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Abstract The successful completion of electric power operation and maintenance guarantee is related to the safety 
of regional electricity. This paper analyzes the functional needs of electric power operation and maintenance, and 
designs the intelligent electric power operation and maintenance guarantee platform through multi-dimensional 
comprehensive consideration to realize the intelligence of electric power operation and maintenance. On the basis 
of linear division of load data, transformer load factor-winding temperature rise causal pair is constructed, and its 
correlation rules are mined. Combined with the short-term load combination prediction method containing prediction-
correction, it predicts and corrects transformer loads at all levels of the substation to reduce the risk of transformer 
damage and O&M costs. Using actual load data, the effectiveness of the association analysis method and short-
term load combination prediction method is verified, and the technical advantages of the intelligent operation and 
maintenance guarantee platform are judged. The results show that the transformer intelligent maintenance model 
based on correlation analysis achieves an overall recognition rate of 0.9 for transformer fault conditions, and is able 
to realize effective early warning. In the test of short-term load prediction combination method containing prediction-
correction, it can effectively predict three outliers in the load data for two consecutive days, and the fluctuation of 
load data remains stable after correction. 
 
Index Terms load factor-winding temperature rise, association rule, short-term load combination prediction, power 
operation and maintenance 

I. Introduction 
The power system, as a critical infrastructure of modern society, has experienced rapid growth and evolution. With 
the growing demand for electricity, the scale and complexity of the power system have increased significantly. In 
this context, the traditional operation, maintenance and repair methods are facing many challenges. The complexity 
and expansion of the scale of the power system make it difficult for the traditional O&M means to cover all the 
operating equipment and lines, resulting in some potential faults that are difficult to be detected and dealt with in 
time [1]-[3]. With the aging of power equipment, the frequency of faults increases, and the traditional periodic 
maintenance mode can not effectively respond to sudden failures, and it is difficult to ensure the stable operation of 
the power system [4], [5]. The traditional power operation and maintenance mode, which is mainly based on manual 
experience, has limitations such as low efficiency and many faults, which is difficult to adapt to the rapid 
development of the power system [6]. Therefore, the intelligent transformation of the power system is imminent, 
and there is an urgent need to introduce advanced intelligent technologies to improve the efficiency and reliability 
of operation and maintenance. 

Intelligent technologies such as big data and artificial intelligence have emerged to effectively guarantee the 
safety and stability of power supply by monitoring and analyzing the power system in real time, early warning and 
rapid repair of faults [7], [8]. By deploying intelligent sensors, building big data platforms, and introducing artificial 
intelligence algorithms, electric power enterprises have gradually established an intelligent operation, maintenance, 
and repair system [9]. Through the in-depth application of these technologies, electric power companies are able to 
better assess the health status of equipment, formulate preventive maintenance strategies, and improve the overall 
maintenance and operation management level [10], [11]. The application of intelligent technology also promotes the 
informationization and digital transformation of power companies, providing technical support and guarantee for the 
realization of the smart grid [12], [13]. Intelligent technologies show strong potential and broad application prospects 
in improving the operational efficiency of power systems and ensuring power supply security [14]-[17]. How to 
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further optimize the application methods of these technologies, as well as to solve the specific problems 
encountered in the process of technology realization, still requires continuous in-depth research and exploration. 

In this paper, based on analyzing the multiple functional requirements of power operation and maintenance 
guarantee, an intelligent intelligent power operation and maintenance guarantee platform is designed. The intelligent 
transformer maintenance model based on association analysis is used to realize the association rule mining of 
transformer load factor data and winding temperature rise data. Combine the learning optimization algorithm with a 
single prediction model to learn the cyclical changes of load data through similar day clustering calculation and 
perform load prediction accordingly. The combination of error prediction-correction ensures that the transformer 
maintains a smooth load. The intelligence level of the platform is proved in terms of both the effectiveness of 
correlation analysis and the effectiveness of short-term load forecasting. 

II. Intelligent power operation and maintenance guarantee platform related technology 
analysis 

This chapter designs the required functions and overall framework of the intelligent power operation and 
maintenance assurance platform. It analyzes how the relevant technologies used in it enable the optimization of 
power operation and maintenance assurance. 
 
II. A. Requirements analysis and design of intelligent operation and maintenance platform for power 

communication 
II. A. 1) Functional requirements analysis and preliminary design 
By analyzing the inadequacy of the existing intelligent power operation and maintenance guarantee platform and 
the actual demand research of electric power communication network operation and maintenance, this section 
unfolds to analyze the functional requirements of the platform and carry out preliminary design. Figure 1 is the basic 
functional requirements framework of the electric power communication network command and operation platform. 

The functional requirements include the following aspects: 
1) User management function: firstly, based on the security point of view, the platform should refuse users outside 

the system to upload, query, modify and other operations on the information in the platform, so it should refuse the 
registration of users outside the system as far as possible through the user management module and prevent the 
security risk brought by the leakage of user name and password; secondly, the information released by different 
users should be differentiated, and finally, different personnel should have different work privileges according to the 
division of work. Lastly, different personnel should have different working privileges according to the division of labor. 
Therefore, the user management function should provide the functions of user registration, user login and user 
classification respectively. 

2) Location service function: Location is the key to mobile operation and maintenance. As there are many power 
communication sites, it is difficult for operation and maintenance personnel to memorize all the locations, so it is 
more intuitive and easy to check if the operation and maintenance data and information are bound with the location. 
Therefore, the location service function should provide navigation function to facilitate operation and maintenance 
personnel to the scene, provide location acquisition function as the data source of GPS coordinates of each location, 
provide location management function to allow other operation and maintenance data and information and location 
binding. 

3) Site management function: intelligent operation and maintenance, site is the core. Communication network 
consists of sites, and sites are the bridge between operation and maintenance personnel and operation and 
maintenance objects. Fiber optic cables, equipment and services need to establish a link with the site, in which the 
fiber optic cable tower/well/joint box can also be abstracted as a site. The platform needs to provide a full set of 
services based on site management, which can provide operation and maintenance information mounting service 
so that the operation and maintenance personnel can judge the operation and maintenance situation, and provide 
operation and maintenance information modification function so that the operation and maintenance personnel can 
update the operation and maintenance information after work. 

4) Operation and Maintenance Notes Function: Modern electric power communication networks are becoming 
increasingly complex in terms of scale and technology types, and the types of faults and handling methods are 
different, so a platform is needed to carry various operation and maintenance experiences such as fault handling. 
This function needs to support the uploading of images, images, text information to more intuitively record the 
operation and maintenance information, needs to support the published notes on the modification function to ensure 
that the operation and maintenance experience to keep pace with the times, needs to support multi-user comments, 
replies, likes and favorites and other conventional interactive features for the exchange of operation and 
maintenance personnel to share their experience, mutual sharing, needs to support the notes according to the 
classification of the different areas of the release of the view function in order to facilitate the subsequent query and 
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exchange. The need to support the notes according to different areas of categorization release view function to 
facilitate follow-up queries and exchange. 

5) Operation and maintenance work order function: work order is a strong sense of responsibility in the electric 
power industry, one of the indispensable constraints in the process of operation, can effectively clarify the 
responsibilities of all parties, to avoid operational risks, communications professionals are no exception. According 
to the different nature of the work can be divided into two categories of planning and repair work, these two types 
of work in the operation process has a certain degree of difference, so the platform should provide two kinds of work 
order process to serve two kinds of work scenarios. On the work order, according to the power supply company's 
operation process specification of each step of the different responsibilities of the personnel should complete the 
duties and fill in the corresponding operational information, should have the function of flow between different 
personnel, should have the message push function to remind the next step of the operator. 
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Figure 1: The basic functional requirements framework of the platform 

II. A. 2) Design of the overall framework of the platform 
The application interface is the bridge between the user and the application, and a good interface facilitates the 
user's operation and enhances the value of the application itself. Figure 2 is the system framework of intelligent 
power operation and maintenance platform. The overall interface design of the intelligent power operation and 
maintenance platform adopts a horizontal Tab layout to carry five major business modules, such as user 
management, location service, site management, operation and maintenance notes, operation and maintenance 
work orders, etc., of which the location service and site management share a common Tab, and the function of 
“adding notes” occupies another Tab. Specific functions are constructed from one component to another, and the 
components are completely loosely coupled with each other. 
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Figure 2: Frame of intelligent operation and maintenance platform 

II. B. Intelligent transformer maintenance model based on correlation analysis  
II. B. 1) Establishment of load factor-winding temperature rise causal pairs 
Transformer temperature measurement equipment measures the absolute temperature of the windings. In order to 
reduce the impact of ambient temperature on the results of the study, the general study of the relationship between 
the winding temperature rise and the load factor. Winding temperature rise is the difference between the winding 
temperature and the ambient temperature, taking the A  phase winding as an example, the winding temperature 
rise is calculated by the formula: 

 A A
rise winding envT T T   (1) 

where 
winding
AT --Temperature of A  phase winding 

envT --Ambient temperature 
Transformer load factor and winding temperature rise are continuous data, and correlation analysis requires the 

input data to have categorical attributes. For correlation analysis, the raw data are converted into data with 
categorical attributes by dividing the load factor and winding temperature rise into intervals. The classical linear 
division method is used to divide the transformer load factor and A , B , C  three-phase winding temperature rise 
data into intervals of equal distances among their respective maximum and minimum values, and the raw data are 
categorized into the corresponding intervals. 

Assuming that the number of intervals is n , the interval division formula for the load factor raw data is: 

 max minL L
L

n


  (2) 

where 
maxL  - maximum value of load factor sample data 

minL  - the minimum value of the load factor sample data 
The delineated n  load rate intervals are: 

 
   
 

min min min min

min min

, , , 2 , ,

( 1) ,

L L L L L L L

L n L L nL

  

 

  

  


 (3) 

To simplify the expression, the n  load factor intervals are symbolized as: 
  1 2, , , nL L L  (4) 

Similarly, taking the A  phase as an example, the interval division formula for the raw winding temperature rise 
data is: 
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 max minA
A AT T

T
n


  (5) 

where 
maxAT --Maximum value in the sample data of temperature rise of winding of A  phase. 

min AT  - the minimum value in the sample data of temperature rise of A  phase winding 

The delineated n  A  phase winding temperature rise intervals are: 

 
min min min min

min min

, , , 2 , ,

( 1) ,

A A AA A A A

A AAA

T T T T T T T

T n T T nT

  

 

        
    


 (6) 

Perform a similar operation to divide the winding temperature rise interval for the B  phase and C  phase. 
The temperature rise intervals of the windings of the divided n  A  phase are symbolized as: 
  1 2, , ,A A A

nT T T  (7) 

The temperature rise intervals of the delineated n  B  phase windings are denoted by the symbol: 
  1 2, , ,B B B

nT T T  (8) 

The delineated n  C  phase winding temperature rise interval is denoted by the symbol: 
  1 2, , ,C C C

nT T T  (9) 

For each phase, connect all load rate intervals and winding temperature rise intervals two by two to form cause 
and effect pairs. In reality, a change in load factor causes a change in winding temperature, defaulting to load factor 
as the cause and winding temperature rise as the effect. 

The set of cause and effect pairs for A  phase windings is expressed as: 

  1 1 1 2 2 1 2 2, , , , , , , , , , ,A A A A A
n nL T L T L T L T L T                     (10) 

The set of causal pairs of B  phase windings is denoted as: 

  1 1 1 2 2 1 2 2, , , , , , , , , , ,B B B B B
n nL T L T L T L T L T                     (11) 

The set of causal pairs for the C  phase windings is denoted as: 

  1 1 1 2 2 1 2 2, , , , , , , , , , ,C C C C C
n nL T L T L T L T L T                     (12) 

II. B. 2) Calculation of support and confidence levels 
Correlation analysis, also known as correlation rule mining, aims to utilize massive amounts of data to mine the 
correlations between data. If two or more events are correlated, one event can be predicted by the other. When 
events are repeated with a high probability, they can be considered to be related to each other, resulting in a rule 
such as “due to the occurrence of certain events caused by the occurrence of some other events”. 

In order to measure the degree of correlation of events, there are two important concepts in correlation analysis: 
1) Support 
Refers to the probability that the event A  and the event B  will occur at the same time in the set of all events, 

calculated by the following formula: 

    count A B
Support A B

N


   (13) 

where  count A B  - the number of times the event A  and the event B  occur simultaneously in all events 

N  - the total number of events 
2) Confidence level 
Refers to the probability of the occurrence of the event B  provided that the event A  occurs, calculated as 

follows: 

    
 

count A B
Confidence A B

count A


   (14) 

where  count A  - the number of times the event A  occurs in all events 
If the rule A B  has a confidence level of 70%, it means that the rule applies in 70% of the cases in the record 

of the event A . 
The purpose of correlation analysis is to find strong correlation rules that have both no less than minimum support 

and minimum confidence. Support measures the probability that event A  and event B  will occur simultaneously 
in all events, and confidence measures the probability that event B  will occur if event A  occurs, and neither is 
required. If a rule has high confidence but low support, it means that the rule has few occurrences in all event 
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records and cannot prove its generalizability. For example, the rule A B  has a confidence level of 70%, but in 
the total number of 10,000 event records the event A  and the event B  occur only 10 times at the same time, i.e., 
the support level is 0.001, and the amount of data is not enough to support the rule is established. 

In the transformer intelligent maintenance model, in order to determine which load factor intervals and winding 
temperature rise intervals are strongly correlated, it is necessary to compare the support and confidence of different 
causal pairs. Taking the A  phase winding causal pairs as an example, the support and confidence levels are 
calculated as follows: 

    A
i jA

i j

count L T
Support L T

N


   (15) 

    
 

A
i jA

i j
i

count L T
Confidence L T

count L


   (16) 

where 
iL  -- i  th load factor interval, A

jT   - j  th A   phase winding temperature rise interval  A
i jcount L T   - 

number of causal pairs belonging to both the i th load rate interval and the j th A phase winding temperature rise 

interval, N  - the total number of causal pairs in the set of causal pairs 
 

II. C. Short-term load forecast combination method with forecast-correction 
Traditional methods mostly use a single method for forecasting, which is insufficient under complex condition factors, 
and at this stage, the combination forecasting method has become a new direction in load forecasting research. 
Currently, there are two main directions in the research of combined forecasting: one is to combine the learning 
optimization algorithm with the traditional single forecasting model; the other is to combine the forecasting results 
of multiple single models in a weighted manner, and to determine the combination of weights according to the 
performance of each single model in the historical data. In this study, we mainly consider the method of combining 
learning optimization algorithms with traditional single forecasting models for short-term forecasting of different 
ranges of loads. Figure 3 shows the forecasting process. 
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Figure 3: Short-term load combination forecasting process 

II. C. 1) Selection of similarity days 
To perform similar day selection, the historical load is first analyzed to determine the main factors affecting the 
historical load, and these main influencing factors constitute the daily eigenvectors of the historical load, and then 
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the main influencing factors are transformed into numerical values through the fuzzification rule, and the main 
principles are as follows: 

1) Day type (D): take 0 for Monday, Saturday and Sunday, and take 1 for Tuesday to Friday. 
2) Maximum temperature (Tmax): less than 0°C is taken as 0, 0-10°C is taken as 1, 10-20°C is taken as 2, and 

30-40°C is taken as 3. 
3) minimum temperature (Tmin): less than 0 ℃ take 0, 0-10 ℃ take 1, 10-20 ℃ take 2, 30-40 degrees Celsius 

take 3. 
4) Rainfall (R): no rain is taken as 0, light rain is taken as 1, moderate rain is taken as 2, heavy rain is taken as 3. 
Thus the daily eigenvector is: 
  max min, , ,X D T T R  (17) 

For user forecasting, influences such as production schedules can also be added to form daily eigenvectors. 
 

II. C. 2) Harmonization of load forecasting results at different scales 
Let the total load prediction in multilevel load forecasting be 

0z  and the subload prediction be ( 1, 2, , )iz i n  , 
which should ideally be available for physical quantities with direct summation properties: 

 
0

1

n

i
i

z z


  (18) 

However, in general the above equation does not hold and there is an inequality measure: 

 
0

1

n

i
i

z z


    (19) 

The objective of load forecast coordination is to calculate the optimal estimated value of the actual value of electric 
load ( 0,1, , )ix i n   at each level. Considering the different prediction accuracies of each level, the weighted sum 

of squares of relative adjustments ( ) /i i iz x z  to reach the smallest estimate is the optimal coordinated value of 

load prediction of each level, which is mathematically modeled as: 
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The weight 
i  is the credibility of the prediction result for each load. For system-substation-feeder-customer 

four-layer prediction, the smaller the range, the less reliable the prediction result is, and the weight should be smaller. 
Apply the Lagrange multiplier method to solve: 
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III. Verification of the technical effect of the intelligent operation and maintenance 
platform 

This chapter starts from the correlation analysis method of intelligent operation and maintenance platform and the 
short-term load forecast combination method containing forecast-correction, and determines the actual effect of 
intelligent operation and maintenance platform through specific tests. 
 
III. A. Validation of the validity of the correlation analysis method 
III. A. 1) Transformer state-volume correlation analysis based on correlation analysis 
For a transformer in a substation, combing the condition quantities that characterize its operational state. Table 1 
shows the names of the specific state quantities of the transformer. Through the 21 kinds of state quantity related 
data in Table 1, the specific operation of the transformer can be understood in a more comprehensive way. The 
real-time monitoring data of the above 21 state quantities are obtained from the on-line detection system in the field, 



Technical Research on Intelligent Power Operation and Maintenance Assurance Platform Based on Big Data and Artificial Intelligence 

3987 

and then the correlation analysis is utilized to calculate the correlation relationship between the load factor and the 
winding temperature rise in these 21 state quantities. The effectiveness of this paper's correlation analysis method 
is thus judged, thus laying an accurate data foundation for the subsequent correlation warning and prediction 
correction and other behaviors. 

Table 1: Transformer state quantity 

Coding Name of state quantity 

X1 Pressure of through-wall casing 

X2 Number of tap actions 

X3 Oil temperature 

X4 Primary winding temperature 

X5 Secondary winding temperature 

X6 Oil level of the tap joint 

Х7 Oil level of the oil pillow 

X8 Current from the core to ground 

X9 Clamping current to ground 

X10 Transformer hydrogen 

X1 Transformer acetylene 

X12 Total hydrocarbons of transformers 

X13 Casing dielectric loss 

X14 Bushing capacitor 

X15 Maximum current at the end of the casing 

X16 Minimum current at the end of the casing 

X17 Bulk temperature 

X18 Casing temperature 

X19 Oil pillow temperature 

X20 Cooler fan temperature 

X21 Circulating oil pump temperature 

 
III. A. 2) Results of subsequence eigenvalue metrics 
The multivariate heterogeneous data of 21 state quantities collected from the transformer were cleaned according 
to the data cleaning process. The anomalous data points were removed and the locations of the corresponding 
sampling points were recorded to ensure that the anomalies were corrected everywhere in the data and to reduce 
the impact on the correlation analysis. The cleaned data sequence is segmented and the distance between the 
eigenvectors of each subsequence is measured. Figure 4 shows the results of the sub-sequence eigenvalue metric. 
The sequence is divided into 10 segments, and the analysis of the calculation results found that the maximum 
calculation result is 1.41, which is smaller than the threshold value of 1.5. Therefore, it is judged that the original 
sequence does not have trend state anomalies, which is in line with the actual situation, and the data cleaning is 
effective, and the cleaned data can be utilized for the correlation rule mining. 

 

Figure 4: Measurement results of subsequence eigenvalues 
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III. A. 3) Results of correlation analysis 
The data of transformer's state quantities after cleaning are correlation analyzed to get the results of correlation 
ranking of state quantities when all the transformers in the substation have failed recently, and the warning status 
is given according to the results. Table 2 shows the results of transformer fault correlation analysis in the substation. 

Based on the analysis results in Table 2, it can be seen that, except for Case 10, all other cases can be accurately 
identified and warned by the transformer state quantity correlation early warning method based on correlation 
analysis, and the overall identification accuracy rate is 0.9. When judging Case 10, the overheating of the 
transformer body is judged as an abnormality of the casing, which is a miscalculation, and combining with the 
analysis of the actual on-site data, it can be seen that the occurrence of the miscalculation is due to the fact that the 
transformer is in a long-term High load state, resulting in the operation of the temperature has been high, and the 
temperature data are in the high level of stable data, can not dig the temperature trend, if the expansion of data, 
that is, to obtain a longer time span of the data series, you can dig the temperature trend, so that the transformer 
body overheating situation for early warning. 

In summary, the association rule analysis of load ratio-winding temperature rise of transformer state quantities in 
substations can realize accurate early warning of transformer operation status, thus guiding the electric power 
operation and maintenance protection managers at the site to pay attention to the key state quantities and grasp 
the operation status of the transformer in a timely manner. At the same time, it also verifies the application value of 
the correlation analysis method in this paper, which can obtain relatively accurate analysis results. This can also 
carry out the next step of load forecasting and correction, realize the early intervention of intelligent power operation 
and maintenance, and reduce the cost of maintenance until after the transformer is damaged. 

Table 2: Results of transformer fault Correlation Analysis in the substation 

Case 

Number 
Actual fault 

Correlation degree 

ranking 
Early warning status 

1 
The head of the rainwater sleeve causes an incomplete 

short circuit of the high-voltage coil 

X13→X14→X18→

X15→X16 
Abnormality of the casing 

2 
Incomplete drying of the capacitor core led to abnormal 

dielectric loss of the bushing 
X14→X13→X16 Abnormality of the casing 

3 
There is an abnormality in the high-voltage winding, 

resulting in an inter-turn short circuit 

X10→X12→X4→X17

→X11 

The primary winding is abnormal and 

there is overheating 

4 The bare metal inside the transformer is overheating 
X11→X10→X12→X4

→X5→X17 

The temperature of the transformer 

body is abnormal 

5 
The indoor grounding connection sheet of phase C is 

heating at two points of phase BC 

X10→X2→X12→X11

→X17→X3 

The temperature of the transformer 

body is abnormal 

6 The transformer cooling system is faulty 
X20→X18→X3→X19

→X20 

The cooling system causes abnormal 

temperature of the transformer 

7 
The temperature of the fan motor on the lower side of the 

main transformer is too high, reaching 93.0℃ 
X20→X10→X3→X17 

The cooling system causes abnormal 

temperature of the transformer 

8 
The temperature of the iron plate of the low wall-

penetrating casing of the main transformer is 102 degrees 
X1→X18→X13 Abnormality of the casing 

9 
The acetylene content exceeds the standard and there is 

high-energy discharge 

X12→X10→X3→X11

→X17 

There is partial discharge inside the 

transformer 

10 The transformer body is overheating. X10→X12→X13 Abnormality of the casing 

 
III. B. Validation of the effectiveness of the short-term load forecast combination method with forecast-

correction 
III. B. 1) Statistical Characterization of Load Data 
In this paper, we choose to combine a learning optimization algorithm with a traditional single forecasting model to 
achieve short-term load forecasting with forecast-correction. In this section, the periodicity of load data is analyzed 
in detail, and a series of preprocessing operations are performed on the data, including the analysis of the correlation 
between the weather series and the load series using the maximum information coefficient, the use of the local 
anomaly factor to remove outliers in the load series, the use of the cubic interpolation to interpolate the missing 
values in the data, and the data normalization and denormalization processing procedures, in order to ensure that 
the quality of the data is up to standard. 
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In the construction of the dataset, the power load data, power generation data, and weather data of the 
substations in Province A in the previous section for four years from 2018 to 2022 are selected as the data base for 
the study of electricity consumption in Province A. Starting from 0:00 hours on the 1st day of 2018 and ending at 
24:00 hours and 0:00 seconds on the last day of 2022, there are a total of 35,048 pieces of data with a recording 
interval of 2 hours. Because the electric load data will be obviously affected by seasons, this paper divides the load 
data into four datasets according to the four seasons of the year to verify the generalization ability of the forecasting 
method.March to May 2018 is the spring dataset, which is referred to as dataset A. June to August 2018 is the 
summer dataset, which is referred to as dataset B. September to November 2018 is the autumn dataset, which is 
referred to as dataset C. December 2018 to February 2019 is the winter dataset, referred to as dataset D. Dataset 
A and dataset D contain 2179 pieces of data, and dataset B and dataset C contain 2202 pieces of data. In this 
paper, by training and testing separate model instances on each dataset, it can be ensured that each model instance 
can adapt to the data characteristics of different seasons, thus having better performance and providing more 
accurate and interpretable results for the experiments. 

Table 3 shows the statistical characterization results for the four load datasets. The mean values of the load data 
in the four load datasets range from 27,000 to 29,000, and none of the standard deviations exceeds 5,000, with 
skewness in the interval [-0.08,0.25] and kurtosis in the interval [-0.53,-1.13]. According to the results of statistical 
characterization, the load data in the four datasets have their own characteristics without huge differences, which 
are in line with the seasonal variation differences and can be used for subsequent cyclical analysis. 

Table 3: Statistical characteristic results of the four load datasets 

Data set Sample size Maximum value Minimum value Mean value Standard deviation Skewness Kurtosis 

A 2179 40325.0 18768.0 27647.60 4226.94 0.17 -0.54 

B 2202 40032.0 18617.0 28666.59 4711.07 0.25 -0.72 

C 2202 39737.0 18044.0 27856.14 4486.15 0.04 -0.95 

D 2179 38235.0 18055.0 28855.12 4670.10 -0.08 -1.10 

 
III. B. 2) Cyclical analysis of load data days 
Electricity demand is subject to a variety of cyclical factors, showing significant cyclical characteristics, mainly 
including daily cyclicality, weekly cyclicality and so on. These cyclical fluctuations reflect the regular changes in 
people's daily life and work habits as well as the impact of seasonal climate change on energy consumption, and 
an in-depth analysis of the cyclical characteristics of power demand is crucial for power load forecasting. 

Daily periodicity reflects that the electric power load shows regular fluctuations with time within 24 hours a day. 
Figure 5 shows the power load changes in Province A from April 5 to April 7, 2018 for three consecutive days. 
Observation of this figure shows that the power load exhibits similar regular changes on a daily basis, usually 
showing higher loads during the daytime and lower loads at night, and the trends of power load changes on a daily 
basis tend to be roughly the same. During the day, the electric load usually begins to rise gradually around 8:30 
a.m., which coincides with the time when people wake up and begin their daily activities. Subsequently, the load 
begins to gradually decrease at around 12:30 p.m., which corresponds to the lunch time in Province A (usually 
between 12:00 p.m. and 14:00 p.m.). After lunch, electricity demand then decreases due to relatively low efficiency. 
After 20:00 p.m., there is a brief rise in electricity load, which corresponds to the dinner hour and the habit of people 
using computers, TVs, and other electronics at home. As the night progresses and people begin to go to bed after 
22:00, the electricity load gradually decreases. 

 

Figure 5: Changes in power load in Province A over 3 consecutive days 



Technical Research on Intelligent Power Operation and Maintenance Assurance Platform Based on Big Data and Artificial Intelligence 

3990 

III. B. 3) Load Data Week Cyclical Analysis 
Weekly periodicity means that the electric power load shows regular changes with time in 1 week. Figure 6 shows 
the variation of electric load in Province A for 2 consecutive weeks. According to Fig. 6, it can be concluded that the 
variation of electric power load in a week (168 hours per week) is generally characterized by lower loads on 
weekends (120h-168h, 288h-336h), which basically do not exceed 34,000MW, and higher loads (up to close to 
40,000MW) on working (0-120h, 168-288h) days. This is mainly due to the fact that on working days, factories and 
businesses carry out production activities, stores and offices are open for business, and electricity demand is high. 
Whereas, on weekends, industrial production, commercial activities and residential activities are reduced and hence 
electricity demand is lower. 

 

Figure 6: Power load changes in Province A for 2 consecutive weeks 

III. B. 4) Error prediction-correction calculations 
In order to carry out more timely operation and maintenance management of substation transformers, the short-
term load forecasting combination method of this paper is utilized to forecast the load data of Province A. Take the 
power consumption trend data of 2 consecutive days, 4.06 and 4.07, as an example, to analyze the power 
consumption trend. Through the error calculation, it predicts the moment when the transformer load value is 
abnormal in these two days, and makes the corresponding correction to keep the transformer load value in a smooth 
state and reduce the possibility of transformer damage. 

Figure 7 shows the results of load prediction-correction for 2 consecutive days. From the figure, it can be seen 
that in some moments (such as 2.76h, 21.16h, 42.21h, etc.) the load value of the sudden high and sudden low 
anomalies, the need to dig its causes and make the corresponding correction. After the correction process using 
the method of this paper, comparing the changes of the 2 curves in Fig. 7, it is found that in the aforementioned 
locations where abnormal load values occur, they are corrected to 847.96 MW, 981.22 MW and 1128.05 MW, 
respectively.On the whole, the data fluctuation is smoother after correction, and the state amount of each 
transformer is maintained in a reasonable range, which reduces the possibility of subsequent operation and 
maintenance requirements. 

 

Figure 7: Load forecasting - correction results for two consecutive days 
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IV. Conclusion 
This paper realizes the effective prediction and correction of transformer load data and improves the level of 
intelligent operation and maintenance by designing an intelligent power operation and maintenance guarantee 
platform. By mining the association rules of transformer load rate-winding temperature rise causal pairs, the 
identification and early warning of transformer fault problems are carried out, and a total of 10 fault cases are 
identified, and the overall identification accuracy rate is as high as 0.9. On the basis of daily and weekly cyclic 
analysis of load data, it is predicted that in the electric power load data of two consecutive natural days, 2.76h, 
21.16h, 42.21h, etc. Multiple moments of outliers existed. After effective correction, the transformer load is smoother. 
Remote load data prediction and correction can be accomplished through the intelligent power operation and 
maintenance guarantee platform. In the future, we can further explore how to improve the intelligence level of the 
platform, thus reducing the labor cost of power operation and maintenance. 
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