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Abstract: Smart grid construction is a goal of the State Grid Corporation of China (SGCC). 

Transformer equipment, as the foundation of substation power supply and a critical component of the 

national power grid, requires stable operation. This paper proposes an early warning method for 

transformer equipment based on robot infrared temperature prediction, which mainly includes three 

parts: robot infrared temperature measurement, GWO-SVR temperature prediction based on 

historical equipment data, and determination of defect types according to heating defect 

classification standards for transformer equipment. This paper leverages the strong generalization 

ability of support vector regression (SVR), which maintains good prediction performance on 

small-sample data. To address limitations in the traditional SVR model caused by penalty factors and 

kernel function parameters, the Greey Wolf Optimizer (GWO) is introduced to optimize parameters 

and achieve optimal selection. The resulting GWO-SVR model is used for equipment temperature 

prediction, and defect types are identified in advance using dual-level grading standards from the 

state and the Taizhou Power Bureau, enabling early warning of transformer equipment. Compared 

with the GRNN, BP neural network, SVR model, LSTM, and Attention-LSTM, the GWO-SVR 

achieves better performance in substation temperature prediction, as evaluated by mean absolute 

error (MAE) and mean square error (MSE) metrics. In addition, GWO-SVR enables heat fault early 

warning based on temperature prediction and classification standards of heating defects for 

transformer equipment. This paper contributes to the unique application context of State Grid 

intelligence with previously unaddressed challenges. 

https://dx.doi.org/10.3934/electreng.2026011
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1. Introduction  

Nowadays, the state comprehensively promotes the construction of smart grids and the 

intelligent construction of power grid equipment, extending applications of new technologies, such 

as intelligent operation, monitoring, and inspection, strengthening the tackling of key core 

technologies, and accelerating the construction of smart substations. As the foundation of substation 

power supply, transformer equipment is a critical part of the national grid supply. Stable operation is 

critical because equipment status can be timely detected and abnormalities promptly eliminated in 

power system management and transformation [1]. However, power failures caused by equipment 

temperature overload often disrupt substation operation and may cause outages in nearby areas. In 

severe cases, fires and safety accidents can occur, leading to economic losses and social 

problems [2,3]. 

Currently, the State Grid adopts an intelligent inspection system to maintain the smooth 

operation of transformer equipment, in which the intelligent visual temperature measurement expert 

diagnosis system is a key component. In the early stage of intelligent construction (2019), the State 

Grid was in the pilot operation stage. As it is impossible to determine which monitoring method is 

more effective, a combination of fixed infrared camera monitoring and robot infrared temperature 

measurement was applied for intelligent infrared temperature inspection of substation equipment. 

The intelligent visual temperature measurement expert diagnosis system for main transformer 

equipment in a substation located in Taizhou City, Zhejiang Province, is shown in Figure 1, detailing 

equipment counts, monitoring methods, substation equipment, infrared imaging diagram, and fault 

categories. 

Robot infrared temperature measurement is recognized as a future direction for intelligent grid 

construction. Real-time monitoring and temperature-based early warning can reduce equipment 

failures. However, short storage space and operational runtime of monitoring devices constrain 

timely fault diagnosis from infrared early-warning data. Meanwhile, the establishment and 

optimization of temperature monitoring and a fault early-warning management system remain 

essential for intelligent and information-driven substation management. 

Currently, the temperature monitoring and prediction system in operation still has significant 

shortcomings. It cannot function independently of manual judgment or achieve real intelligence, 

especially in terms of fault early warning. Most substations still rely on specialists to review and 

interpret the data, resulting in high labor costs. Moreover, manual detection makes it difficult to 

effectively control the error rate of fault early warnings. Therefore, leveraging historical temperature 

data to find the relationship between temperature and equipment failure, and to improve the accuracy 

of future temperature predictions, would help operators to assess the operational status of electrical 

equipment in advance. Based on transformer fault classification categories and predefined 

temperature thresholds, early prediction and warning of potential fault types can reduce the 

likelihood of power supply safety incidents and better ensure normal substation operation [4,5]. 
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Figure 1. Intelligent visual temperature measurement expert diagnosis system. 

In summary, from the perspective of accurate transformer equipment temperature prediction, 

and based on transformer fault classification principles and heating defect characterization, this study 

takes the primary main transformer equipment of a substation as the research object and proposes an 

infrared temperature–based early warning method. The work is developed from two aspects: (1) a 

temperature prediction model for substation equipment, and (2) threshold classification standards for 

equipment heating defects. 

Although we are now in the era of big data, equipment condition monitoring in substations 

remains at an early stage of reform and development, and datasets are still limited. Consequently, it 

is particularly important to seek a model with strong generalization ability and good prediction 

performance under small sample data. Support vector regression (SVR) avoids local optimization 

issues and demonstrates strong generalization performance in small-sample, nonlinear, and 

high-dimensional regression problems. However, its performance is highly sensitive to parameter 

selection [6,7].  

In recent years, many studies have focused on improving SVR prediction performance through 

optimization. In 2023, Chinese scholar Yunan Zheng et al. [8] used an SVR model to forecast natural 

gas prices at the Henry Hub during the Russia–Ukraine conflict, providing valuable theoretical 

references for global energy policymakers and natural gas market investors. In 2024, Chinese scholar 

The long-term temperature monitoring of three main transformers is realized by one outdoor

robot for infrared thermal imaging temperature measurement of the primary equipment of the

whole station and four fixed thermal imaging equipment. It supports full picture accurate

temperature measurement, automatic and manual temperature measurement and patrol

inspection, conversion of ambient temperature and wind speed, and has the function of expert

diagnosis and analysis of equipment thermal fault.
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Xianwei Wu et al. [9] used an SVR prediction model to predict flow-induced vibration in a steam 

generator heat transfer tubes caused by high-temperature and high-pressure fluids; the average 

relative error of the prediction model was only 2.1%, demonstrating high accuracy, which is helpful 

for safety early warning and maintenance of steam generator tubes in nuclear power plants. In the 

same year, Chinese scholar Wencong Wu et al. [10] employed SVR to predict the mixing time and 

degree of binary spherical mixtures in a horizontal rotating drum in a stable mixing state, obtaining 

good performance. In 2025, Iranian scholars applied an SVR model to predict sharp-edged width 

constrictions, highlighting its effectiveness in accurately predicting Cd and its strong generalization 

capabilities in hydraulic applications [11]. 

The grey wolf optimizer (GWO) features a relatively simple structure, requires fewer 

parameters than other optimization algorithms, and has good robustness, making it straightforward to 

implement in repeated experiments. Compared with other algorithms [12], such as particle swarm 

optimization (PSO) [13], genetic algorithm (GA) [14], and firefly algorithm [15], GWO integrates 

the three best optimization schemes for optimization, thereby enhancing global optimization ability. 

Due to these advantages, GWO is employed in this study to determine the key SVR factors, namely 

the penalty factor and kernel function parameter.  

Substation equipment temperature prediction is a typical time-series prediction problem. 

Traditional methods, such as the auto-regressive and moving average (ARMA) model, are commonly 

used [16], but such single-factor methods rely solely on the historical data and cannot fully 

characterize the complexity of the data. Based on previous studies [17‒20] and by analyzing 

experimental data, an obvious seasonal variation trend is observed. Therefore, environmental factors 

are incorporated into the prediction framework [21]. Specifically, daily maximum and minimum 

temperatures are combined with historical equipment temperature to construct the input eigenvector, 

and a GWO-SVR model is adopted for temperature prediction [22]. Prediction experiments 

conducted on phase A, phase B, and phase C contactors demonstrate the prediction advantages of the 

GWO-SVR model. 

In November 2008, the National Development and Reform Commission of the People's 

Republic of China published the standard DL/t664-2008, Application Specification for Infrared 

Diagnosis of Live Equipment, which provides classification standards for heating defects of 

transformer equipment in Appendix A [23]. In addition, using the transformer equipment of the 

Taizhou substation as the research object, heating defect thresholds for different components can be 

clearly defined in accordance with the defect grading regulations of the Taizhou Power Bureau. 

Accordingly, this study predicts temperature trends based on the GWO-SVR temperature prediction 

model and implements transformer equipment early warning according to the two-level heating 

defect grading standards established by the state and the Taizhou Power Bureau. 

2. Research methods 

2.1. SVR 

The SVR model is a supervised machine learning method for solving function regression 

problems [24,25]. The implementation process is as follows: 

Define the sample set as   
1

, ,
L

n

i i i i
i

S x y x R y R


   , where the input eigenvalue of the i th  

sample is denoted as 
i

x , and the real value of the i th  sample is denoted as 
i

y ; the dimension of the 
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input parameter is n , and the training sample number is L . The eigenvector x  of each sample in the 

original space is mapped to the high-dimensional space, and the expression of the linear regression 

function of the support vector machine in a high-dimensional feature space is 

              (1) 

where the weight vector is expressed by w ,  the offset is expressed by b , and the nonlinear mapping 

function is expressed by  .  x  is recorded as the mapped eigenvector. 

The minimization objective function used in solving  and b is denoted as formula (2): 

 
2

1

1
min

2

L

i i

i

C f x y





                               (2) 

where the maximum error supported by the regression analysis is represented by ; C  represents the 

penalty coefficient;  if x  indicates the predicted value of the i-th training sample; and  i if x y


  

is the constraint condition, which has the function of maintaining good sparsity in SVR models. When 

the constraint condition is not met, introduce the relaxation variables i  and *

i , and then formula (2) 

is converted to formula (3). 
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1
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2
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C

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                           (3)
 

， ， ， ，and  meet the following conditions shown in formula (4): 

s.t.

 
 
 

 
 

  
           (4) 

The kernel function is introduced through the duality principle and Lagrange function, and the 

input vectors ix  and jx  are mapped from the original space to higher dimensions using the implicit 

function  .  ix  and  jx  are denoted as the mapped feature vectors, and 

     ,
T

i j i jK x x x x   is the kernel function. Due to the excellent nonlinear approximation and 

generalization ability of the RBF function in parameter selection, this paper adopts RBF as the kernel 

function, as shown in formula (5):  

         
2

2
, exp

2

i j

i j

x x
K x x



  
 
 
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    (5)

 

where  is the kernel function parameter.

 In the SVR model, the size of the penalty factor C  indicates the punishment degree when the 

error exceeds ε. When C  is very large, the prediction accuracy is not enough, and when C  is very 

small, the generalization ability of the model is weak. Meanwhile, when ζ in the kernel function is 
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very large, the mapping result is not ideal, which is actually equivalent to a low-dimensional space; 

when ζ is very small, there may be fitting problems. Therefore, how to choose the appropriate 

penalty factor and kernel function parameters is an important factor in increasing the model’s 

performance. 

2.2. GWO 

The grey wolf optimizer (GWO) is a swarm intelligence optimization algorithm proposed by 

Mirjalili et al. in Australia in 2014 [26], which has been successfully applied in various fields to 

solve parameter optimization problems [27]. GWO realizes the hunting task by simulating the 

leadership and hunting mechanism of grey wolves in nature, strictly observing the hierarchy of social 

dominance; parameter optimization is achieved based on this principle. The GWO optimization 

process consists of four steps: social hierarchy, surrounding, hunting, and attacking prey. 

(1) Social hierarchy  

To apply the GWO, first, it is necessary to establish a hierarchical model of social dominance of 

grey wolves, as shown in Figure 2. Fitness is calculated for each individual in the population, and the 

three grey wolves with the best fitness in the wolf pack are marked as  ,  , ; the rest are marked 

as  . The social rank of the grey wolf group is as follows, from high to low:  ,  , , . The 

optimization process is mainly guided by  ,  , and  . 

 

Figure 2. Grey wolf social dominance hierarchy diagram. 

(2) Surrounding prey 

Grey wolves can be close to their prey gradually and surround it when they tie it with ropes. 

This behavior is described by a mathematical model, which is expressed by formulas (6)–(9). 

where t  is the iteration sequence number;   is the product operation of Hadamard; 
p

X  represents 

the vector of prey position information;  X t
 
represents the vector of the current grey wolf position; 

A  and C  are the vectors of synergy coefficient; a  decreases linearly during the whole iteration 

   p
D C X t X t    (6) 

   1
p

X t X t A D     (7) 

1
2A a r a    (8) 

2
2C r  (9) 
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process, in which the range is  2, 0 ; and 1r  and 2r  are the vectors with a random range  0,1 . 

(3) Hunting prey 

The grey wolf possesses the ability to search for the location of potential prey (optimal 

solution). The process is mainly finished by the guidance of grey wolves  ,  ,  , but the solution 

space characteristics are unknown for many problems, and the grey wolf cannot determine the exact 

location of prey. In order to simulate the search behavior (candidate solution), it is assumed that  , 

 , and   have a strong ability to identify the location of potential prey. Therefore, in each iteration, 

the best three grey wolves ( ,  ,  ) in the current population are retained, and then the locations 

of other search agents (including  ) are updated according to their location information. The 

expression of the mathematical model for this behavior is shown from formula (10) to formula (16. 

𝐷𝛼 =  𝐶1 ⋅ 𝑋𝛼 𝑡 − 𝑋(𝑡)         (10) 

𝐷𝛽 =  𝐶2 ⋅ 𝑋𝛽 𝑡 − 𝑋(𝑡)         (11) 

𝐷𝛿 =  𝐶3 ⋅ 𝑋𝛿 𝑡 − 𝑋(𝑡)         (12) 

 

where X
 , X


, X

  represent the vectors of position information for  ,  ,  in the current population, 

respectively; X represents the vector of position information for grey wolf; 1C ,
2

C ,
3

C  are random 

vectors; and D , D
 , D


 represent the distance information between the current candidate grey wolf 

and the best three wolves, respectively. When 1A  , grey wolves are scattered in various areas as far 

as possible and search for prey; when 1A  , grey wolves concentrate on hunting prey in one or 

some areas;  1P
X t   is the updated position vector of the individual. The grey wolf hunting 

process is shown in Figure 3. 

1 1
X X A D

 
    (13) 

2 2
X X A D

 
    (14) 

3 3
X X A D

 
    (15) 

  1 2 31
3

P

X X X
X t

 
   (16) 
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Figure 3. Hunting prey process. 

It is obvious that the position of the candidate solution finally falls in the position of the random 

circle defined by  ,  , and   from Figure 3. In general,  ,  , and   need to first predict the 

approximate location of the prey (potential optimal solution), and then other candidate wolves 

randomly update their location near the prey under the guidance of the current optimal three wolves. 

(1) Attacking prey 

In the process of building the attack prey model, according to formula (2), the decrease of value 

a  will cause the fluctuation of value . In other words, A  is a random vector with the range 

 ,a a , where a  decreases linearly during the iteration. When A  belongs to  1,1 , the next 

position of the search agent can be anywhere between the current grey wolf and the prey. 

(2) Search for prey 

Grey wolves mainly rely on information from A, B, and C to find prey. They begin to search for 

prey location first in a scattered way and then concentrated on attacking prey. For the establishment 

of the decentralized model, 1A   is used to keep its search agent away from prey, which enables 

GWO to conduct a global search. Another search coefficient in the GWO algorithm is C . It can be 

seen from formula (2) that the C  vector is composed of random values in the interval range  1,3 ; 

this coefficient provides a random weight for prey to increase ( 1C  ) or decrease ( 1C  ), which 

helps GWO show random search behavior in the optimization process to avoid the algorithm falling 

into local optimization. It is worth noting that C  does not decrease linearly. C  is a random value 

during the iteration process. This coefficient is conducive to the algorithm to jump out of the local, 

especially in the later stages of the iteration. 

3. GWO-SVR prediction method 

In the prediction of GWO-SVR, GWO is adopted to optimize key parameters of C  and   in 

SVR. The GWO-SVR model is constructed and used for equipment temperature prediction. The 

prediction implementation process of GWO-SVR is as shown in Figure 4; the implementation 

process includes the following six steps: 

A
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(1) Import and preprocess the data. 

(2) Initialize the information of wolves, including the number and position, the maximum number of 

iterations, and the upper and lower bounds of C  and  . 

(3) Calculate the fitness of each grey wolf according to the mean square error (MSE) and select the 

top three grey wolves with the best fitness. 

(4) Calculate D , D
, D

, the orientation of other grey wolves, and the parameters  , A , C  

according to formulas (9)–(15). 

(5) Judge whether the maximum number of iterations has been reached. If so, save the current value 

as the optimal solution of C  and  ; otherwise, execute step 3. 

(6) Take C  and   under the optimal solution to conduct optimal GWO-SVR prediction model. 

Start

Determine training and test samples

Data preprocessing

Parameter initialization: Wolf number, maximum iteration 

times, upper and lower bounds of SVR parameter C, ζ ; 

Initialize the individual position of each gray wolf

Regard the MSE of SVR as the optimization objective function 

to calculate the fitness of each individual

Recorded the top three gray wolves in fitness as

 α wolf, β wolf and δ wolf respectively

Calculate Dα, Dβ , Dδ  and XP(t+1) and update ω 

wolf's position and parameters α, A, C

Reach the maximum 

iterated number

Save the optimal solutions of  C, ζ 

Obtain GWO-SVR optimal prediction model 

End

Y

N

 

Figure 4. GWO-SVR prediction flow chart. 
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4. Temperature prediction experiments  

4.1. Data sources and analysis 

This study focuses on the primary equipment of the main transformer in a substation. The 

dataset consists of one year of temperature measurements from the A, B, and C-phase contactors of 

the equipment bushings in Taizhou City, Zhejiang Province. Figure 5 shows the temperature 

variation of the phase C contactor. 

 

Figure 5. Temperature variation of the bushing phase C contactor. 

The same measuring point exhibits different temperature levels across seasons. The specific 

temperature change is shown in Figure 6, where blue represents summer and red represents winter. 

The figure indicates that equipment temperature varies with the season, demonstrating a relationship 

between equipment temperature and ambient temperature. Therefore, ambient temperature is a 

critical factor in equipment temperature prediction. 

 

Figure 6. Temperature variation of the phase C contactor of a 220 kV equipment bushing 

in summer and winter. 
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The data collected by substations is not only large but also heterogeneous, including equipment 

operation data, basic equipment data, and defect records, which are typically stored in different 

systems. In general, temperature data is relatively stable. Traditional methods assume that there is a 

linear relationship within the data and apply regression-based fitting methods. However, actual 

temperature data is influenced by the equipment itself and ambient temperature. As a result, its internal 

change is irregular and characterized by a nonlinear relationship. 

4.2. Data process 

4.2.1. Selection of prediction samples 

According to the above analysis, several factors affect the substation equipment temperature, 

among which the ambient temperature and the equipment temperature have an important impact on the 

future equipment temperature. Therefore, this paper selects the daily maximum and minimum 

temperatures, as well as the equipment temperature in the past three days, to form an eigenvector with 

five feature parameters for temperature prediction. 

Data was collected for substation equipment in Taizhou City, Zhejiang Province, from October 1, 

2019, to October 29, 2020. There are 389 data points from phase A contactor, phase B contactor, and 

phase C contactor, from which 327 are used for training the model, and the remaining are used as 

prediction samples. In addition, ambient temperature data (daily maximum temperature and minimum 

temperature) from October 1, 2019, to October 29, 2020, were collected. The same data proportion 

was used to divide training and testing samples, form the eigenvector, and predict the substation 

equipment temperature. 

4.2.2. Data standardization 

The feature vector used for substation equipment temperature prediction includes five input 

features. However, because each feature has different units and is limited, the data needs to be 

standardized. The most typical normalization processing method [28,29] was used to scale the data to 

make it fit the interval of  0,1  and become a dimensionless value, and then input it into the model 

for prediction. In this paper, min-max is adopted; the standardized formula is shown in formula (17): 

where X  represents the original data, min  represents the minimum of X , and max  represents 

the maximum of X . 

4.3. Prediction performance evaluation index 

Mean absolute error (MAE) and mean square error (MSE) are used to verify the prediction effect 

of the models [30,31]. MAE and MSE are calculated as shown in formulas (18) and (19). 

𝑋∗ =
𝑋 − 𝑚𝑖𝑛

𝑚𝑎𝑥 − 𝑚𝑖𝑛
 (17) 

1

1 N

i i
i

MAE y y
N 


   (18) 
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In the above formulas, N  is the predictive sample number, and yi  and 
i

y


 refer to the true 

value and predictive value of  i th  sample, respectively. 

4.4. Comparative experiments 

This paper compares GWO-SVR with the BP neural network (BPNN), generalized regression 

neural network (GRNN), and the traditional SVR model, as well as long short-term memory (LSTM) 

and LSTM with attention mechanism (Attention-LSTM) [32], under the same parameter 

initialization conditions: 

(1) The number of iterations of all models is 1000. 

(2) According to preliminary experiments, the GWO initialization range in GWO-SVR is  5,10 . 

(3) The grid search is adopted to search SVR parameters, which include C  and  , and the search 

range is  5, 0.5, 5 . 

(4) The prediction performance of BPNN is based on the average of ten prediction results, in which 

the learning rate is 0.2, the optimal network structure is determined as 5-7-1, and the temperature 

is predicted. 

(5) The GRNN model adopts k-fold cross-validation, in which 3k  . In addition, the input layer is 5, 

the output layer is 1, and the key parameter for controlling the response range of neurons is 

spread from 0.1 to 2, with a diffusion interval of 0.1. 

(6) For the LSTM model, the training cycle is 20 times per round, for a total of 50 rounds, with a 

total of 1000 iterations. The initial learning rate of the algorithm is set to 0.005, the input is 5, the 

output is 32, and a fully connected layer is added to obtain the temperature prediction value. In 

addition, the parameters of Attention-LSTM are the same as those of the LSTM model. 

The training and testing prediction results of GWO-SVR from 3-phase contactors are shown in 

Figures 7‒9. Key parameters of the six methods are listed in Table 1; the prediction performance of 

the six methods is shown in Table 2. Three sets of phase contactor data were collected from phase A, 

phase B, and phase C contactors. Evaluating indicators adopted MSE and MAE according to 

formulas (18) and (19). Running time was counted in seconds, with the mean of running time. 

Table 1. Key parameters for the six methods. 

Method Key parameters Value 

GWO Initialization range  5,10  

 

 

SVR 

Iteration count 1000 

Penalty factor C search range:  5, 0.5, 5  

Kernel function RBF function 

Kernel function parameter   search range:  5, 0.5, 5  

Maximum error  0.1 

 

 

Learning rate 0.2 

Optimal network structure 5-7-1 



2

1

1 N

i i
i

MSE y y
N 


 

 
 
 

 (19) 
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BPNN Training goal (max MSE) 0.00005 

Iteration count 1000 

 

 

GRNN 

Radial basis function spread range 0.1-2 

Radial basis function spread step size 0.1 

k-fold cross-validation, k 3 

Network structure input:5,output:1 

Training goal (max MSE) 0.00005 

 

 

LSTM 

Iteration count 1000 

Network structure 5-128-32-1 

Initial learning rate 0.005 

Training cycle time count per round 20  

Total round count 50 

Optimizer Adam 

 

 

 

Attention-LST

M 

Iteration count 1000 

Network structure 5-128-32-1 

Initial learning rate 0.005 

Training cycle time count per round 20  

Total round count 50 

Optimizer Adam 

Attention mechanism Points system 

Training goal (max MSE) 0.00005 

 

 

Figure 7. Prediction results of GWO-SVR for the phase A contactor. 
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Figure 8. Prediction results of GWO-SVR for the phase B contactor. 

 

Figure 9. Prediction results of GWO-SVR for the phase C contactor. 
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Table 2. Prediction performance comparison of the six methods for the three sets of 

phase contactor data. 

Data set Evaluating 

indicator 

BPNN GRNN LSTM Attention-LSTM  SVR  GWO-SVR 

Phase A 

contactor 

MSE 9.7162 5.2102 17.3375 9.9994 5.0995 3.1724 

 MAE 2.1143 1.7725 2.5533 2.2003 1.6865 1.4487 

 Running time (s) 0.52371 4.9262 11.350324   17.038724  6.7925 2.9281 

Phase B 

contactor 

MSE 19.3714 7.5241  13.1814 7.7220 4.2001 4.1200 

 MAE 2.4690 2.0481  2.2316 2.0458 1.5512 1.5286 

 Running time (s) 0.7557 5.0009 10.533335 17.062008 6.304 3.0514 

Phase C 

contactor 

MSE 13.9838 6.8685 15.9551 8.8931 5.1257 5.0962 

 MAE 2.6222 1.9409  2.5511 2.1324 1.6940 1.6845 

 Running time (s) 0.50578 5.1379 10.134678  16.947403 7.3078 3.2008 

 

According to the experimental analysis for the three sets of phase contactor data, the following 

results were obtained: 

(1) The SVR model optimized with GWO has improved prediction performance and faster search 

speed compared to SVR using a traditional grid search. 

(2) The selection of the BP neural network weight has obvious randomness, which leads to instability 

of the prediction effect. 

(3) Compared with other models, GWO-SVR is the best model for substation temperature prediction. 

(4) LSTM is a type of time-recurrent neural network specifically designed to solve the long-term 

dependency problem of general recurrent neural networks (RNNs). It is mainly used for time series 

prediction and has applications in stock price prediction, weather prediction, and traffic flow 

prediction, among others. However, for the temperature prediction problem of the three 

experiments, the running time of the traditional BPNN was approximately 0.5 s, while the LSTM 

required approximately 10 s, showing no improvement compared with traditional neural network 

models; due to its complex network structure, time complexity increased by 20 times. 

(5) Because the substation thermal imaging monitoring equipment has only been in use for close to one 

year, there is a small amount of data, resulting in a small number of samples used for training; this 

leads to somewhat poor prediction results. Nevertheless, the performance of SVR and GWO-SVR 

is relatively good, while the GWO-SVR shows the best performance.  

5. Transformer equipment early warning 

The early-warning process for transformer equipment heating defects based on the GWO-SVR 

temperature prediction primarily includes infrared temperature measurement of equipment using 

robots, GWO-SVR temperature prediction based on historical equipment temperature, and fault early 

warning according to the evaluation criteria for transformer heating defects. Section 4 verified the 

effectiveness of the GWO-SVR method in predicting transformer equipment temperature. The defect 

evaluation principles are described below. 
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5.1. Defect classification principles for transformer equipment 

Any abnormal condition occurring in operating substation equipment that affects safe operation, 

regardless of whether it can continue operating, is defined as an equipment defect. According to 

severity, defects can be classified into three categories: 

(1) Emergency defects: Defects that pose a serious threat to personnel, the power grid, or equipment, 

that can cause accidents at any time, and that must be handled immediately. 

(2) Important defects: Defects that have a certain impact on equipment service life and safety, reduce 

the output of the equipment, or may develop into a threat to personnel, the power grid, or the 

equipment. Although these allow maintenance of operation for a period of time, they should be 

handled as soon as possible. 

(3) General defects: Defects that pose minimal risk to equipment operation or safety and are unlikely to 

develop into important defects in the short term. These can be addressed during equipment 

maintenance and testing. 

5.2. Early warning based on GWO-SVR prediction 

Based on the two-level heating defect grading standard established by the state and the Taizhou 

Power Bureau, and in accordance with the infrared diagnosis guidelines for live equipment [33], this 

study determines heating defect types using three indicators: equipment surface, maximum 

temperature rise, and interphase temperature difference. The specific description of some heating 

defects is shown in Table 3. 

Table 3. Description of some heating defects of transformer equipment.  

Transformer equipment 

components 
Emergency defect Important defect General defect 

 

Enclosed switchgear 

 

The temperature rise of parts 

easily accessible to 

operators exceeds 40 K 

The temperature rise of parts 

easily accessible to 

operators exceeds 30 K 

The temperature rise of parts 

easily accessible to 

operators exceeds 20 K 

 

Metal conductor; 

connection point 

>110 ℃ >80 ℃ 

The temperature difference 

between phases shall not 

exceed 15 K 

Electrical connection point 

of heat-resistant conductor;  

connectors and clamps 

 

 

>130 ℃ 

 

>90 ℃ 

The temperature difference 

between phases shall not 

exceed 15 K 

 

Bushing 

 

 

 

>80 ℃ 

 

>55 ℃ 

The temperature difference 

between phases shall not 

exceed 10 K 

The experimental dataset consists of surface temperature measurements collected from the 

bushing positions of primary substation equipment. The temperature trend of the bushing contactors is 

predicted using the GWO-SVR model, and the heating defect type can be determined according to 

Table 3.  

Transformer bushing contactors belong to the connection point category. According to Table 2, 

when the temperature is higher than 110°C, it is an emergency defect; when the temperature is higher 

than 80°C, it is an important defect; and when the temperature difference between phases is higher 
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than 15 K, it is a general defect. At present, the intelligent robot infrared temperature detection 

deployed in the State Grid is still in a preliminary operation stage, and the availability of data is limited. 

Only individual values of the phase C contactor exceed 55°C in summer, and no emergency defects 

have been observed. Taking the phase C contactor as an example, when the predicted result is within 

the safe range, the temperature warning result displays the message, “According to the prediction 

results, the phase C contactor temperature of the transformer will be within a safe range in the next day, 

and no maintenance instructions need to be sent to the site.” This temperature warning is shown in 

Figure 10. When the predicted temperature is greater than 110°C, the temperature warning result 

displays, “According to the prediction results, the phase C contactor temperature of the transformer 

will be in danger in the next day, classified as an emergency defect, and maintenance instructions need 

to be sent to the site.” When the predicted temperature is greater than 80°C, the temperature warning 

result displays, “According to the prediction results, the phase C contactor temperature of the 

transformer will be at high-level risk in the next day, classified as an important defect, and 

maintenance instructions need to be sent to the site.”  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

        

Figure 10. Temperature warning of transformer equipment based on GWO-SVR. 

6. Conclusions 

Transformer equipment failures can cause significant social consequences. As the State Grid 

advances intelligent grid construction, substations are gradually adopting intelligent inspection 

systems. This paper proposes an early warning method for transformer equipment based on robot 

infrared temperature prediction. The main contributions of this paper are summarized as follows: 

Temperature prediction of substation equipment based on GWO-SVR: According to the 

complexity of substation equipment temperature data and the small-sample characteristics, SVR was 

selected for temperature prediction. To address the difficulty of selecting key parameters, GWO was 

used to obtain the optimal solution, forming the GWO-SVR method. Through temperature trend 



282 

AIMS Electronics and Electrical Engineering  Volume 10, Issue 2, 265–284. 

prediction on three sets of phase contactor data, the method demonstrated better performance in terms 

of MAE, MSE, and running time.  

By comparing with traditional neural network models and a deep learning network model 

(LSTM), the SVR model is more effective for small-sample time-series prediction in terms of 

prediction accuracy and time complexity. This result confirms that, although deep learning has many 

advantages, it is not suitable for some prediction problems and has limitations. 

Based on the grading standards for heating defects established by the state and the Taizhou Power 

Bureau, and in accordance with the infrared diagnosis guidelines for live equipment, this paper adopts 

the equipment surface, maximum temperature rise, and interphase temperature difference to determine 

the heating defect type. Therefore, the proposed early warning framework for transformer equipment 

defects based on robot infrared temperature prediction provides reference values for intelligent state 

grid construction. 
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