and V? is the Laplace operator.

(2) Solid propagation. The characteristics of the
ultrasonic wave propagation between solids and
liquids differ significantly. The relationship between
speed and temperature of solids is complex, making
theoretical calculations nearly impossible. However,
existing studies suggest that the variation in sound
speed with temperature in solids is minimal.
Additionally, due to the inherently high speed of sound
in solids, this study disregarded the impact of
temperature on the ultrasonic wave propagation speed
in solids.

(3) Acoustic-solid coupling boundary conditions. To
simulate the propagation of ultrasonic waves between
fluids and solids, this study employed direct coupling
using the structural finite element method and acoustic
boundary elements 7] The boundary conditions were
set as follows

_n'[_L(th _Qd)j =—hncUy Q)
pc

F,=pn (6)
where 7 is the surface normal direction, ¢ is the speed
of sound, p, is the total sound pressure, g, is the
acoustic dipole domain sound source, uy is the
structural acceleration, and F4 is the load acting on the
structure.

2.3 Construction of the geometric model

In this study,

scaled-down experimental

the modeling was based on a
model of an actual
transformer, with the overall dimensions of the real
transformer being 2 350 mm in length, 920 mm in
width, and 826 mm in height.

comprehensive simulation model for a transformer is

Developing a

challenging due to the exceptionally complex structure
of the actual transformer. Additionally, the modeling
of small-sized components is not conducive to mesh
division and computational processing. Therefore, to
enhance the computational efficiency and accuracy,

this study employs a simplified modeling approach.

The established simulation model retains only four
primary components of the transformer: windings,
core, oil tank, and casing. Secondary structures such as
bushings and external oil tank systems are disregarded.
This simplified model provides accurate simulation
results while significantly reducing the simulation
computation time and

required computational

resources, thereby improving the computational
efficiency of the simulation outcomes.

The simplified transformer simulation model mainly
comprises components such as an oil tank, casing,
reinforcing bars, core, and windings. The tank has
dimensions of 1.48 m X 0.830 m x 0.732 m with a
thickness of 0.01 m and is made of steel material. The
reinforcing bars have a D-shaped cross-section, which
enhances the strength of the casing. The core,
composed of silicon steel, accommodates two sets of
high and low voltage windings, constructed from
copper and coaxially arranged, with an overall height
of 0.45 m. Although the simplified transformer
simulation model established in this study makes
slight adjustments to the actual internal structure of the
transformer, its design and planning approach can
provide effective reference and guidance for research
and applications in power systems. The overall
geometric model of the transformer is illustrated in

Fig. 2.

Fig. 2 Geometric model of the transformer

To facilitate the transmission and reception of the
ultrasonic signals, 24 ultrasonic sensors were installed
on the surface of the transformer. Nine sensors were
mounted on the front, six on the sides, and nine were
symmetrically distributed on the back. The installation
positions of the sensors are illustrated in Fig. 3.

Sensors A, B, and C were designated as transmitters,
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whereas the others served as receivers of the acoustic
signals. Preliminary acoustic tests indicate that when
the source signal was a single-cycle signal, the sensors
received suboptimal acoustic signals characterized by
low amplitude and complex waveforms, making it
challenging to discern information such as wave travel
time. To enhance the intensity and detectability of the
ultrasonic signals, the experiment utilizes a continuous
wave of 10 cycles as the source signal with an

excitation voltage amplitude of 200 V.
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Fig.3  Sensor arrangement on the transformer surface

3 Simulation results and analysis

3.1 Temperature field distribution in the transformer

The finite element method (FEM) is employed to
calculate the thermal-fluid coupled field in the
transformer. The environmental temperature is set at

25 ‘C, with the external atmospheric pressure at

standard atmospheric levels and no wind speed
influence. The internal temperature field distributions
of the transformer at different power levels were
obtained. For example, at a winding power of 4 000 W,
the internal temperature field distribution of the
transformer is illustrated in Fig. 4.

Temperature/C
100

Fig. 4 Temperature field distribution in the transformer

The temperatures of the core and windings are
depicted in Fig. 5, demonstrating that the hot-spot
temperature of the winding at this time is 101.35 C.
The hot-spot was located below the top of the winding,
specifically at the second coil from the top (i.e., at
91.6% of the axial height of the winding). The overall
temperature of the winding exhibited an increasing
trend. This is due to thermal convection occurring
between the transformer oil and the surrounding heat
sources under the influence of temperature gradients.
The heated oil expands and becomes denser. Under the
effect of thermal buoyancy, it moves upward,
continuously exchanging heat with surrounding
sources. The continual increase in the oil temperature
leads to a reduced temperature difference between the
oil and the coils, further diminishing the cooling
efficiency of the oil flow. Consequently, the overall
temperatures of the windings on both sides exhibited
an upward trend. The internal streamline diagram of

the transformer is illustrated in Fig. 6.

Temperature/'C

101
100
99
98

Fig. 5 Temperature distribution of transformer windings
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Fig. 6 Temperature distribution of transformer windings

3.2 Acoustic field distribution in the transformer

When the internal temperature field distribution of the
transformer is known, ultrasonic signals are emitted
inside the casing to obtain the sound pressure
distribution as the ultrasonic waves traverse the
internal temperature field of the transformer.
Considering the emission of the acoustic source signal
from Sensor A as an example, the acoustic field
distribution under the influence of different hot-spot
faults was studied. Setting the initial moment of the
sound source signal emission as the zero-time point,
Fig. 7 displays the sound pressure distribution when
the winding power is 4 000 W, the hot-spot
temperature is 101.35 ‘C, and the sound wave

propagation time of /=0.5 ms.

Pressure/Pa

-6

Fig. 7  Acoustic field distribution inside the transformer

Ultrasonic signals emanate from a source and
propagate rapidly inside a transformer in the form of
spherical waves. As time progresses, ultrasonic waves
deviate from regular spherical waves, especially when
encountering obstacles such as windings and walls. These
encounters result in refraction and reflection, adding
complexity to the propagation of acoustic waves inside
the transformer. The sound pressure exhibited a ring-like
distribution on the surface of the transformer casing. As
the sound waves propagate, the isobaric surfaces of the
sound pressure alternate and change accordingly.

3.3 Acoustic pressure distribution inside the
transformer at different hot-spot temperatures

To further investigate the characteristics of ultrasonic
wave transmission inside the transformer under different
hot-spot temperature fields, this study analyzed the
propagation characteristics of sound waves in various
temperature fields using transient sound pressure
distribution diagrams simultaneously and from the same
different
temperature conditions, as illustrated in Fig. 8. The
hot-spot temperatures are 40 C, 60 ‘C, 80 C, and
100 ‘C, with the transient sound pressure distribution

emission  source  cross-section under

diagrams at =0.2 ms for internal cross-sections A-D.
Sensor D is on the back, directly opposite to Sensor A.
As illustrated in Fig. 8, the waveform emitted by the
sound source exhibited a certain regularity. As the sound
waves spread away from the source, the sound pressure
values alternated between positive and negative, with the
magnitude of the sound pressure gradually decreasing as
the distance from the source increased. Furthermore, by
observing the distribution diagrams at these four
temperatures, it is noticeable that the diffusion effect of
the sound waves weakens as the temperature increases
from 40 ‘C to 60 ‘C. For instance, focusing on the
acoustic field distribution around the high-voltage
winding, indicated by the box, it is observed that at the
same moment, the sound waves at 40 ‘C propagate
farthest from the high-voltage winding, while at 100 C,
they propagate the shortest distance. The same trend was
evident in the sound pressure distribution near the core;
the acoustic field distributions became closer as the
temperature increased. The side-emission cross-sectional
sound pressure distribution is depicted in Fig. 8, which
demonstrates that the range of sound wave diffusion
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The simulation results indicate that as the hot-spot
temperature increased from 40 ‘C to 100 C during
normal operation, there was a significant change in the
maximum value of sound pressure. The absolute
maximum sound pressure value changes from 11.9 Pa
at40 C to 11.1 Pa at 60 ‘C, then to 9.94 Pa at 80 C,
and finally to 9.69 Pa at 100 ‘C. A detailed comparison
of these sound pressure values revealed a clear trend:
as the temperature gradually increased, the energy loss
of the sound waves during propagation increased,

resulting in a lower received sound pressure.

3.4 Changes in received signals at different
hot-spot temperatures in the transformer

To further investigate the influence of hot spot
temperature rise on ultrasonic wave propagation, this
study takes the ultrasonic signals emitted by Sensor A
as an example and organizes and compiles the
ultrasonic signals collected by other sensors. It is
known from the principles of sound wave propagation
that, as the propagation time increases, the received
sound signals become increasingly complex and
indistinguishable owing to repeated refraction and
reflection. Therefore, this study focuses on the analysis
of ultrasonic signals within a specific time window.
Fig. 10 presents a line graph of ultrasonic wave
signals received by Sensor D (directly opposite to
Sensor A), emitted at different hot-spot temperatures
of 40 'C, 50 C, 60 C, 70 C, 80 C, 90 C,
100 ‘C, and 110 °C. The line in Fig. 10a demonstrates
that, as the temperature increased, the start time of the
signals received by the sensor was progressively
delayed, indicating a slower propagation speed of the
sound waves within the transformer. The boxed area in
Fig. 10b illustrates a sequential decrease in the
amplitude of the signals received by the sensor with
increasing temperature. This suggests that the internal
loss of sound waves in the transformer increases with
increasing temperature, and the impact of temperature
on the speed of sound wave transmission is also evident.
Fig. 11 illustrates the ultrasonic wave signal curves
received by Sensor D, with Sensors B and C emitting
signals separately. As the position of the ultrasonic
wave emission varied, the loss incurred during

transmission also differed. However, the overall trend
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Fig. 10  Signal reception at different temperatures for
Sensors A-D
indicates that the amplitude decreases as the

temperature increases. As the propagation time of the
sound waves increases, the signals become more
complex because of repeated refraction and reflection
within the transformer, making the characteristic
signals less distinct. Therefore, the portion of the
waveform signal showing clear amplitude changes in
the initial phase of sound wave transmission,
specifically between 0.5 ms and 1 ms, is selected as
the useful signal. This allows for a more accurate
extraction of key information contained in acoustic
signals, facilitating subsequent data analysis for
classification purposes.
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(a) Influence of various temperatures on the amplitude of Sensors B-D
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Fig. 11  Signal reception at different temperatures for Sensors

B-D and C-D

4 Winding hot-spot temperature inversion
based on artificial intelligence algorithms

To meet the practical requirements of temperature
measurement, this study consolidated the acoustic
signals under different temperature field conditions.
Relevant high-correlation feature parameters were
extracted from the effective acoustic signals by
correlating the impact of the temperature fields on the
sound wave propagation. A dataset of acoustic data for
established, and
intelligence algorithms were employed to achieve the
of the

hot-spot  faults was artificial

inversion of the hot-spot temperature

transformer.

4.1 Extraction process of feature parameters

In this study, the singular value decomposition
(SVD) (25291 method was utilized to stratify the
acoustic signals and successfully extract amplitude
change information from the effective acoustic signals.
The analysis of these signals involved the extraction of
28 parameters from each signal, such as the peak time,
propagation time, and peak amplitude, totaling 1 932
feature parameters. Using Spearman’s correlation
analysis, 993 feature parameters with high relevance to
hot-spot faults were identified and selected.

To further enhance the efficiency and accuracy of
data analysis, this study employs principal component
analysis (PCA) B to extract the most significant 20
principal components from the selected features. The
PCA
significantly benefits the classification process using
the KNN algorithm BY The reduced dimensionality of
the data facilitates in KNN

dimensionality reduction offered by the

faster processing

classification while simultaneously decreasing the
complexity of the feature space, thereby improving the
classification accuracy. By eliminating redundant and
irrelevant features, the KNN algorithm can recognize
and classify acoustic signals more effectively, thus
offering a more accurate method for hot-spot fault
detection. Thus, the PCA in this study serves not only
as a tool for data simplification, but also as a crucial
means of enhancing the efficiency and accuracy of
acoustic signal classification.

4.2 Construction of the acoustic data set

In the simulation study, to overcome the issue of
unique results owing to identical independent variables
and to increase the sample size to enhance the
classification accuracy of artificial intelligence
algorithms, we expanded the temperature range.
Building upon the original range of 40 C to 110 C,
we subdivided each temperature interval, adding
temperature points at 0.5 °‘C increments, ultimately
forming a temperature sequence starting from 38 C
and increasing in 0.5 “C steps up to 112 °C, yielding
a total of 72 distinct temperature field samples. This
expansion not only enriches the dataset, but also
detailed

information for subsequent analysis. Following the

provides more temperature  variation
application of principal component analysis (PCA),
each sample was condensed into a dataset containing
the 20 most crucial principal components. This
approach not only enhances the efficiency of data
processing, but also improves our understanding and
prediction accuracy of the model. Using this method,
we can more accurately capture the impact of
temperature changes on the characteristics of acoustic
signals, thereby providing significant data support for
further research on acoustic monitoring and fault

diagnosis.

4.3 Hot-spot temperature recognition in windings
based on KNN

Owing to their strong nonlinear fitting capabilities,
artificial neural network algorithms have become
effective methods for equipment fault identification
applications in the power sector. In this study, a KNN
algorithm was designed to model the mapping
relationship between hot-spot temperature information
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and the collected signal feature parameters. The KNN
is a fundamental and widely used classification and
regression algorithm. In classification tasks, the core
principle of the KNN algorithm is to identify the K
nearest neighbors of a new data point within the
training dataset and determine the category of the new
point based on the categories of its neighbors.
Specifically, the algorithm first calculates the distance
between the new data point and each point in the
training set and then selects the K closest points. The
most frequent category among these selected neighbors
was considered the predicted category for the new data
point. Thus, the KNN algorithm intuitively and
effectively classified new data. A principal diagram of
the KNN algorithm is illustrated in Fig. 12.
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Fig. 12 Principal diagram of the K-nearest
neighbor algorithm

In this experiment, the KNN algorithm was
employed to analyze the acoustic signals inside the
identify hot-spots at different
temperatures. The KNN algorithm determines the

transformer to

category of an unknown sample point based on the
most frequent category among its K nearest neighbors.
Therefore, the selection of hyperparameter K in the
KNN is crucial. Typically, if K is extremely small, the
recognition result is highly sensitive to the nearest
neighbors and is prone to overfitting; if K is extremely
large, the model may be overly influenced by the
sample distribution, leading to underfitting. The
experiment uses 5-fold cross-validation as the model
evaluation method and divides the 72 groups of
sample data into training and testing sets. Following
multiple rounds of training and testing, the highest
recognition accuracy was achieved when K was set to
4, with a temperature classification accuracy of
98.57%. The accuracy curves for different values of K

are illustrated in Fig. 13. The confusion matrix for this
setting is illustrated in Fig. 14. In addition, the
precision, recall, and Fl-scores were calculated for
K=4, as listed in Tab. 1 provided. Furthermore, it
enumerates the specific F1-score values under various

temperature conditions, as listed in Tab. 2.
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classification results

Tab.1 Test results of KNN-based identification models

Evaluation index Test results(%)

Precision 98.75
Recall 98.63
F1-score 98.63

Tab. 2 F1-score of individual transient

Hot-spot temperature/‘C Fl-score(%)

40 100
50 100
60 100
70 100
80 100
90 95
100 94
110 100
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This study confirmed that by analyzing the acoustic
signals within transformers and utilizing the KNN
learning algorithm, it is possible to accurately reflect
the impact of temperature changes on sound waves,
thereby  effectively  predicting the  hot-spot
temperatures of transformer windings. This not only

demonstrates the feasibility of the KNN algorithm in

practical applications but also provides robust
technical support for future transformer health
monitoring.

5 Conclusions

This study focuses on a 35 kV oil-immersed
transformer and conducts a simulation study on the
nondestructive  detection of winding hot-spot
temperatures based on ultrasonic emission. The
propagation characteristics of ultrasonics within the
transformer were thoroughly analyzed by constructing
a thermal-fluid coupled field and acoustic field
simulation model. The effective feature parameters of
the ultrasonic signals were successfully extracted and
a dataset was constructed based on these parameters.
Advanced artificial intelligence algorithms were used
to calculate the inversion of the winding hot-spot
temperatures. A summary of the research is as follows.

(1) Based on the principles of finite element
analysis, a temperature and acoustic field simulation
model of a 35 kV transformer was successfully
established. Temperature field simulations ranging
from 40 C to 110 ‘C were conducted by applying
different powers to the windings, followed by detailed
simulation studies of ultrasonic wave propagation
within the transformer.

(2) This study reveals the significant impact of
increasing temperature in the temperature field on the
propagation of ultrasonic waves, through in-depth
investigation of the sound pressure distribution across
transformer sections and absolute total sound pressure
different

temperatures. It was observed that as the temperature

distribution on winding surfaces at
increased, the propagation speed of the ultrasonics
within the transformer decreased, and the loss during
propagation correspondingly increased.

(3) By analyzing sample data under 72 different
temperatures, this research delved into the effects of

the temperature field on sound wave propagation. The

study effectively extracted key feature parameters
from acoustic signals. Using the KNN algorithm for
data classification, a temperature classification
accuracy of 98.57% was achieved, enabling the
preliminary inversion calculation of transformer
winding hot-spot temperatures.

(4) This simulation study provides a preliminary
exploration of ultrasonic temperature measurement
techniques within transformers. Future research will
be based on these simulation results to conduct
ultrasonic temperature measurement experiments on
actual transformers and continuously refine the
transformer simulation model. By altering the external
conditions, such as the environmental temperature, the
simulation data will be further enriched. Concurrently,
real-world ultrasonic  temperature = measurement
experiments conducted on transformers will be carried
out to further validate the simulation data. The
integration of the experimental and simulation data
aims to achieve a close alignment between the
simulated and actual scenarios. In addition, there are
plans to employ more efficient artificial intelligence
classification algorithms to continually enhance the
precision and practical applicability of ultrasonic

temperature measurement technology.
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