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Abstract This study addresses the challenge of transformer condition monitoring in the complex electromagnetic 
environment of urban building complexes by proposing an intelligent diagnostic method based on acoustic signature 
signal analysis. Through electromagnetic-mechanical coupling theory analysis, the study clarifies the acoustic 
signature generation mechanisms of winding vibration and core magnetostriction, and reveals the resonance risks 
caused by harmonic interference. A multi-channel high-speed synchronous data acquisition system is designed, 
integrating high-precision sensors and FPGA modules to collect vibration data from an 110kV transformer. An 
improved EEMD denoising algorithm is proposed, utilizing minimum cutoff frequency constraints and multi-sensor 
fusion strategies to enhance noise suppression performance. Based on the denoised acoustic signature features, 
an SSAE-IELM fault diagnosis model is constructed, with incremental extreme learning machines enabling rapid 
classification. Experiments show that the improved CEEMD algorithm achieves a signal-to-noise ratio of 18.11 dB, 
an improvement of 26% over EEMD, with the mean square error reduced to 0.0177 and computational efficiency 
improved by one-third. In transformer fault identification tests across four states (normal, short-circuit impact, DC 
bias, and partial discharge), the model achieves an accuracy rate of 94.11%, significantly outperforming CNN's 
82.46%. 
 
Index Terms urban building complex substation, acoustic signature signal, transformer; operational monitoring, 
EEMD, SSAE-IELM 

I. Introduction 
As urban electricity demand continues to grow, substations play a crucial role as an essential component of the 
power system within urban building complexes [1], [2]. A substation is a facility within the power system primarily 
used to convert high-voltage electricity into low-voltage electricity, while also performing functions such as control, 
protection, metering, and monitoring of electrical energy to meet requirements for power transmission, distribution, 
supply, and other related needs [3]-[6]. The most important equipment in a substation is the transformer, whose 
primary function is to convert the high-voltage electricity transmitted to the substation into low-voltage electricity to 
meet various power requirements [7]-[9]. With the continuous development of power equipment technology, 
transformers, as important equipment in power systems, have become increasingly significant in power systems 
[10], [11]. However, due to factors such as complex working environments, large load variations, and susceptibility 
to influences from other power system equipment, transformers have a high failure rate. Therefore, monitoring and 
analyzing the operational status of transformers is of great significance for improving the reliability and stability of 
power systems [12]-[15]. 

To achieve real-time monitoring of transformer operational status and improve the accuracy and efficiency of fault 
diagnosis, acoustic signature analysis has emerged as a non-invasive, real-time monitoring method [16]-[18]. 
Acoustic signature analysis is based on acoustic signal analysis, which records sound fluctuations within the 
transformer to obtain critical information about its operational status and performance [19]-[21]. This monitoring 
method not only eliminates the need for shutdown or disassembly of the transformer but also enables real-time data 
acquisition during operation, providing an efficient and feasible means for power system health management [22]-
[24]. However, to fully leverage the potential of acoustic signal analysis, it is necessary to conduct in-depth research 
on its application characteristics, monitoring objectives, and data processing methods in hydroelectric power station 
transformers [25]-[27]. 

Reference [28] investigated the acoustic signature characteristics of vibration acoustic signals under different 
operating conditions in transformers. By constructing an automatic non-invasive monitoring and fault diagnosis 
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system for transformers based on acoustic features, it was verified that the system can rapidly identify fault operating 
conditions with very high accuracy. Reference [29] investigated transformer condition diagnosis based on acoustic 
signals and proposed an abnormal diagnosis method for power transformers using an Attention-CNN-LSTM hybrid 
model to enhance the accuracy and efficiency of acoustic anomaly diagnosis methods. The results demonstrated 
that this model effectively improved the accuracy of transformer condition acoustic detection. Literature [30] 
discusses transformer operational detection and anomaly diagnosis, and investigates the application of AI-based 
sound recognition technology in transformer discharge diagnosis, aiming to enhance the diagnostic capabilities of 
intelligent monitoring systems for substation equipment. Literature [31] collected transformer acoustic signature 
signals under three operating conditions—loaded, lightly loaded, and unloaded—using an acoustic signature signal 
acquisition platform, and proposed a pattern recognition method based on the RUSBoost algorithm. The research 
results provide a reference for utilizing sample-imbalanced acoustic signature monitoring and recognition to assess 
the mechanical state of transformers. Literature [32] emphasizes the important role of transformers in power 
systems and the numerous fault challenges they face, which can affect their normal operation. Based on this, 
examining condition monitoring and fault diagnosis technologies for large transformers in use can help with real-
time handling of transformer faults and ensure their normal operation. Literature [33] introduces the application of 
acoustic signature signals in transformer fault diagnosis and the challenges it faces, and proposes a fault diagnosis 
method that considers both continuous noise and transient noise. Through experiments, it verifies that this method 
can quickly and accurately identify the operational status of transformers, with very high identification accuracy in 
various complex environments. Literature [34] proposes a transformer fault diagnosis method based on small-
sample acoustic fingerprint recognition technology. By extracting the operational characteristics of transformers 
based on the principles of acoustic fingerprint recognition technology, the method compares and classifies 
transformer fault acoustic fingerprints, revealing that it possesses excellent recognition accuracy and holds 
significant practical engineering implications. Literature [35] introduces a fault diagnosis method for power 
transformer acoustic signals based on hybrid data augmentation and convolutional neural networks, and verifies 
that this method achieves very high accuracy in diagnosing typical power transformer unbalanced faults. Literature 
[36] reviews various diagnostic methods for power transformer operational status, such as partial discharge, 
temperature, and optical detection, analyzes the advantages and disadvantages of different monitoring methods, 
and emphasizes the technical challenges and future development prospects of transformer optical monitoring 
methods. Reference [37] emphasizes the necessity of improving the situational awareness model for transformers, 
pointing out that current transformer state sensing technology has issues such as poor temporal effectiveness, and 
establishes a transformer state transition model based on Markov chain principles, verifying the effectiveness of 
this method, which plays an important role in transformer state early warning. Literature [38] proposes an intelligent 
fault diagnosis method for transformers based on multi-source data fusion and correlation analysis, aiming to 
achieve predictive maintenance and health management of transformers. Through experiments, the effectiveness 
of this method is demonstrated, enabling its application in accident prediction to ensure safe operation of 
transformers. Literature [39] describes temperature as the most important characteristic reflecting transformer faults. 
By analyzing multiple transformer parameters, the study combines pattern recognition with statistical analysis for 
early warning of potential hazards in transformers, emphasizing the method's ability to detect abnormal 
temperatures in transformers in advance. Literature [40] introduces the application of the Transformer Health 
Monitoring System (THMS) in real-time assessment of transformer performance and reviews the latest 
advancements in transformer technology. The study indicates that THMS contributes to enhancing the system safety 
of distribution networks by reducing manual inspections and enabling early fault detection. The above studies 
emphasize the importance of transformers in power systems, pointing out that transformers can fail due to 
environmental influences, thereby affecting the safe operation of power systems. Therefore, methods based on 
acoustic signature signals, convolutional neural networks, and small-sample acoustic signature recognition 
technology are proposed for detecting transformer operating conditions to ensure safe operation. 

This paper takes urban substations as the scenario and proposes a comprehensive acoustic fingerprint 
monitoring methodology system, covering signal generation mechanisms, data acquisition system design, noise 
processing, and intelligent fault diagnosis. This provides new insights for assessing transformer status in complex 
electromagnetic environments. First, the paper thoroughly analyzes the mechanism of acoustic signal generation. 
Based on the electromagnetic-mechanical coupling theory, it derives the winding vibration equation and the core 
magnetostriction model, revealing the generation mechanism of the 100Hz fundamental frequency and its harmonic 
multiples, and clarifying the core issue of harmonic interference leading to resonance risks. Based on this, the 
acoustic signature acquisition system architecture is designed. Considering the high background noise levels at 
urban substations, the system integrates high-precision sensors, FPGA logic control modules, and a host computer 
to achieve multi-channel high-speed synchronous acquisition. An improved EEMD denoising algorithm is proposed, 
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employing minimum cutoff frequency constraints and multi-sensor fusion strategies to effectively suppress harmonic 
and white noise interference, addressing the limitations of traditional methods such as modal aliasing and low 
computational efficiency. An SSAE-IELM intelligent diagnostic model is established. A stacked sparse autoencoder 
is used to extract deep acoustic signature features, overcoming the bottlenecks of complex parameter tuning and 
slow convergence in traditional neural networks. 

II. Mechanism of transformer acoustic signal generation and construction of operational 
status monitoring system 

II. A. Mechanism of transformer acoustic signal generation 
II. A. 1) Transmission path of transformer acoustic signal 
The acoustic signature signals of a transformer are generated by vibrations in its internal structure. By analyzing 
these acoustic signature signals, operational information about the transformer can be obtained. However, due to 
the complex operating environment of transformers, a significant amount of DC components and harmonic 
components are introduced during operation, resulting in more complex time-frequency characteristics. Transformer 
vibrations primarily originate from the following factors: (1) core vibrations caused by the magnetostriction of silicon 
steel sheets; (2) winding vibrations caused by electromagnetic forces; (3) vibrations generated by the operation of 
cooling devices. Mechanical waves are transmitted through transformer oil and rigid connection components to the 
housing, then propagate outward through the air, forming specific acoustic signals. The vibration propagation path 
is illustrated in Figure 1. 
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Figure 1: Transmission Path of Converter Transformer Vibration 

II. A. 2) Mechanism of transformer winding vibration 
The vibration of the winding originates from the electromagnetic force generated by the current flowing through the 
winding. According to the principles of high-voltage direct current transmission, during normal operation, the 
transformer's winding contains not only the rated current but also a significant amount of harmonic currents of orders 

 6 1 1, 2,3k k   . Under the combined influence of the current and the multi-frequency magnetic field, vibration is 
generated. Let the current flowing through the winding be: 

  cosam f aa
i I t   (1) 

In the equation, i   — winding current/A, 
amI   — current amplitude/A, 

1   — power frequency/Hz,    — 
current phase angle. 

The interaction between currents and magnetic fields at different frequencies generates axial and radial 
electromagnetic forces, as shown in Equation (2). Under the influence of these electromagnetic forces, the winding 
undergoes vibration. 
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In the equation, 
aF  and 

rF  — axial and radial electromagnetic forces on the winding / N, 
fak  and 

frk  — axial 
and radial electromagnetic force coefficients. 

Based on the mechanical structure of the winding, it can be equivalently modeled as a spring-mass system, with 
the winding motion equation given by: 

 Ma Cv Kx F    (3) 

In the equation, M   — mass matrix, C   — damping coefficient matrix, K   — elastic sparse matrix, F   — 
electromagnetic force matrix, a , v , x  — acceleration, velocity, and displacement matrices, respectively. 

According to equation (3), the axial acceleration and radial acceleration of the winding are calculated separately, 
omitting the decay term, and can be expressed as: 
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 (4) 

In the equation, 
aa  and 

ra  — axial and radial acceleration/ 2m s , 
aak  and 

ark  — acceleration coefficients, 

1p , 
2p , 

3p  — calculation parameters, 
1 , 

2 , 
3  — acceleration phase angles/rad. 

From equation (4), it can be seen that under ideal conditions, considering only the power frequency current, the 
fundamental frequency of the winding vibration acceleration is 100 Hz. However, when the transformer is operating, 
there are a large number of harmonics. Under the influence of harmonic currents, in addition to the 100 Hz 
component, the vibration acceleration also clearly contains 100 kHz components, with a wide frequency distribution. 
When the natural frequency of the winding is close to this, resonance is likely to occur, causing the main vibration 
frequency to deviate from 100 Hz. Additionally, the large number of 100 Hz harmonic components will exacerbate 
vibration noise, making acoustic diagnosis challenging. 

 
II. A. 3) Vibration Mechanism of Transformer Core 
The primary cause of transformer core vibration is similar to that of ordinary power transformers, both originating 
from the magnetostriction of silicon steel sheets. To reduce eddy current losses, the core is constructed from multiple 
layers of silicon steel sheets stacked together, combined with stepped joints and non-woven adhesive tape 
technology. The core vibration is primarily equivalent to magnetic strain vibration. Magnetic strain is an inherent 
property of ferromagnetic materials under the influence of an external magnetic field, manifesting as reversible 
changes in length or volume. During normal operation of the transformer, the magnetic field strength does not reach 
saturation, so the magnetic strain phenomenon primarily manifests as minor changes in length. Figure 2 illustrates 
the magnetic strain phenomenon of silicon steel sheets from a microscopic perspective. When no external magnetic 
field is present, the total magnetic moment is zero, and magnetic domains are randomly distributed within the 
ferromagnetic material, showing no obvious pattern. When an external magnetic field is present, the magnetic 
domains are displaced by the magnetic field, causing changes in magnetic spacing, which result in alterations to 
the length of the silicon steel sheets. 
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Figure 2: Magneto strictive Effect 
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Next, we will analyze the vibration mechanism of the transformer core. Let us assume that the ideal voltage of 
the transformer is: 

 ( ) sinu t U t  (5) 

In the formula, u ——transformer voltage/V, U ——fundamental wave amplitude/V.  
The voltage and magnetic induction intensity in the core have the following relationship: 

 
1( ) c

dB
u t N A

dt
   (6) 

In the formula, 
1N ——number of turns in the primary winding/turn, 

cA ——cross-sectional area/cm².  
According to formulas (5) and (6), we have: 
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During normal operation, the magnetic flux in the core is less than the saturation magnetic flux density of the 
ferromagnetic material. At this point, the saturation magnetic flux density 

sB  is linearly related to the coercive force 
strength 

cH : 

 
s cB H  (8) 

In the formula, 
sB  ——saturated magnetic flux density/ T  , 

cH  ——coercive force field strength/ A/m  ,   ——
core magnetic permeability/ H/m . 

Then the core magnetic induction intensity H  can be expressed as: 

 0 cosc
s s

BB
H H t

B B
   (9) 

The magnitude of magnetic strain in the core can be expressed by the magnetic strain coefficient  : 

 L

L
 
  (10) 

In the formula, L  ——Deformation length under magnetostriction/cm, L  ——Original length of silicon steel 
sheet/cm.   

According to formula (10), we can obtain: 
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The vibration acceleration of the iron core can be expressed as: 
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From equation (12), it can be seen that under the action of power frequency voltage, the main frequency of core 
vibration is 100 Hz, which is proportional to the square of the voltage. 

During normal operation, transformers contain a large amount of harmonic voltage in addition to power frequency 
voltage. Therefore, their magnetic induction strength can be expressed as: 

 
0( ) cos cos

am
B t B t B t    (13) 

In the formula, B ——Harmonic voltage magnetic induction intensity amplitude/ T , 
0B ——Fundamental wave 

magnetic induction intensity amplitude/ T . 
In summary, the transformer core vibration acceleration is: 
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From equation (14), it can be seen that the dominant frequency of core vibration is mainly 100 Hz, and harmonic 
voltage effects will bring more 100 Hz harmonic components. However, due to the nonlinearity of the core and other 
factors, the vibration may deviate, and the frequency components may be more complex. 

 
II. B. Overall framework of the transformer acoustic fingerprint acquisition system 
The above mechanism analysis indicates that transformer acoustic signature signals contain rich mechanical state 
information; however, harmonic interference in the complex electromagnetic environment of urban substations can 
significantly affect signal characteristics. Therefore, it is necessary to construct a high-precision data acquisition 
system to obtain raw acoustic signature data. 

This paper primarily investigates transformer acoustic signature acquisition systems, which are mainly used for 
collecting sound signals emitted by transformers (or other power equipment) during operation, with the aim of 
constructing a high-precision, high-speed acoustic signature acquisition system. The acoustic signature acquisition 
system primarily consists of acoustic sensors, signal conditioning circuits, analog-to-digital converters (ADCs), logic 
control modules (FPGAs), and host computers. 

 
II. C. Transformer acoustic signal data preprocessing method—improved EEMD algorithm 
The raw acoustic signals obtained by the acquisition system inevitably contain environmental noise and 
electromagnetic interference, and direct diagnosis will lead to misjudgment. Therefore, this section proposes an 
improved EEMD denoising algorithm, which realizes noise separation and signal reconstruction through multi-
sensor fusion and adaptive cutoff frequency design. 
 
II. C. 1) Improvements to the EEMD Algorithm 
Since EEMD repeatedly adds Gaussian white noise and performs multiple empirical mode decompositions, 
although it solves the problem of modal aliasing, it is prone to introducing false IMF components, and 
“overdecomposition” increases the computational load. Therefore, it is necessary to improve the computational 
efficiency of the EEMD method, i.e., the IMF screening termination condition problem. By applying a low-pass filter 
to the white noise signal, a band-limited noise signal can be obtained. Setting the cutoff frequency of the desired 
signal as the upper limit effectively eliminates modal aliasing in the low-frequency range and is more efficient than 
the traditional EEMD method. Based on the concept of cutoff frequency, this paper proposes an improved EEMD 
denoising algorithm with a minimum lower cutoff frequency. The specific steps are as follows: 

(1) Assume that the raw acoustic signals collected by each acoustic sensor are  ix t , where 1, 2, ,i M   and 

M  is the number of sensors. Perform short-time Fourier transform power spectrum analysis on ( )ix t  to identify 

the lowest frequency in the spectrum of the raw acoustic signal from each sensor as the cutoff frequency for signal 
decomposition corresponding to that sensor, and use it as the lower limit for signal decomposition, denoted as 

Lf . 

(2) Add a Gaussian white noise sequence ( )kh t  with a mean of 0 and a standard deviation of 0.05 to 0.1 times 

the standard deviation of the original signal to each  ix t  to obtain the new signal 
, ( )i kX t , i.e. 

 
, ( ) ( ) ( )i k i kX t x t h t   (15) 

(3)  ,i kX t  is used for EMD decomposition, taking 
1,1( )X t  as an example, and the power spectrum of each order 

of IMF components 
1, ( )jC t  is analyzed again to obtain its main frequency 

maxf , and 
maxf  is compared with 

Lf , 

if 
maxf  is less than 

Lf  , the decomposition terminates, and conversely, the decomposition continues. Finally, the 

N  order IMF component 
1,1 1,2 1,, , , NC C C  is obtained after the EMD decomposition of 

1,1( )X t . The same operation 

is performed on each 
, ( )i kX t  as that of 

1,1( )X t  to obtain the IMF component group after a noisering. 

(4) Repeat steps (2) and (3) K  times to obtain K  sets of IMF components. Calculate the overall average 
,i jC  

of the IMF components from the K   decompositions to obtain the IMF components from the final EEMD 
decomposition of each voice sensor signal ( )iX t , i.e., 
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(5) Calculate the correlation coefficients between each IMF component and the source signal separately. If the 
correlation coefficient of an IMF component is small, it indicates that the component contains a large amount of 
noise and should be discarded. Conversely, if the correlation coefficient is large, the component should be retained. 
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where 
k , 1, 2, ,k K   are the IMF correlation coefficient values obtained for each order, ( )r t  represents the 

IMF component, r  is the average value of ( )r t , ( )x t  represents the transformer sound signal, and x  is the 
average value of ( )x t . and K  denotes the order of the IMF component. 

(6) By setting a reasonable threshold  , IMF components with correlation coefficient values greater than the 
threshold are retained, while those below the threshold are discarded. 

 
1

( )
K

k
k

K

 
 



  (18) 

where   is the average value of  . 
(7) The noise-reduced sound signal of the transformer is obtained by superimposing the retained IMF components. 
 

II. C. 2) Improved EEMD denoising based on multi-sensor fusion 
Multi-sensor data fusion is applied to the acoustic array. A consistency-based data fusion algorithm is used to identify 
each sensor, discard faulty sensors, determine the valid sensor group, and complete data preprocessing. An 
improved EEMD based on the minimum lower frequency cutoff is used to denoise the acquired data from the valid 
sensor group. The effective IMF components are selected using the correlation coefficient method, and the denoised 
signal is reconstructed by superimposing the effective IMF components. The proposed improved EEMD-based 
noise reduction process for transformer acoustic signals using multi-sensor fusion is shown in Figure 3. 
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Figure 3: Improved EEMD Transformer Sound Signal Denoising Process 
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II. D. Acoustic diagnosis method for transformer mechanical faults based on SSAE-IELM 
This section introduces the SSAE-IELM model, which establishes a mapping relationship between voiceprint 
features and fault types through deep feature extraction and incremental learning mechanisms. 
 
II. D. 1) Transformer fault diagnosis model based on SSAE-IELM 
The time-frequency energy matrix obtained after preprocessing still suffers from high dimensionality and excessive 
redundant information. Additionally, it is challenging to establish a mapping relationship between the time-frequency 
energy matrix and the mechanical state of the transformer solely through the matrix. Therefore, it is necessary to 
perform deep feature extraction on the time-frequency energy matrix of the transformer's acoustic signals and then 
utilize a fault identification model to establish a mapping relationship between the acoustic signals and the 
mechanical state of the transformer. However, traditional manual feature extraction methods suffer from drawbacks 
such as strong subjectivity, easy loss or redundancy of feature information, which affect the accuracy of subsequent 
fault identification results. The unsupervised self-learning mechanism of autoencoder networks can efficiently 
extract deep acoustic features of transformers through encoding and decoding processes, minimizing the loss of 
acoustic features. Additionally, transformer acoustic features exhibit characteristics such as strong ambiguity and 
minimal differences between features. When using traditional neural networks like BP neural networks or support 
vector machines to identify transformer mechanical states, issues such as low computational efficiency, complex 
parameter tuning, and non-convergent computational results may arise. To deeply analyze the correlation between 
transformer acoustic features and mechanical states, an incremental extreme learning machine (SSAE-IELM) is 
used to replace traditional neural networks. This approach fully explores the differences in acoustic features under 
various mechanical states, efficiently and quickly establishing a mapping relationship between transformer acoustic 
features and mechanical states, thereby improving the computational speed and accuracy of acoustic diagnosis for 
transformer mechanical faults. 

This section introduces the basic principles and network structure of the stacked sparse autoencoder and 
incremental extreme learning machine (SSAE-IELM), and constructs a transformer mechanical fault identification 
model based on the SSAE-IELM network. The SSAE network's unsupervised self-learning is used to extract 
transformer acoustic features, and the IELM network's supervised training is employed to achieve intelligent 
diagnosis of transformer mechanical faults. 

 
II. D. 2) Transformer fault diagnosis steps based on SSAE-IELM 
Building on the transformer sound signal preprocessing discussed in Section 2.3, the transformer mechanical fault 
acoustic diagnosis model proposed in this section, based on a stacked sparse autoencoder and incremental 
extreme learning machine (SSAE-IELM) network, primarily consists of the following three components: First, the 
transformer sound signal is decomposed using the complementary empirical mode decomposition algorithm to 
calculate the signal's time-frequency energy matrix; Second, based on transformer sound data under different 
mechanical states and the unsupervised self-learning mechanism of the stacked sparse autoencoder network, deep 
acoustic features of the transformer sound signals are extracted. Additionally, the stacked sparse autoencoder 
network is trained through supervised learning using sound data labels to achieve fine-tuning and optimization of 
network parameters; Third, based on transformer acoustic features and the supervised learning mechanism of 
incremental extreme learning machines, establish a mapping relationship between transformer acoustic features 
and mechanical states to achieve intelligent identification of transformer mechanical faults. The acoustic diagnosis 
steps for transformer mechanical faults based on SSAE-IELM are as follows: 

(1) Use the sound acquisition system to obtain transformer sound signals; 
(2) Decompose the transformer sound signals using the complementary set empirical mode decomposition 

algorithm to obtain the intrinsic mode components with time-frequency features of the signal; 
(3) Calculate the instantaneous frequency of the intrinsic mode components of the sound signals using the Hilbert 

transform, and reconstruct the intrinsic mode components into new signals by bandpass filtering according to the 
frequency bands, thereby obtaining the time-frequency matrix of the reconstructed signals; 

(4) Calculate the time-frequency energy matrix of the reconstructed signal to obtain a one-dimensional time-
frequency energy vector of the transformer sound signal; 

(5) Use the SSAE network to perform deep feature extraction on the time-frequency energy vector of the 
transformer sound signal to obtain the acoustic fingerprint features of the signal, which are then used as the acoustic 
fingerprint dataset; 

(6) Divide the transformer acoustic fingerprint dataset proportionally into training and testing sets. Use the 
acoustic fingerprint training set to train and optimize the network parameters of the IELM classification model, and 
validate the performance of the trained IELM classification model using the acoustic fingerprint testing set. 
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In summary, the steps for transformer mechanical fault acoustic diagnosis based on SSAE-IELM are shown in 
Figure 4. 

Start
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Figure 4: Steps for Acoustic Diagnosis of Mechanical Failures Based on SSAE-IELM 

III. Analysis of transformer vibration signals based on improved EEMD denoising 
Chapter 2 provides an in-depth analysis of the generation mechanism of transformer acoustic signals and the design 
of the acquisition system, and proposes improvements to the EEMD denoising and SSAE-IELM diagnostic models. 
Based on the above theoretical framework, Chapter 3 focuses on practical applications, first verifying the reliability 
of the acoustic signal acquisition system through actual measurement data, then analyzing the time-frequency 
characteristics of the signals, and finally combining the improved CEEMD algorithm to achieve denoising of vibration 
signals and performance comparison. 
 
III. A. Transformer measurement data collection and preprocessing 
In July 2024, a study was conducted at a certain substation to collect vibration data from 110kV transformers. The 
transformer acoustic fingerprint collection system and intelligent transformer vibration monitoring terminal designed 
in Chapter 2 of this paper were used to collect high-voltage side vibration signals from multiple transformers. During 
the data collection process, the six sensors of the monitoring terminal were placed in close contact with the surface 
of the transformer oil tank. In accordance with the safety regulations of the substation, the sensors were uniformly 
distributed on the surface of the oil tank at positions below half the height, with equal intervals, and data was 
continuously collected over several days. 

The data collection period for the normal data used in this experiment was from July 10 to July 16, 2024. Channels 
1 to 6 of Transformer No. 4 were selected as the experimental samples, with the data collected over the first five 
days serving as the training set, the data collected on the sixth day as the validation set, and the data collected on 
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the seventh day as the test set. Additionally, acoustic vibration data under DC bias conditions was collected from 
Transformer No. 6. Considering the actual operating environment of the transformer, two types of abnormal signals 
were generated based on the normal signal: abnormal signals with added noise and abnormal signals with added 
high-frequency harmonics. Figure 5 shows the normal vibration waveform of transformer No. 4, Figure 6 shows the 
DC bias vibration waveform of transformer No. 6, Figure 7 shows the vibration waveform after adding noise to the 
abnormal signal, and Figure 8 shows the vibration waveform of the transformer with added high-frequency harmonic 
signals. 

 

Figure 5: Normal vibration waveform of Transformer No. 4 

 

Figure 6: The DC bias-induced vibration waveform of the No. 6 transformer 

 

Figure 7: The vibration waveform after adding abnormal noise to the signal 
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Figure 8: Adding high-frequency harmonic signals to the vibration waveform 

Observing the waveforms of normal and abnormal transformer vibration signals reveals that the amplitude of 
normal transformer vibrations ranges between -2.5g and 2.5g, exhibiting regular fluctuations and periodic changes. 
Under DC bias vibration conditions, the amplitude is slightly higher. After adding noise to the abnormal signal, the 
amplitude exhibits irregular fluctuations, with values reaching ±3.7g. When high-frequency harmonic signals are 
added, the transformer still maintains regular fluctuations, but they occur more frequently and the amplitude 
increases slightly. 

 
III. B. Analysis of audio signals 
After completing the actual measurement and collection of vibration signals from multiple transformers and 
constructing abnormal data, we conducted a frequency domain analysis to further analyze the signal characteristics. 
Through Fourier transformation, we converted the time domain waveform into a spectrum diagram to reveal the 
distribution patterns of the fundamental frequency and harmonic components, providing a basis for subsequent 
noise removal. 

To facilitate the analysis of differences in speech signals, we typically convert the time domain relationship of 
speech signals into a frequency domain relationship for analysis. The most intuitive way to understand a speech 
signal is to examine the time-domain plot, which allows one to visually observe the amplitude values at different 
time points. Therefore, for the speech signals read at different detection points after removing silence, the vertical 
axis represents the sound pressure level using the level signal. Additionally, to better understand the amplitude-
frequency characteristics of the signal, the speech signals measured at different positions were subjected to a 
Fourier transform. The spectral relationships of the transformer at different detection points are shown in Figure 9. 

 

Figure 9: Spectrum diagrams at different positions 

As shown in Figure 9, from the spectrum of the detection point, the transformer frequency is mainly concentrated 
at 100 Hz. In addition to the main frequency, there are also some 100 Hz harmonic components. These harmonic 
components may be caused by harmonic distortion resulting from nonlinear components inside the transformer, 
such as magnetic core saturation and iron loss. Furthermore, we must also consider various types of noise that may 
be present during the audio acquisition process. These noises may originate from electrical interference from the 
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acquisition equipment itself, electromagnetic interference from the external environment, or instability in the 
measured signal itself. All of these interference factors may contribute to the generation of harmonic components 
in the transformer. 

 
III. C. Simulation analysis of transformer vibration signal denoising based on the CEEMD method 
To verify the effectiveness of the improved EEMD algorithm (CEEMD) in signal decomposition, this chapter 
decomposes the simulated signal S1 using the EMD, EEMD, and CEEMD methods, respectively. Then, the CC 
value is calculated for each IMF component, and the decomposed IMF components are effectively screened by 
setting a threshold θ. The selected effective IMF components are then recombined to obtain the denoised signal. 
 
III. C. 1) Improving the signal decomposition results of EMDD 
In the parameter configuration of CEEMD, there are three main parameters: noise standard deviation (NSD), 
number of noise additions (NR), and maximum iteration count (MaxIter). These parameters are typically selected 
based on prior experience, with NSD generally chosen between 0 and 1, NR between 50 and 200, and MaxIter 
typically set to a larger value. Since CEEMD has not been applied to transformer vibration signals and the noise 
reduction effectiveness of this method is strongly correlated with the NSD and NR parameters, it is not advisable to 
directly select parameters based on experience. To select parameters suitable for transformer vibration signals and 
achieve better noise reduction results, this experiment employs the control variable method to select NSD and NR. 
After calculation, the CEEMD parameters selected for transformer vibration signals in this experiment are: NSD set 
to 0.3, NR set to 120, and MaxIter set to 550. The simulation signal S1 is shown in Figure 10, and the results of the 
10 IMF components obtained after decomposition are shown in Figures 11 and 12. 

 

Figure 10: Simulated signal S1 

 

Figure 11: IMF1-IMF5 component results 
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Figure 12: IMF6-IMF10 component results 

As can be seen, the CEEMD method decomposes the signal into 10 IMF components. The more components 
there are, the more detailed the decomposition and the more information it contains. Among these, the noise in the 
original signal is more likely to be separated out, which not only facilitates signal denoising but also makes it easier 
to extract signal features in subsequent steps. Overall, as the number of IMFs increases, the corresponding 
frequencies decrease. Typically, high-frequency IMF components are primarily composed of noise, while low-
frequency IMF components primarily consist of useful signals. Therefore, by selecting the IMF components 
decomposed by CEEMD, effective information can be extracted, and some noise can be removed. 

CEEMD decomposition does not exhibit modal aliasing. This indicates that the CEEMD method can effectively 
avoid the occurrence of modal aliasing. By comparing the changes in each IMF component of CEEMD, we find that 
the frequency changes between different IMF components are very distinct, further demonstrating that CEEMD can 
effectively suppress modal aliasing. CEEMD decomposition first obtains the first-order IMF, then calculates the final 
first-order IMF through overall averaging, followed by calculations for the remaining components. Through this 
calculation process, the CEEMD method effectively addresses the issues of white noise transfer from high to low 
frequencies, noise propagation, and residual noise. Therefore, CEEMD decomposition can effectively suppress 
modal aliasing and residual noise issues. 

 
III. C. 2) Comparison of the computational speeds of the EEMD and CEEMD algorithms 
To better validate the efficiency of the CEEMD algorithm in signal decomposition, box plots of the number of 
iterations of IMF were used to compare the computational speeds of the EEMD and CEEMD algorithms. The box 
plot results for the two algorithms are shown in Figures 13 and 14, respectively. The vertical axis represents the 
number of iterations, and the horizontal axis represents the IMF components. This box plot illustrates the number 
of iterations required to decompose different components using different decomposition methods. 

 

Figure 13: The number of iterations of IMF under the EEMD algorithm 
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Figure 14: The number of iterations of IMF under the CEEMD algorithm 

As can be seen from the figure, EEMD decomposes only eight components, and for each IMF selection, the 
maximum number of iterations for the EEMD method is 122, while for the CEEMD method it is 76. The average 
number of iterations for the two methods is 42 and 15, respectively, with the CEEMD method requiring nearly one-
third less computational effort than the EEMD method. This also means that the CEEMD method can reduce 
operation time and improve the efficiency of signal decomposition. 

 
III. C. 3) Comparison of Different Noise Reduction Methods 
Noise reduction was performed on the simulated noisy signals using different noise reduction methods, and the 
noise reduction indicators are shown in Table 1. 

As shown in Table 1, in terms of signal-to-noise ratio (SNR), CEEMD performs the best with an SNR of 18.11 dB, 
significantly higher than EMD's 13.34 dB and EEMD's 14.44 dB. Additionally, its SNR improvement value (SNRimp) 
of 13.88 dB also far exceeds that of other methods. In terms of error, CEEMD has the lowest mean squared error 
(MSE) of 0.0177 and root mean squared error (RMSE) of 0.1258, indicating minimal signal distortion. Although 
wavelet denoising achieves a high SNR of 16.37 dB and relatively low errors (MSE and RMSE of 0.0216 and 0.1499, 
respectively), the mother wavelet and decomposition levels must be manually selected, and improper threshold 
selection can cause signal distortion, directly affecting denoising performance. The signals obtained after EMD and 
EEMD denoising differ significantly from the original signals. The poor denoising effect of EMD is due to modal 
overlap in the decomposition results. Mode overlap causes the properties of components to become similar, 
affecting component selection and thereby degrading noise reduction performance. Although the EEMD method 
addresses mode overlap during EMD decomposition by adding white noise, it still faces the issue of residual noise 
in the decomposed IMF components. Therefore, EEMD also has certain limitations in noise reduction. The improved 
CEEMD method used in this paper addresses the issue of residual noise by using weighted averaging to offset the 
residual noise in the components. It can efficiently and meticulously decompose signals and is suitable for noise 
reduction in vibration signals. 

Table 1: Different methods for noise reduction indicators 

 SNR/dB SNRimp/dB MSE RMSE PDR/% 

Wavelet denoising 16.37 11.22 0.0216 0.1499 14.38 

EMD 13.34 8.54 0.0508 0.2024 22.38 

EEMD 14.44 10.25 0.0369 0.1695 18.66 

CEEMD 18.11 13.88 0.0177 0.1258 12.02 

 

IV. Identification and analysis of typical faults in power transformers 
Based on the acquisition of high-fidelity denoised acoustic signals, this chapter will focus on the ultimate goal of the 
research—the intelligent identification and classification of typical mechanical faults in power transformers. Utilizing 
the SSAE-IELM diagnostic model constructed in Chapter 2, combined with the acoustic signature dataset that has 
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undergone preprocessing and feature extraction, this study will thoroughly investigate the acoustic characteristic 
differences among various fault types and systematically evaluate the diagnostic performance of the model, thereby 
completing the critical validation process from “signal denoising” to “condition assessment.” 
 
IV. A. Sources of experimental data 
During the operation of power transformers, the probability of faults such as short-circuit impacts is relatively low, 
which can easily lead to an imbalance in the number of samples. Based on the acoustic fingerprint data provided in 
the previous section, this paper separately plots the time-frequency spectra and Mel time-frequency spectra of 
normal and fault samples. Additionally, basic data augmentation and Mixup data augmentation were applied to the 
obtained spectra. The number of samples for the three fault types—normal state, short-circuit surge, DC bias, and 
partial discharge—are 2,000, 1,500, 1,500, and 1,000, respectively. Among these, 3/4 of the samples are used for 
model training, and 1/4 are used for testing. To verify the accuracy of the expanded data, the original data is added 
to the test set for classification identification. 
 
IV. B. Analysis of fault type detection in different models 
The constructed datasets were imported into the CNN model for training. The model was built using the deep 
learning framework TensorFlow in a Python environment. The computing platform was configured with an Intel i7-
8750H CPU running at 2.20 GHz, 16 GB of memory, and a 64-bit Windows 10 operating system. The number of 
iterations was set to 50, and the number of units in the fully connected layer was set to 60. 

The comparison models include the standard basic model based on the CNN deep learning algorithm, the ACO-
CNN and GWO-CNN models optimized by ACO and GWO, respectively, and the SSAE-IELM transformer fault 
detection model based on stacked sparse autoencoders and incremental extreme learning machines proposed in 
this paper. 

 
IV. B. 1) Diagnostic accuracy of different models 
The diagnostic accuracy rates of the four models are shown in Figures 15, 16, 17, and 18, respectively. 

 

Figure 15: Diagnostic accuracy under the CNN model 

 

Figure 16: Diagnostic accuracy under the ACO-CNN model 
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Figure 17: Diagnostic accuracy under the GCO-CNN model 

 

Figure 18: Diagnostic accuracy under the SSAE-IELM model 

As shown in the figure above, the SSAE-IELM model achieves the highest diagnostic accuracy. On the training 
set, it reaches a stable state by the 31st iteration with an accuracy rate of 97.88%, and on the test set with fewer 
samples, it achieves 94.11%; Under the CNN model, stability was not achieved until the 44th iteration, with an 
accuracy rate of 82.46%. After optimization using ACO and GCO, the accuracy rates of the CNN model eventually 
stabilized at 88.43% and 92.22%, respectively. 

 
IV. B. 2) Fault Classification Confusion Analysis 
The confusion matrix was used to measure the classification accuracy of each model. The classification results of 
the four models are shown in Figures 19, 20, 21, and 22, respectively. 

 

Figure 19: Fault Classification Confusion Analysis Matrix of CNN 
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Figure 20: Fault Classification Confusion Analysis Matrix of ACO-CNN 

 

Figure 21: Fault Classification Confusion Analysis Matrix of GCO-CNN 

 

Figure 22: Fault Classification Confusion Analysis Matrix of SSAE-IELM 

It can be seen that the SSAE-IELM model performs the best, achieving an accuracy rate of 95.24% in normal 
state recognition, significantly higher than the 79.52% of CNN, 83.33% of ACO-CNN, and 89.05% of GCO-CNN. 
For short-circuit impact faults, its recognition rate reaches 97.14%, far superior to other models (CNN: 80.95%, 
ACO-CNN: 86.19%, GCO-CNN: 85.24%); for DC bias fault recognition, its accuracy rate is 91.43%, also 
outperforming CNN (84.76%) and ACO-CNN (85.71%), though slightly lower than GCO-CNN (88.57%); For partial 
discharge faults, its recognition rate of 94.76% is the highest among all models (CNN: 85.71%, ACO-CNN: 88.57%, 
GCO-CNN: 92.86%). Additionally, the SSAE-IELM model has the lowest misclassification rates overall, such as 
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misclassifying normal states as short-circuit impacts at only 0.95% and misclassifying DC bias as partial discharges 
at only 1.90%. In contrast, other models (especially the base CNN) exhibit more significant inter-category confusion. 
For example, the CNN misclassifies normal states as the other three fault categories at a combined rate of 20.48%, 
and all fault categories exhibit varying degrees of misclassification spread. For instance, 9.52% of short-circuit 
impacts are misclassified as normal states. This indicates that the SSAE-IELM model has a significant advantage 
and higher reliability in distinguishing various transformer states, particularly between normal states and short-circuit 
impact faults. 

V. Conclusion 
This study established a transformer condition monitoring method based on voiceprint signal analysis. Through 
theoretical analysis, system design, and experimental verification, the following conclusions were drawn. 

(1) The multi-channel synchronous acquisition system successfully obtained actual measurement data from a 
110kV transformer. Under normal operating conditions, the vibration amplitude was stable at -2.5g to 2.5g. Under 
DC bias conditions, the amplitude increased, and under noise interference, the amplitude of abnormal signals 
reached ±3.7g. 

(2) The improved EEMD algorithm demonstrated significant noise reduction performance, with the signal-to-noise 
ratio (SNR) improved to 18.11 dB (a 26% increase over EEMD), the mean squared error reduced to 0.0177, and 
computational efficiency enhanced by 64.29%, effectively suppressing harmonic and white noise interference. 

(3) The SSAE-IELM model demonstrates outstanding diagnostic advantages, with an overall accuracy rate of 
94.11% and a training set accuracy rate of 97.88%, significantly outperforming CNN (82.46%), ACO-CNN (88.43%), 
and GCO-CNN (92.22%). 

(4) The confusion matrix shows that the recognition rate for normal states is 95.24%, the recognition rate for 
short-circuit impacts is 97.14%, and the recognition rate for partial discharges is 94.76%. The misclassification rate 
between categories is below 2.38%, such as 0.95% for normal → short-circuit. 

This method addresses the challenge of acoustic fingerprint diagnosis in the complex electromagnetic 
environment of urban substations, providing a high-precision, high-efficiency technical solution for non-invasive 
condition monitoring of transformers. 
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