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SUMMARY: Addressing the issues of weak distinguishability of thermal defect features and a 

large number of model parameters in infrared image diagnosis of power equipment, this study 

constructed an infrared image dataset for substation equipment and proposed a thermal defect 

diagnosis method for power equipment based on deep residual networks. First, convolutional 

kernel decomposition technology was used to simplify the basic structure of the network, 

significantly reducing the parameter size of the model. A multi-scale convolutional feature 

fusion strategy is then employed to integrate semantic features from both shallow and deep 

layers of the network, thereby enhancing the diagnostic accuracy of thermal defect states. 

Finally, a Bayesian optimization algorithm based on coupled constraints is designed to 

adaptively adjust hyperparameters such as the number of convolutional kernels and network 

depth, enabling lightweight identification. Experiments show that the thermal defect 

recognition accuracy of this model can reach 93.12% in a simple background, and the optimized 

thermal defect diagnosis model for power transformation equipment can effectively classify 

seven different types of thermal defects. This method provides a reliable technical route for 

intelligent diagnosis of power equipment. 
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1 Introduction 

Currently, power equipment inspection is primarily carried out through manual inspections, 

machine inspections, and intelligent inspections [1, 2]. Among these, manual inspections are 

time-consuming and labor-intensive, and it is difficult to ensure the accuracy and 

comprehensiveness of the inspections [3]. Machine inspections utilize sensors and other 

devices, but issues such as delayed data analysis exist [4]. Intelligent inspections incorporate 

machine learning and other technologies into traditional inspections, effectively improving 

inspection efficiency and accuracy, but they are costly [5-7]. Therefore, power equipment 

inspection technology based on image recognition technology has emerged as a new option [8]. 

Power equipment inspection technology based on image recognition technology primarily 

involves collecting images or videos of power equipment for processing, and using machine 

learning and other technologies to assess and predict equipment status [9-11]. The specific steps 

include equipment data collection, image processing, feature extraction, model training, and 

equipment status assessment. Power equipment inspection technology based on image 

recognition has broad application prospects in fields such as automated production, coal mine 

mailto:tempmail0808@163.com


Chen et al 

2 

safety, and urban power supply, particularly image recognition technology based on deep 

residual networks [12-15]. 

Deep residual networks (ResNet) are a method for training extremely deep networks. Unlike 

traditional convolutional neural networks (CNN), ResNet proposes a cross-layer residual 

learning approach, which avoids gradient vanishing or explosion issues through residual blocks 

and significantly alleviates the accuracy degradation caused by increasing network depth [16-

19]. Traditional CNNs or fully connected networks inevitably suffer from information loss or 

degradation during information transmission, as well as issues like gradient vanishing or 

exploding gradients, leading to performance degradation when training deep CNNs [20-23]. 

To address this issue, an improved deep residual network is employed for image recognition, 

with simple shortcuts added to enhance the accuracy of image classification tasks and accelerate 

the training process, achieving greater precision in the identification of power equipment [24-

26]. 

Reference [27] proposes a target detection network based on YOLOv4 and a two-stage fine-

tuning method for power equipment image recognition. Experimental results demonstrate that 

the proposed method effectively enhances power equipment recognition capabilities. Literature 

[28] emphasizes the effective application of image recognition technology in online monitoring 

of power equipment and proposes a second template matching algorithm for rapid target image 

recognition. This algorithm is used to identify power equipment and detect abnormal states of 

power equipment, verifying that it can accurately locate and identify power equipment and 

detect equipment failures. Literature [29] addresses the limitations of traditional image 

recognition methods for power equipment by proposing a network based on an improved 

attention mechanism for image detection and recognition of power equipment. This method 

enhances the recognition and extraction of detailed target features, thereby improving 

recognition accuracy. Literature [30] develops an improved infrared defect recognition method 

for substation equipment based on traditional methods and conducts experiments using 

measured infrared images. The results validate the effectiveness and accuracy of this method. 

Literature [31] proposed a multi-label image recognition model for power equipment 

maintenance based on a multi-scale dynamic graph convolutional network, and compared and 

validated the experimental results using an electrical equipment defect dataset, revealing that 

the model exhibits outstanding performance. Literature [32] proposed an image recognition and 

processing model for electrical inspections, trained based on the latest advancements in neural 

networks, capable of object recognition, thereby enhancing inspection, operation, and 

maintenance efficiency while reducing costs. Reference [33] proposed a method for identifying 

and diagnosing power equipment faults based on convolutional neural networks. The 

effectiveness of this method was verified by comparing the error detection performance and 

image recognition accuracy within a time interval. Reference [34] addresses the growing 

complexity of power grid structures, which poses significant challenges for power personnel 

conducting inspections. To address issues such as low accuracy in traditional methods for fault 

identification, the study employs improved techniques like region-based fully convolutional 

networks, incorporates deep learning, and validates that this approach achieves higher detection 

accuracy. Literature [35] Based on machine learning technology, combined with machine 

learning operations under the concept of neural networks, this study explored the classification 

and recognition of image data of transformers, circuit breakers, and isolating switches in 

substations, revealing the effectiveness of the aforementioned methods. Literature [36] 

analyzed adversarial sample generation techniques for power images and developed an artificial 

intelligence model resilience assessment system to evaluate resilience against various hacker 

and organizational attacks. This system promotes the safe, effective, reliable, and stable 
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operation of artificial intelligence models in power scenarios. The aforementioned studies 

proposed power equipment image recognition technologies based on YOLOv4, convolutional 

neural networks, and machine learning, effectively improving the detection efficiency of power 

equipment and ensuring the safe operation of the power grid. 

Addressing the issues of low efficiency and inconsistent diagnostic standards associated 

with traditional infrared inspection methods that rely on manual labor, this paper innovatively 

proposes an adaptive deep residual diagnosis model framework tailored for infrared inspection 

scenarios in substations. First, a finely annotated multi-state classification dataset of thermal 

defects in substation equipment was constructed. Subsequently, a lightweight residual network 

architecture was designed, employing convolution kernel decomposition technology and multi-

scale feature fusion mechanisms to reduce model parameter size and enhance the model's ability 

to extract thermal defect features. A constraint-oriented Bayesian hyperparameter optimizer is 

developed to autonomously optimize key parameters. Through comparative experiments and 

thermal defect region instance identification experiments, the feasibility of the deep residual 

network-based thermal defect diagnosis model for substation equipment proposed in this paper 

is validated. 

2 Thermal defect diagnosis model for substation equipment 

based on deep residual networks 

When insulation defects occur in power transformation equipment, they typically manifest as 

an increase in equipment temperature. Based on the correlation between infrared images and 

temperature, a neural network is employed to input infrared images of different defect types 

into the model for supervised training, enabling the network to autonomously learn data features. 

Once the model is trained, inputting the infrared images of the equipment to be inspected 

directly allows for intelligent diagnosis of the equipment type and thermal status. Therefore, 

the construction of the diagnostic model in this paper primarily involves the establishment of a 

database and the design of the model architecture. 

2.1 Construction of infrared image dataset for substation equipment 

Deep learning-based image recognition methods require reliable data support. To meet the 

needs of this study, we collected and organized a total of 11,000 infrared images of 15 types of 

common substation equipment in normal operating conditions. The data was collected from 

precise temperature measurement historical data of over 30 substations ranging from 110kV to 

500kV across different seasons. The shooting environments and personnel varied significantly, 

providing robust raw data support for the development of robust image analysis and recognition 

algorithms. 

This paper focuses on typical equipment defect types, selecting a total of 600 defect samples 

with complete overall equipment images, clear heat sources, and complete temperature and 

visible light data. The typical defect sample dataset was then categorized and organized based 

on equipment type and defect type. 

All infrared image data was processed and annotated according to the following steps: 

1) Remove redundant information. Using the infrared image processing software Flir Tool, 

a batch processing program was developed to remove text and symbols from the original 

infrared images, preventing invalid information from interfering with image analysis and 

recognition results; 

2) Annotate device type. Each infrared image was classified and annotated based on the type of 

target device it captured, excluding images where the target device was unclear or not of the 
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type of interest in this study. This annotation information was used for analyzing image data by 

device type and training and testing device classification algorithms; 

3) Annotate defect severity. For all images in the typical defect sample dataset, locate the 

corresponding inspection report for the device and annotate them using the classification 

categories “general defect,” “severe defect,” and “critical defect.” For samples in the normal 

device dataset, annotate them as “no defect”; 

4) Extract temperature maps. For all samples in the typical defect sample dataset, use 

infrared analysis software to export their temperature maps. For samples in the normal device 

dataset, randomly select 200 samples from each device type to extract temperature maps; 

5) Label device locations. For all images where devices of the type of interest in this paper 

can be clearly distinguished, label them with rectangular boxes; 

6) Data set cleaning. Re-check the annotation results of all data and remove image data with 

annotation errors, unclear main device types, severe defocusing, or questionable defect 

diagnosis results; 

7) Export visible light images. The original image files saved by the thermal imager contain 

corresponding visible light images. Export the visible light images and copy their corresponding 

annotation results. 

Image preprocessing methods: 

Convolutional neural network models typically require fixed input image dimensions, 

generally set as square arrays with equal width and height. Images that do not meet the size 

requirements are typically scaled directly to the required dimensions. Handheld thermal 

imagers used for infrared temperature measurement commonly use image resolutions of 4:3 or 

5:4. Direct scaling to a square array alters the original aspect ratio. The shooting angles of 

infrared images of power transformation equipment are highly random, and the direction in 

which the equipment is stretched during scaling is also random. Therefore, altering the aspect 

ratio can cause unpredictable edge deformation and alter the original edge information. 

Changes in edge information significantly impact the resolution of substation equipment. 

Different types of substation equipment share many similar structures, such as insulators, 

voltage equalization rings, and connectors. The key basis for distinguishing these structurally 

similar devices visually is the differing size ratios of their components. Therefore, random 

angle-based aspect ratio transformations pose significant challenges for device differentiation. 

Maintaining the original aspect ratio of the image preserves critical edge information. 

Deep learning heavily relies on data volume, so the training process of convolutional neural 

networks typically involves a series of preprocessing steps to enhance the dataset, i.e., 

generating new images from existing ones to improve the model's generalization ability across 

different processed images. One category of dataset enhancement methods involves adjusting 

the color distribution of images, such as contrast adjustment, normalization, and whitening. The 

purpose of these operations is to make the data distribution more uniform, enabling the 

recognition model to be more sensitive to different input ranges and adapt to visible light images 

under varying lighting conditions. 

In summary, for infrared images of power transformation equipment, dataset augmentation 

methods such as rotation, cropping, and proportional scaling can be used to assist the model 

training process, while methods that cause aspect ratio changes or nonlinear grayscale 

adjustments should be avoided. 

2.2 Infrared thermal imaging diagnosis model based on deep residual 

networks 

Residual networks [37], as classic convolutional neural networks, have achieved good results 

in classification and recognition in various databases. However, due to the characteristics of 
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infrared images of power transformation equipment, such as complex backgrounds, similar 

shapes of some equipment, and different manifestations of defect states, if the ResNet network 

is directly used for thermal defect diagnosis of power transformation equipment in infrared 

images, the recognition accuracy is not high. Therefore, based on the characteristics of the 

infrared image dataset, this paper improves the residual network from three aspects: 

convolution kernel decomposition, multi-dimensional feature fusion, and convolution kernel 

self-adjustment, and designs the network structure of this paper. 

The initial weight values of the convolution layer are set using the Xavier normal 

distribution initialization method to avoid the gradient vanishing problem caused by Gaussian 

distribution initialization, i.e.: 
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In the equation: 
lW  is the initial weight parameter of layer l ; 

1lp 
 is the number of 

neurons in layer 1l  ; 2( , )N    is the normal distribution function,   is the mean of the 

random variable, and 
2  is the variance of the random variable. 

The output of each convolutional layer is normalized (BN) [38] and undergoes Relu 

activation. Normalization of the output accelerates network convergence, while the Relu 

activation function is used for feature mapping. 

2.2.1 Network Structure Optimization Based on Convolution Decomposition 

The imbalance in sample categories caused by the small number of defective images makes the 

model prone to overfitting during training, thereby reducing recognition accuracy. This paper 

uses convolution kernel decomposition technology to reduce the number of parameters, thereby 

improving the generalization performance of the network. The convolution kernel 

decomposition process is as follows: 

 
(2 1) (2 1) (3 3), , (3 3)
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c c
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 1 1c c c cn n n n      (3) 

In the equation: 
c cn n  represents the convolution kernel size;   denotes the direction 

of convolution kernel decomposition, with the convolution effect remaining unchanged before 

and after decomposition. 

In the I-RB module structure, the larger 5×5 convolution kernel is first decomposed into 

two consecutive 3×3 convolution kernels. After convolution decomposition, the increase in 

network structure complexity is accompanied by an increase in training time. Therefore, only 

one of the 3×3 convolution kernels is asymmetrically decomposed into two consecutive 

convolution kernels of 3×1 and 1×3. The 1×1 convolution kernel is used to obtain feature 

dimension reduction, thereby accelerating the network training process. 

2.2.2 Multi-scale convolution feature fusion optimization 

The overheated areas caused by current-induced thermal defects in power transformation 

equipment account for a small proportion of the image. The characteristic information reflecting 

abnormal overheating in such equipment is primarily distributed in the shallow layers of the 
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network. After extraction and merging through multiple convolutional layers, this information 

is prone to loss, affecting the network's diagnostic results. To address this issue, a three-level 

hierarchical fast connection method is employed to highlight overheating feature information 

in the output high-level semantic features, thereby improving the model's diagnostic accuracy 

for overheating defects in power transformation equipment. 

In the configuration of the fast connection method, the first level connects a single I-RB 

module to an RB module, the second level connects a single residual unit (where the I-RB 

module and RB module are integrated into a single residual unit), and the third level connects 

all residual units. The computational expression for each module's input is: 
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 (4) 

In the equation: 
ix  and 

1ix 
 are the input and output of the i th module, respectively; 

1F  

and 
2F  are the residual functions of the I-RB module and RB module, respectively; f  is the 

Relu activation function; N  is the total number of modules; j  is a natural number. 

In complex infrared image backgrounds, the contour distinction of power transformation 

equipment is not high. Increasing the network depth or the number of convolutional kernels can 

improve the network's ability to distinguish infrared images of power transformation equipment. 

Therefore, the network depth and the number of convolutional kernels are adjusted adaptively, 

with the network depth being increased sequentially and the number of convolutional kernels 

being adjusted according to the following principle: 

 32 16 , (0,1,2,3,4)k a a    (5) 

In the formula, k  is the number of convolution kernels. 

2.3 Model hyperparameter self-adjustment based on improved Bayesian 

methods 

2.3.1 Bayesian Optimizer Principles and Implementation 

1) Bayesian Optimizer Principle 

Bayesian optimization [39] is an intelligent optimization method that can approximate the 

distribution of segmentation algorithm performance in thermal defect detection by constructing 

a proxy model (usually using a Gaussian process, GP). Combined with a collection function, 

this method can intelligently select the optimal evaluation point for segmentation algorithm 

parameters (such as thresholds, filter parameters, etc.), reducing the number of actual 

calculations and improving optimization efficiency. In thermal defect detection, Bayesian 

optimization effectively addresses the issue of insufficient segmentation accuracy in complex 

environments (e.g., varying lighting conditions, noise interference) through iterative updates of 

the model and parameters, ultimately significantly enhancing the adaptability and accuracy of 

the detection algorithm. 

2) Bayesian optimization process 

In thermal defect detection, the performance of the algorithm often depends on the precise 

adjustment of multiple parameters, such as the threshold selection of the Otsu threshold 

segmentation algorithm, the dual threshold settings of the Canny edge detection, and the kernel 
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size and standard deviation of the Gaussian filter. These parameters have a significant impact 

on the accuracy, robustness, and real-time performance of the detection results. However, the 

complex and variable real-world application environment of thermal defect detection (e.g., 

uneven lighting, noise interference, and dynamic backgrounds) makes traditional manual 

parameter tuning methods time-consuming and limited in effectiveness. 

Parameter tuning methods based on the Bayesian optimization framework can transform 

the hyperparameter selection problem into an optimization process for the objective function, 

using segmentation performance metrics (e.g., F1 score or area under the precision-recall curve) 

as the optimization target. This optimization process includes the following key steps: 

① Initialization stage: Set the initial number of sampling points 
0n , determine the 

maximum number of evaluations 
1N , and construct the initial training set 

0D ; 

②Probabilistic proxy model construction: Use Gaussian process regression ( , ; )G K d   to 

establish a probabilistic representation of the objective function, where: K  is the kernel 

function, d  is the input dimension, and   is the model hyperparameter; 

③Multi-objective sampling strategy: Design a robust sampling function as shown in 

Equation (6): 

 ( , / ) ( , ) ( , )K d D K d K d     (6) 

where K  is the exploration-exploitation balance coefficient. 

④ The iterative optimization process is as shown in Equation (7): 
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The parameter optimization flowchart is shown in Figure 1: 
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Figure 1: Flowchart of Bayesian optimization parameters 
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2.3.2 Coupling Constraint Settings 

This paper imposes coupled constraints on the Bayesian optimization algorithm from two 

aspects: the size and accuracy of the diagnostic model. This biases the algorithm toward 

selecting hyperparameter combinations with higher expected accuracy and smaller network 

structures, making it suitable for thermal defect inspection. The constraints are as follows: 

1) Constraint 1: The higher the validation set accuracy, the higher the feasibility evaluation 

value. After adding the constraint conditions, the acquisition function adjusts the feasible 

domain of the hyperparameter combinations based on the feasibility evaluation, thereby 

accelerating the convergence process of hyperparameter optimization. The improved 

acquisition function is such that when the accuracy is less than 80%, the optimization algorithm 

does not use that set of hyperparameters for updates. 

2) Constraint 2: The fewer the number of network layers, the higher the feasibility 

evaluation value. 

3) Constraint 3: The fewer the number of convolutional kernel channels, the higher the 

feasibility evaluation value. 

 *1 1, 1,

1

arg max ( ( ) ( )) ( )
T

i D best i j t i jR
t

E F F X C X


   


    (8) 

In the equation: 
1i 
 is the hyperparameter combination for the 1i  th evaluation of model 

performance; *R  is the hyperparameter combination space; 
DE  is the function for 

calculating the incremental expectation based on the current dataset; F  is the predictive 

evaluation function of the probabilistic proxy model for hyperparameter combinations; 
tC  

represents the evaluation function for the t th constraint; T  is the total number of constraints; 

best  is the optimal hyperparameter combination so far; 
1,i jX 

 is the j th candidate point in 

the 1i  st evaluation. 

2.3.3 Bayesian algorithm optimization process based on coupling constraints 

The Bayesian optimization process under coupling constraints is shown in Figure 2 and can be 

roughly divided into the following four steps: 

1) Determine the parameter combinations to be optimized, set the hyperparameter 

optimization space, constraint conditions, and maximum optimization time. 

2) Perform m  random hyperparameter optimization training runs to obtain the model 

validation set accuracy and constraint evaluation values. 

3) Update the non-parametric Gaussian process model and constraint evaluation model, and 

use the expected increment maximization function to select the next most “promising” 

hyperparameter combination. 

4) After reaching the maximum optimization time, output the set of hyperparameter 

combinations. 
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Figure 2: Flowchart of Bayesian optimization Algorithm based on coupling constraints 

3 Thermal defect diagnosis test results and analysis 

3.1 Evaluation Indicators 

To evaluate the effectiveness of thermal defect detection, the average intersection-over-union 

ratio (MIoU) and precision rate are used to assess the performance of target recognition in 

infrared images. MIoU is one of the metrics for evaluating semantic recognition performance. 

It reflects the degree of overlap between the recognition results and the true values by 

calculating the ratio of the intersection and union (IoU) of two sets. In image semantic 

recognition, these two sets are the true values (labels) and the predicted values. The value of 

MIoU ranges from [0, 1], with higher values indicating better recognition performance. The 

definition of MIoU is as follows: 
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In the formula: 
ijp  and 

jip  represent the total number of pixels with predicted results of 

i  and actual results of j , and the total number of pixels with predicted results of j  and actual 

results of i , respectively, while 
iip  represents the total number of pixels with predicted results 

of i  and actual results of i . 

Precision represents the category pixel accuracy rate of semantic recognition, which is the 

probability that a sample predicted as positive is actually a positive sample. Precision is defined 

as: 

 
TP

Precision
TP FP




 (10) 

In the formula: TP and FP represent true positives and false positives, respectively, 

indicating the proportion of examples classified as positive that are actually positive. 

3.2 Network Training 

The model training platform operates on the Ubuntu 18.04 operating system and utilizes an 

improved ResNet network built using the TensorFlow deep learning framework. The hardware 

processor is an Intel(R) Core (TM) i5-9300H CPU @2-4.0GHz (2400MHz), and the graphics 

card model is an NVIDIA GeForce GTX 1660 Ti. This paper uses the Res-UNet series of 

networks as a comparison network for thermal defect identification performance. To test the 

performance of different networks in identifying electrical equipment in complex environments, 

the network in this paper is compared with the UNet network and the Deeplabv3+ network. 

Relevant literature indicates that the Deeplabv3+ network outperforms the SegNet and FCN 

series networks in identifying current transformers in infrared images. Therefore, this paper 

chooses to compare with the Deeplabv3+. 

The UNet, Deeplabv3+, and this paper's networks were all built on the TensorFlow learning 

framework. A total of 2,000 labeled infrared images were used as training samples, with the 

training set and test set randomly allocated at a ratio of 4:1. The sample images included current 

transformers and circuit breakers. The network proposed in this paper, UNet, and Deeplabv3+ 

all use cross-entropy as the loss function, defined as follows: 

 10 ( )log ( )
C

c c i

c

E p z  (11) 

In the formula: 
c  is the loss weight of category c ; ( )c ip z  is the probability that pixel 

iz  belongs to the true category c . 

3.3 Thermal defect diagnosis results 

3.3.1 Comparison of recognition performance between different methods 

The loss function curves obtained by training the three methods—the proposed model, UNet, 

and Deeplabv3+—are shown in Figure 3. (a), (b), and (c) represent the loss function 
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comparisons of the training processes for Deeplabv3+, UNet, and the proposed model, 

respectively. The Deeplabv3+ model did not converge by epoch 120, while the model proposed 

in this paper achieved convergence by epoch 12, demonstrating faster convergence and a loss 

value closer to 0 at convergence. 

  

(a)Deeplabv3+ (b)UNet 

 

(c)This model 

Figure 3: Loss function curve 

The same samples are used to train different network models to obtain network parameters. 

Test samples are then input to obtain recognition prediction results, and the performance of 

infrared image target recognition is evaluated using MIoU and Precision. Cases 1–4 involve 

randomly selecting some samples from the test set to test recognition performance. Cases 1–4 

all use infrared images captured at the substation selected in this paper. Table 1 shows the MIoU 

values corresponding to the recognition results for Cases 1–4. The recognition targets for 

Scenarios 1 and 2 are thermal defects in current transformers, while the recognition targets for 

Scenarios 3 and 4 are thermal defects in circuit breakers. As shown in the results of Table 1, the 

recognition performance of the UNet network is superior to that of the Deeplabv3+ network, 

and the network selected in this paper outperforms the other four networks. In Case 1, the 

background of the current transformer is simple, and the target recognition rate of the network 

in this paper is 0.9312. In Case 2, the current transformer is in a complex environment, with 

other electrical equipment present in addition to the current transformer. The network in this 

paper can accurately identify the target in a complex background, achieving a recognition 

accuracy of 0.8987. Scenarios 3 and 4 both include multiple circuit breakers, with some circuit 
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breakers partially obstructed or interfered with by their background, and the textures of the 

circuit breakers are unclear. The network achieves a thermal defect recognition accuracy rate 

above 0.9 for both scenarios, successfully identifying thermal defects in the circuit breakers. 

Table 2 presents the statistical results of the recognition accuracy of different networks on 

a test dataset of 400 images. The test samples are categorized into three classes: current 

transformers, circuit breakers, and background. MIoU and accuracy are used to measure the 

accuracy of identifying thermal defects in the three target categories across different samples. 

The identification results are shown in Table 2. As indicated by the data in Table 2, the UNet 

network achieves more accurate results than the Deeplabv3+ network. Compared to the other 

four networks, the proposed network demonstrates superior performance in identifying thermal 

defects in both types of electrical equipment. However, the identification performance of the 

Res34-UNet and Res50-UNet networks is worse than that of the UNet segmentation. It can be 

seen that the Res-UNet network, which uses the ResNet network as the code part to extract 

features and construct the UNet network, can indeed improve the accuracy of target 

identification. However, deep networks (such as Res34-UNet and Res50-UNet) suffer from 

overfitting due to the small number of training samples, which leads to a decrease in 

identification accuracy. 

Table 1: The MIOU values based on different methods 

Different situations Deeplabv3+ UNet This network Res34-UNet Res50-UNet 
1 0.7890 0.8208 0.9312 0.7795 0.6212 
2 0.7765 0.7875 0.8987 0.8182 0.6635 
3 0.7911 0.8302 0.9015 0.7305 0.6328 
4 0.7882 0.8263 0.9052 0.7162 0.6583 

Table 2: The accuracy of the test dataset 

Network Segmentation object Iou Miou Precision 

Deeplabv3+ 
Current transformer 0.7912 

0.8081 
0.9010 

Circuit breaker 0.6784 0.8451 
Background 0.9546 0.9711 

Unet 
Current transformer 0.8023 

0.8285 
0.9158 

Circuit breaker 0.7178 0.8987 
Background 0.9654 0.9874 

This network 
Current transformer 0.8564 

0.8953 
0.9457 

Circuit breaker 0.8597 0.9345 
Background 0.9698 0.9948 

Res34-unet 
Current transformer 0.6302 

0.7135 
0.7154 

Circuit breaker 0.6054 0.7358 
Background 0.9048 0.9874 

Res50-unet 
Current transformer 0.4784 

0.5918 
0.5178 

Circuit breaker 0.4215 0.3785 
Background 0.8754 0.9688 

3.3.2 Visualization Analysis of Network Characteristics 

Figures 4 and 5 show the visualization of thermal defect detection for the thermal defect 

diagnosis model of substation equipment using Bayesian optimization and the thermal defect 

diagnosis model of substation equipment without Bayesian optimization, respectively. There 

are seven types of thermal defects in the figure, namely, abnormal overheating of bushings, 

abnormal temperature distribution of bushings, normal bushings, abnormal overheating of 

current transformers, normal current transformers, abnormal overheating of disconnectors, and 
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normal disconnectors. The method proposed in this paper can obtain clear classification 

boundaries for various types of thermal defect data, achieving high thermal defect diagnosis 

performance. However, as shown in Figure 5, in the thermal defect diagnosis model for 

substation equipment without Bayesian optimization, due to the suboptimal combination of 

hyperparameters, the boundaries between the fifth and sixth types of faults overlap, resulting in 

low accuracy of thermal defect detection. 

A Bayesian optimization algorithm is constructed with thermal defect detection accuracy as 

the objective function to optimize the hyperparameters of the network in the thermal defect 

detection model. This method can effectively detect and classify thermal defects under various 

thermal defect patterns, aiding in the accurate analysis of thermal defects in power equipment 

and providing stronger technical support for the safe operation of power equipment. 

 

Figure 4: Visual expression of this article 

 

Figure 5: The visual expression of beesus optimization was not adopted 

3.3.3 Overheating area identification results 

The three temperature thresholds determined based on the relative temperature difference 

criterion for substation equipment are 35%, 80%, and 95%. If the relative temperature 

difference is less than 35%, the equipment is considered to be operating normally. If the relative 

temperature difference is greater than 35%, it is considered that there is an overheating defect. 
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According to “DL/T 664-2008 Specifications for Infrared Diagnosis of Live Equipment,” 

defects can be classified into general defects, serious defects, and emergency defects. General 

defects refer to equipment that is overheating, but to a minor degree, and with a small 

temperature difference and temperature field gradient. Such defects generally do not cause 

accidents and can be eliminated during power outages for maintenance. Severe defects refer to 

cases where the equipment's overheating phenomenon is already severe, and both the 

temperature difference and temperature field gradient are significant. Such defects should be 

addressed promptly; otherwise, they may escalate into critical defects. Critical defects refer to 

cases where the equipment's overheating phenomenon has reached a critical state, requiring 

immediate power shutdown for resolution. 

The classification of defects at various levels is shown in Table 3. 

Table 3: Classification of defects at all levels 

 Normal 
General 

defect 

Serious 

defect 

Emergency 

defect 

Relative temperature difference X<35% 35%≤X<80% 80%≤X<95% X>95% 

 

This paper uses Matlab R2015a as the programming tool and selects 340×240-sized 500kV 

inductor bushing connectors, line connectors, and 220kV transformer boxes as the experimental 

objects. The fault diagnosis is performed using the thermal defect diagnosis model for power 

transformation equipment based on deep residual networks developed in this paper. Figures 6, 

7, and 8 show the results of overheated region extraction along the bolts for the 500kV inductive 

bushing, line joint, and 220kV transformer box, respectively. Figures (a) and (b) show the 

original images and the overheated region extraction results, respectively. 

  

(a)Primary image (b)Overheat region 

Figure 6: Inductance outlet connection 

  

(a)Primary image (b)Overheat region 

Figure 7: Line joint 
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(a)Primary image (b)Overheat region 

Figure 8: Transformer box along bolt 

Using the fault diagnosis algorithm described in this paper, calculate the relative 

temperature difference and determine whether the power equipment in Figures 6, 7, and 8 has 

overheating faults based on Table 3. Table 4 provides the relative temperature difference values 

for the equipment. 

The known equipment faults are: loose joint crimping causing heating in the 500 kV 

inductor, poor contact at the line joint causing heating, and leakage magnetic flux from the 220 

kV transformer tank along the bolts causing bolt heating. By comparing with the data in Table 

3, it can be seen that the power equipment in Figures 6 and 7 have both experienced overheating 

faults, and after diagnosis, they are both classified as minor defects. The relative temperature 

difference of the power equipment fault in Figure 8 is 84.55%, which is greater than 80%, and 

is diagnosed as a severe defect. All should be addressed during shutdown maintenance. The 

diagnostic results are consistent with the actual fault conditions of the known equipment, and 

the algorithm's detection performance is good. 

Table 4: Relative temperature difference 

 
Ambient 

temperature(℃) 

Normal regional 

temperature(℃) 

Heat of 

overheat(℃) 

Relative 

temperature 

difference/% 

Inductance outlet 

connection 
25.2 28.4 32.1 53.62 

Line joint 6.4 26.4 84.9 74.52 

Transformer box 20.3 25.8 55.9 84.55 

4 Conclusion 

(1) This paper addresses the issue of limited sample sizes for thermal defect samples in power 

equipment by introducing convolutional decomposition to reduce model complexity and 

parameter counts. On the other hand, by utilizing multi-scale feature fusion technology, the 

model can capture thermal distribution information at different scales, thereby improving the 

accuracy of the thermal defect diagnosis model for power equipment based on deep residual 

networks in identifying thermal defect states of power equipment. In simple background 

scenarios, the thermal defect identification accuracy of this model reaches 0.9312. 
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(2) The improved Bayesian model hyperparameter auto-adjustment algorithm introduces 

coupled constraint settings, enabling the model to converge more efficiently to the optimal 

hyperparameter region. This allows the model to achieve optimal performance on a limited 

dataset, accurately classifying seven different types of thermal defects, and is suitable for 

intelligent recognition tasks involving thermal defect inspection images of electrical equipment. 

(3) The results of thermal defect region instance identification indicate that the thermal 

defect diagnosis model can diagnose thermal defects in power equipment caused by different 

reasons. For example, the relative temperature difference caused by overheating of the bolts 

along the transformer tank is 84.55%, which is a severe defect. This result is consistent with the 

actual fault situation. The method provides an effective technical means for power equipment 

condition monitoring and has important engineering application value. 
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