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Abstract: The traditional power transformer diagnosis method relies on a lot of experience knowledge
and a complex sampling process, which brings great difficulties to the fault diagnosis work. To solve
this problem, a fault feature extraction method based on fully adaptive noise set empirical mode
decomposition (CEEMDAN) is proposed, and the hunter–prey optimization (HPO) algorithm is
used to optimize the support vector machine (SVM) to identify and classify the voice print faults of
power transformers. Firstly, the CEEMDAN algorithm is used to decompose the voicemarks into
several IMF components. IMF components containing fault information are selected according to the
envelope kurtosis index and reconstructed to generate new signal sequences. PCA dimensionality
reduction is performed on the reconstructed signal, and the principal components are extracted
with a high cumulative contribution rate as input to SVM. Then, the HPO-SVM algorithm is used to
classify and identify transformer faults. Apply the proposed method to the diagnosis of typical faults
in power transformers. The results show that the accuracy of this method in identifying various fault
states of power transformers can reach 98.5%, and it has better classification performance than other
similar methods.

Keywords: power transformer; voiceprint signal; CEEMDAN; hunter-prey optimization algorithm;
support vector machine

1. Introduction

As the hub of power transmission and energy conversion, the operation status of
power transformers is the key to ensuring the power operation of the system [1,2]. Due to
the influence of the substation environment and human factors, different types of faults such
as partial discharge and short circuit impact often occur during operation. Not only has it
affected the normal electricity demand of society, but it will also cause incalculable losses.
Timely fault monitoring and diagnosis of power transformers are of great significance for
ensuring the safe and stable operation of power grids [3,4].

Compared to the widely used methods for detecting vibration signals and dissolved
gases in oil [5–7], the acquisition of voiceprint signals has the advantages of non-contact,
simple operation, safety and reliability, and live detection and diagnosis of power transform-
ers can be performed at any time [8]. At present, some typical faults of power transformers,
such as partial discharge, short-circuit impulse, and DC magnetic bias, can be distinguished
from the voiceprint signal. For example, when partial discharge occurs in the power
transformer, there will be bubbles, impurities, etc., in the transformer, which will lead to
partial damage of the dielectric and make a “squeak” or “crackle” sound. When a power
transformer experiences a short-circuit impact, the short-circuit current surges, causing a
“gurgling” boiling sound inside the transformer. When a power transformer experiences
DC bias, the DC flowing through the winding becomes a part of the transformer excitation
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current, which causes the transformer core to produce bias and make a huge noise. This ab-
normal voiceprint information provides a reference for diagnosing faults in the voiceprint
features of power transformers.

Feature extraction, selection optimization, and fusion of collected signals can facilitate
subsequent signal processing and recognition work. The author of [9] proposed multiple
methods for feature extraction and integration and further verified the practicality and
robustness of the methods through experiments. The author of [10] achieved good results
in identifying and classifying target objects through time-frequency scaling and automatic
feature extraction methods, demonstrating the robustness of the method. With the vig-
orous development of the field of machine learning, algorithms such as support vector
machines [11], random forests [12], and KNN [13] are gradually applied to the field of
power transformer fault diagnosis. Support vector machines have been widely used due to
their high accuracy and generalization performance [14].

The author of [15] used Mel spectrum processing to collect the voiceprint signals of
power transformers and used convolutional neural networks to classify their faults, with
good diagnostic results. The author of [16] used the GWO-SVM algorithm to classify and
diagnose the fault set of balanced power transformers, achieving a recognition rate of
86.67% for unbalanced faults. The author of [17] proposed a PSO-SVM excitation inrush
current identification model, which realizes the identification of typical faults in power
transformers. Accuracy has been improved by about 5% compared to the unoptimized
SVM model, reaching 98%. The author of [18] proposed a BSO-SVM classification algorithm
based on the combination of longicorn beetle whisker search, particle swarm optimization,
and support vector machine. The microfiber coupler sensor was applied to the pattern
recognition of partial discharge ultrasonic signals, and the classification and recognition of
transformer partial discharge faults were carried out. The recognition accuracy exceeded
93%. Research shows that the above algorithms have certain classification and recognition
capabilities for power transformer fault signals, but none of the power transformer signals
under normal conditions are added during the training process, and there is still room for
improvement in the training speed and optimization ability of the population optimization
algorithm used. In practical applications, the voiceprint signals generated by normal power
transformers lack obvious characteristics; during the classification process, it is easy to
overlap with faults, such as short circuit impact, which affects the effectiveness of fault
classification and diagnosis.

In summary, this paper proposes a power method transformer voiceprint fault di-
agnosis based on CEEMDAN and HPO-SVM, taking 110 kV power transformer fault
voiceprint signals as the research object. This method arranges sound sensors around
power transformers, performs CEEMDAN decomposition on the collected voiceprint sig-
nals, calculates the envelope spectral kurtosis of the decomposed IMF components, selects
the IMF components containing fault information, and reconstructs them to generate a
new signal sequence. HPO-SVM method is used to classify and identify the voiceprint
signals in normal and fault conditions. It solves the problem of the aliasing of classification
results in processing signals with overlapping features. Compared with other population
optimization algorithms, the convergence speed and optimization ability are improved, the
recognition rate for typical faults has reached 98.5%, and the recognition and diagnosis of
power transformer fault voice print signals are realized.

2. Fault Diagnosis Principle of CEEMDAN-HPO-SVM
2.1. CEEMDAN

Complete Ensemble Empirical Mode Decomposition with Adaptive Noise (CEEM-
DAN) is improved based on EMD [19], Gaussian noise is added to the original signal, and
the noise interference in the signal is eliminated by multiple superpositions and averaging.
Its decomposition process does not require too many average times and has the advantages
of fast calculation speed and good modal decomposition effect. The solution steps are as
follows [20–22]:
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1. The signal yi(t) obtained by adding Gaussian white noise to the original signal y(t)
and EMD decomposition is performed on the signal yi(t) to obtain f IMF1,i . The average
value f IMF1 is calculated after decomposition, which is the first modal component, as
shown in Equations (1) and (2).

yi(t) = y(t) + ζ0ai(t), (1)

f IMF1 =
1
k

k

∑
i=1

M1

[
r1(t) + ζ1M1(ai(t))

]
, (2)

where k represents the number of times white noise was added, and ζ0ai(t) represents
the first white noise.

2. The first residual component r1(t) is obtained by subtracting the first modal compo-
nent f IMF1 from the original signal y(t), as shown in Equation (3).

r1(t) = y(t)− f IMF1 (3)

3. Mj the jth f IMF1 component is defined, and Gaussian white noise is added to the first
residual component to perform a second decomposition of the mixed signal, as shown
in Equation (4).

f IMF2 =
1
k

k

∑
i=1

M1

[
r1(t) + ζ1M1(ai(t))

]
, (4)

where ζ1M1(ai(t)) represents the added Gaussian white noise, and f IMF2 represents
the obtained second modal component.

4. For the l-th residual component (l = 1, 2, · · · , L, where L is the maximum decomposi-
tion order), as shown in Equation (5).

rl(t) = rl−1(t)− f IMFl (5)

5. The above operations are repeated until EMD is unable to decompose the residual
signal to obtain the final solution of the original signal, as shown in Equation (6).

y(t) =
L

∑
l=1

f IMFl + r(t) (6)

2.2. Envelope Spectral Kurtosis

As an indicator of the strength of fault characteristics in time domain signals, kurtosis
is widely used in processing impulse signals. However, it is susceptible to aperiodic noise
and cannot accurately characterize the periodic characteristics of voiceprint signals. The
envelope spectrum kurtosis calculates the kurtosis of the fault signal in the frequency
domain, which can not only detect the fault information in the voiceprint signal but also
eliminate the interference caused by accidental noise.

The time domain signal is set as x(t), and CEEMDAN is used to decompose x (t) into
several IMF components xi(t), as shown in Equation (7).

|z(t)| =
√

xi
2(t) + x̂i

2(t), (7)

where |z(t)| represents the envelope signal of the IMF component, x̂i(t) represents the
Hilbert transform of xi(t), where i = 1, 2, · · · , I. I is the maximum decomposition order.
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The spectrum of the envelope signal is calculated, and its envelope spectral kurtosis is
derived, as shown in Equation (8) as follows:

KES =

1/N
N
∑

n=1
(En(t)− uE)

4

[
1/N

N
∑

n=1
(En(t)− uE)

2
]2 , (8)

where En(t) represents the spectrum of the envelope signal, uE is the mean of En(t), and N
is the length of the signal.

2.3. SVM

SVM is a learning method based on statistical learning and structural risk minimiza-
tion [23]. Its purpose is to find an optimal hyperplane that can not only classify the samples
correctly but also make the classification samples have the maximum spacing.

The selection of kernel functions plays a crucial role in the classification performance
of SVM [24,25]. Compared to other kernel functions, Radial Basis Function (RBF) involves
fewer parameters, and it has better classification performance. Its definition is as shown in
Equation (9) as follows:

K(xi, xj) = exp

{
−
‖ xi − xj ‖2

2g2

}
, (9)

where g is the kernel function parameter.
In RBF kernel functions, the selection of penalty factor C and kernel function parameter

g has a significant impact on the model’s generalization ability. C represents the weight of
preference for two indicators (interval size, classification accuracy) in the adjustment and
optimization direction, and g determines the distribution of data after mapping to a new
feature space. SVM still faces problems such as long training time and low accuracy when
solving multi-classification problems; when processing data with overlapping features,
there is a tendency for classification results to be mixed, making it very sensitive to the
selection of kernel functions and their parameters. At present, the parameters of mature
kernel functions are selected through human experience, which has a certain degree of
randomness. When dealing with problems in different fields, kernel functions should have
appropriate forms and parameters.

The population optimization algorithm has the characteristics of high efficiency and
good optimization effect in optimizing SVM parameters and is currently widely used in
the optimization of SVM algorithms. The HPO algorithm has the characteristics of fast
convergence speed and strong optimization ability, combining the SVM algorithm can
help kernel functions find the optimal parameters. It plays a crucial role in improving the
training speed and diagnostic performance of the SVM algorithm for power transformer
voiceprint signals under different faults.

2.4. HPO

The HPO is a parameter optimization algorithm proposed by NARUEI et al. [26].
The algorithm simulates the behavior of carnivorous animals such as lions and leopards
(hunters) preying on prey such as deer and antelopes. The basic assumptions of this
algorithm are as follows: When hunters search for prey, they are likely to choose prey that
is far away from the group; When hunters chase their prey, they will escape the predator’s
attack and reach a safe place. This hunting process is accompanied by updating the hunter’s
prey position. Finally, the optimal location for the prey is found, and the search process is
completed. The algorithm process is as follows [27]:
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1. The population position is initialized, and hunters or prey in space are randomly
generated, as shown in Equation (10).

xn = rand(1, d). ∗ (u− l) + l, (10)

where xn represents the position of population members, d represents the dimension
of the problem, and u and l represent the upper and lower bounds of the problem
variables, respectively.

2. Introducing a hunter search mechanism, hunters choose prey far from the group as
their hunting targets, as shown in Equation (11).

xi,j(t + 1) = xi,j(t)+
0.5
[
(2WZPpos(j) − xi,j(t)) + (2(1−W)Zτ(j) − xi,j(t))

]
,

(11)

where xi,j(t) represents the current position of the hunter, xi,j(t+ 1) represents the next
position of the hunter, Ppos(j) represents the position of the target prey, τ(j) represents
the average position between the hunter and the prey, Z is the adaptive parameter, W
is the equilibrium parameter in algorithm exploration, and its calculation process is
shown in Equation (12).

W = 1− t(
0.98
tmax

), (12)

where t represents the number of iterations, and tmax represents the maximum number
of iterations.

3. A prey escape mechanism is introduced. The prey moves to the global optimal
position to avoid the hunter’s search to escape hunting, as shown in Equation (13).

xi,j(t + 1) =
Tpos(j) + WZ cos(2πR)× (Tpos(j) − xi,j(t)),

(13)

where xi,j(t) represents the current position of the prey, xi,j(t + 1) represents the next
position of the prey, Tpos(j) is the target position of the prey (global optimal position),
and R is a random number within the range of [−1,1].

4. Combining Equations (11) and (13) to obtain the algorithm’s selection mechanism for
hunter-prey behavior, an adjustment parameter δ is set, and the random numbers R1
and δ between [0,1] are compared; if R1 is less than δ, the hunter search mechanism is
executed. On the contrary, the prey escape mechanism is triggered until the conditions
are met and the optimization is completed. In this paper, the regulating parameter δ
is set as 0.1. Figure 1 is a schematic diagram of the location of hunters searching for
prey and the process of prey escape.
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diagram of hunter search behavior; (b) Schematic diagram of prey escape behavior.
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3. CEEMDAN-HPO-SVM Diagnostic Process

The structural framework based on CEEMDAN-HPO-SVM is shown in Figure 2. This
structural framework mainly includes the HPO module, SVM module, and data processing
module. CEEMDAN decomposition is performed on the collected voiceprint signal data of
power transformers in different states, the envelope spectral kurtosis of the decomposed
IMF components is calculated, and the components with higher envelope spectral kurtosis
are selected and reconstructed into a new signal sequence. Using the HPO algorithm to
optimize the penalty factor C and kernel parameter g of the kernel function in SVM, the
C and g values of the optimal position are assigned to SVM, and the constructed feature
matrix is trained and tested.
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Figure 2. Structural frame diagram.

4. CEEMDAN Fault Feature Extraction

The winding of a power transformer will withstand high amplitude and wide fre-
quency electrical forces during the process of short-circuit impact. Strong nonlinear vi-
bration response is generated, and the short-circuit electrodynamic frequency borne by
its winding mainly occurs at 50 Hz, 100 Hz, and their octaves [28]. A voiceprint signal
of a power transformer short-circuit impulse fault without noise interference for analysis
is selected. The time domain and frequency domain signals are shown in Figure 3. The
impact characteristics are obvious in the time domain signal and its frequency doubling
components, and the frequency domain signal contains 100 Hz, indicating obvious fault
characteristics.
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When collecting voiceprint signals from power transformers, during the transmission
of fault signals from the internal winding of the transformer to the sound sensor, they will
be coupled with interference factors such as speaking, bird calls, and machine roars in the
transmission path; interference factors will, to some extent, mask the fault voiceprint infor-
mation. To replicate the acoustic environment of the substation during normal operation as
much as possible, an audio signal containing interference noise is added to the transformer
short-circuits impact voiceprint signal to obtain the time-frequency domain signal of the
voiceprint signal affected by noise interference. As shown in Figure 4, the short-circuit
impulse characteristics in the time domain signal are completely submerged by noise, and
the 100 Hz and its harmonics are not obvious in the frequency domain diagram.
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Using CEEMDAN to analyze the noisy signal, 15 IMF components were decomposed.
Calculate the envelope spectral kurtosis of each component separately, as shown in Figure 5.
The envelope spectral kurtosis of IMF4, IMF5, and IMF9 is relatively high. Three sets of
IMF components are reconstructed and analyzed in both time and frequency domains; the
results are shown in Figure 6. The short-circuit impact characteristics are obvious in the
time domain diagram, and there are 100 Hz and its frequency-doubling components in the
frequency domain diagram. This indicates that CEEMDAN can achieve the separation of
fault voiceprint information and transmission path interference factors by combining the
envelope spectral kurtosis index to characterize voiceprint information in the frequency
domain, and accurate extraction of fault information components is achieved.
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Figure 6. Frequency domain diagram of the reconstructed signal. (a) Time domain diagram of
reconstructed signal. (b) Frequency domain diagram of the reconstructed signal.

5. Experimental Verification
5.1. Data Collection

To verify the recognition ability of the HPO-SVM algorithm for voiceprint signals
under different faults of power transformers, iFlytek’s voiceprint acquisition equipment is
used to collect full cycle voiceprint signals from multiple power transformers, the collection
time is about one year, The collection environment is shown in Figure 7, with a frequency
response range of 10 Hz~20 kHz and a sampling frequency of 16,000 Hz. The sensitivity of
the sound sensor used is 50 mV/Pa. Audible voiceprint signals of power transformers are
collected under normal conditions and faults such as short circuit impact.
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CEEMDAN decomposition is performed on the collected three types of fault samples
and normal samples, and components with high kurtosis in the envelope spectrum are
selected for reconstruction. Divide the reconstructed signal into 400 groups in chronological
order, each containing 300 sampling points, built into a size of 400 × 300 feature matrix.
To ensure that faults such as short circuit impact include fault features in each group of
samples, the feature matrix was transposed, and the results are shown in Table 1. Each
group of faults contains 300 sets of samples, each containing 400 sample points. The
following numbers of samples were selected: 3/5 for model training, 1/5 as a validation
set, and 1/5 as test samples.

Table 1. Experimental data set classification.

Fault Number Fault Type Training Set (3/5) Validation Set (1/5) Test Set (1/5)

0 normal 180 60 60

1 Short circuit
impact 180 60 60

2 Partial
discharge 180 60 60

3 DC bias 180 60 60
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5.2. Model Parameter Selection

The performance of SVM mainly depends on the selection of kernel functions and the
setting of its main parameters. RBF kernels that involve fewer parameters and have good
classification performance are selected. The initialization penalty factor C is 1, the kernel
function parameter g is 0.01, the HPO algorithm population is set to 10, and the number of
iterations is 10.

5.3. Experimental Results and Analysis

Introducing the denoised signal directly into SVM for fault diagnosis faced problems
such as redundant data, which is not conducive to the division of hyperplanes. To achieve
better diagnostic results, the denoised signal is subjected to principal component analysis,
using the PCA method for time domain and frequency domain analysis of experimental
signals. Five time domain and frequency domain features were selected for principal
component analysis (time domain features: mean, root mean square, peak factor, kurtosis,
variance; frequency domain features: power spectrum, mean frequency, Rice frequency,
frequency center of gravity, and frequency variance, numbered A1–A10). The analysis
results are shown in Table 2; the cumulative contribution rate of the first five principal
components exceeded 90%, reaching 92.5185%. The contribution rates of the last five
principal components are very small. To reduce the training time of the model, the first five
factors are taken as input variables.

Table 2. Principal component contribution rate.

PCA Number Feature Number Contribution Rate/% Accumulated
Contribution Rate/%

1 A4 53.2627 53.2627
2 A8 25.5323 78.7950
3 A1 7.7425 86.5375
4 A3 3.5361 89.8936
5 A6 2.6249 92.5185
6 A5 2.1356 94.6541
7 A9 2.0125 96.6666
8 A7 1.8921 98.5587
9 A2 0.9562 99.5149

10 A10 0.4851 100.0000

The HPO algorithm is used to optimize parameters C and g, the calculation results
are assigned to SVM, and the constructed fault dataset is inputted into the HPO-SVM
model for training. The classification ability of standard SVM and SVM models optimized
by ACO and GWO on datasets are compared to verify the optimization effect of HPO in
population optimization algorithms. The SVM kernel function and its parameter values
are consistent with the HPO algorithm. The confusion matrix is used to measure the
classification accuracy of each model. The classification results are shown in Figure 8.
The diagnostic accuracy of the standard SVM algorithm is 85.50% due to the overlapping
phenomenon between normal signals and short-circuit impulse faults, with 50% of normal
signals being classified as short-circuit impulse faults. To address the aliasing phenomenon
between normal signals and short-circuit impulse faults, spectral analysis is conducted on
the reconstructed normal signals and short-circuit impulse signals; the results are shown in
Figure 9. The main frequency of normal signals is close to the fault frequency of short circuit
impacts, indicating the limitations of standard SVM algorithms in classifying signals with
similar features and reflecting the importance of population algorithms in optimizing SVM
parameters. ACO-SVM and GWO-SVM algorithms have improved accuracy compared to
standard SVM; they reached 89.00% and 90.25%, respectively, increasing the recognition
rate between normal signals and short-circuit impact signals by about 15%. The accuracy
of the HPO algorithm proposed in this article reaches 98.50%. The recognition rate for
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normal signals has reached 95%, which is 45% higher than the standard SVM algorithm,
This indicates that HPO optimization has enhanced the classification ability of the SVM
algorithm and improved the diagnostic efficiency of the algorithm for voiceprint signals.
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Figure 9. Spectrum diagram of normal signal and short circuit impulse signal. (a) Normal signal
spectrum; (b) Spectrum of short circuit impact signal.

The training results of various swarm optimization algorithms are shown in Table 3.
The iteration speed and optimization results of the HPO algorithm are superior to other
population algorithms, proving that the HPO algorithm has better iterative efficiency and
optimization ability in processing voiceprint signals of power transformers. The penalty
factor C is optimized by the HPO algorithm, and the kernel function parameter g value is
closest to the optimal solution, improving the diagnostic ability of the SVM model.
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Table 3. Training results.

Classifier C g Iteration Time/s Accuracy/%

HPO-SVM 5.8626 0.0786 7 98.50
GWO-SVM 6.9510 0.0720 25 90.25
ACO-SVM 1.0 0.0856 36 89.00

To avoid the contingency brought by a single test, five experiments are repeated on four
SVM models, and the experimental results are shown in Figure 10. The diagnostic accuracy
of the standard SVM algorithm is around 85%; ACO-SVM and GWO-SVM models have
improved accuracy compared to standard SVM, but the accuracy fluctuates significantly
between several experiments. The accuracy of the HPO algorithm has reached over 95%,
proving that the HPO algorithm has strong parameter optimization ability and good
stability when dealing with signals with overlapping features.
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Figure 10. Comparison of diagnostic results between different models.

The types of noise interference that power transformers are subjected to during opera-
tion are unpredictable. To verify the generalization performance of the algorithm when
dealing with different kinds of noise, based on collecting various voiceprint signals, speech
and bird calls, continuous machine roar, aperiodic transient impact, and Gaussian white
noise with a signal-to-noise ratio of 1 dB and 5 dB are added, respectively, to construct a
new data set. Taking the fault signal of a short circuit impact as an example, the superim-
posed noisy signal is shown in Figure 11, The blue lines represent the fault signal, while
the red lines represent the noise interference superimposed on the original signal. Using
the algorithm presented in this article for analysis, the diagnostic results were compared
with the other three SVM algorithms, and the results are shown in Table 4. After adding
different types of noise to the dataset, the diagnostic accuracy of each model decreased.
Among them, the standard SVM algorithm is the most affected. When it is subjected to
strong noise interference with a signal-to-noise ratio of 1 dB, its diagnostic performance
is greatly affected, with an accuracy rate of only 63.50%, a decrease of about 20%. When
there is continuous machine roar signal interference in the environment, the diagnostic ac-
curacy is also poor. The standard SVM algorithm is relatively less affected when processing
voiceprint signals with speech sounds and bird calls, aperiodic transient impact signals, and
Gaussian white noise with a signal-to-noise ratio of 5 dB, but the accuracy rate also drops by
about 5%. The accuracy of GWO-SVM and ACO-SVM population optimization algorithms
significantly decreases when processing voiceprint signals with different types of noise.
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The algorithm in this paper still maintains a good diagnostic effect when interfered with
by various noise signals. The diagnostic efficiency can still reach 86.25% when interfered
with by 1 dB Gaussian white noise, and the diagnostic efficiency when dealing with typical
noise interference is more than 92%.
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Figure 11. Different types of noise interference signals: (a) speech and bird calls; (b) continuous
machine roar; (c) aperiodic transient impact signal; (d) Gaussian white noise with a signal noise ratio
of 1 dB; (e) Gaussian white noise with a signal noise ratio of 5 dB.

Table 4. Comparison of diagnostic results of different noise models.

Method/Noise
Number 1/% 2/% 3/% 4/% 5/%

Standard SVM 80.75 68.75 73.00 63.50 79.55
GWO-SVM 91.25 77.00 80.25 69.25 91.50
ACO-SVM 90.25 78.00 86.50 74.75 91.25
HPO-SVM 97.25 92.00 92.25 86.25 95.50

Noise category number: 1, speech and bird calls; 2, continuous machine roar; 3, aperiodic transient impact signal;
4, Gaussian white noise with signal noise ratio of 1 dB; 5, Gaussian white noise with signal noise ratio of 5 dB.

To further verify the superiority of the HPO-SVM algorithm, random forest, and KNN,
classifiers are introduced based on the original four algorithms, with accuracy, precision,
recall, and F1 value as the measurement indicators. The analysis results are shown in
Figure 12. The accuracy and precision of the HPO-SVM algorithm are optimal, which
is 8.4% higher than that of the random forest algorithm. The KNN algorithm has poor
diagnostic performance for signals, with evaluation indicators below 50%. This indicates
that it is sensitive and has poor classification performance when dealing with feature
overlap issues. From this, it can be seen that the HPO-SVM model has a good diagnostic
effect on the voiceprint signal of power transformers.
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Figure 12. Multi-classifier diagnosis effect.

6. Conclusions

This article takes the voiceprint signal of 110 kv power transformer faults as the
research object and proposes a power method transformer voiceprint fault diagnosis based
on CEEMDAN and HPO-SVM.

1. The transformer voiceprint signal is susceptible to interference from transmission
path coupling noise during transmission. To address this issue, the use of CEEMDAN
can achieve the separation of fault voiceprint information and transmission path
interference factors and combine the envelope spectral kurtosis index to characterize
voiceprint information in the frequency domain, achieving accurate extraction of fault
information components.

2. The population optimization algorithm can improve the diagnostic ability of SVM
for feature overlap problems by optimizing the parameters of SVM kernel functions
C and g. The HPO algorithm has higher iteration efficiency and optimization ability
compared to GWO and ACO algorithms, which can improve the generalization
performance of the model, and combining the SVM algorithm can achieve good
pattern recognition results.

This article provides a basis for the diagnosis of typical voiceprint faults in power
transformers, but currently, the types of faults in power transformers are relatively lim-
ited. Other types of fault information need to be further collected and extracted. In the
future, our work needs to supplement and improve the types of faults generated by power
transformers, optimize diagnostic methods, and improve diagnostic efficiency.
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