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ABSTRACT 

As the aging of power distribution facilities progresses, the 

needs of asset management increases. It is necessary to 

make a rational repair plan considering a comprehensive 

judgment from the view point of safety, cost, and workforce. 

Therefore, it is important to predict the occurrence of 

equipment failure and to determine the timing of 

repair/replacement. To generate data that will contribute 

to effective asset management, we performed big data 

analysis using the large amount inspection data possessed 

by our company. And we have been working on generating 

deterioration models for failure modes of utility pole.  

In this paper, we introduce the accuracy of the 

deterioration models which we created and an example of 

items with large influence on the each failure mode. 

INTRODUCTION 

As the aging of power distribution facilities progresses, it 
is assumed that the facilities which require replacement 
will increase significantly. The features of distribution 
assets are “large number of facilities” and “individually 
low value”. Therefore, it is not rational to invest on high-
performance sensor installation for monitoring each 
facility deterioration. To make an appropriate repair plan, 
it is important to predict the occurrence of facility failure 
and to determine the timing of repair. To realize it, 
collecting facility condition data is a key. 
Therefore, to inspect each overhead distribution facility 
condition properly, the Kansai Electric Power Company 
(hereinafter KANSAI) introduced ICT tools to support the 
less-skilled or less-experienced technicians /engineers, and 
has started collecting high-precision visual inspection data 
from 2014 (Fig.1). Utilizing these collected inspection 
data and the other valuable information, we have been 
working on generating deterioration models utilizing 
machine learning technology for the purpose of efficient 
asset management. By predicting deterioration of facilities, 
we try to generate data that will contribute to the repair 
plan. 

 

 
Fig.1. Overview of high-precision visual inspection 

procedure 

TYPES OF DATA  

There are three types of data which we own and we used 

for analysis.  The characteristics of data are shown below. 

The total number of data items is over 150 million. 

Utilizing these data, we are working on big data analysis. 

･Facility information 

Information on each facility, such as manufacturer and 

year of manufacture. The example is shown in Fig.2. 

 
Fig.2. Samples of Facility information. 

 (Screenshot of GIS)  

 

･Environmental information 

Information on the place where the facility is located, 

such as soil, wind condition. The example is shown in 

Fig.3. 

 
Fig.3. Samples of Environmental information . 

 

･High-precision visual inspection information 

Inspection data to grasp the deterioration aspect of each 

facility. For distribution facilities, visual inspection is 

implemented every 5 years in KANSAI. The example 

is shown in Fig.4. 
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Fig.4. Samples of High-precision visual inspection 

information. 

ANALYSIS TARGET  

As targets of high-precision visual inspection, there are 

three types of facilities such as utility pole, switchgear and 

transformer. In this paper we targeted utility pole for 

analysis. There are two reasons: 

1. The deterioration of the utility pole has a significant 

influence on public safety. Therefore, it is necessary to 

detect the sign of failure and replace it at appropriate 

timing. 

2. In KANSAI, there are periods when a large number of 

concrete utility poles were constructed. Therefore 

building strategic replacement plan is necessary from the 

viewpoint of workforce. The aged distribution of our 

concrete utility poles is shown in Fig.5. There are a lot of 

utility poles in the past 30 to 40 years, and if you replace 

them based on aging, the construction capacity will be 

insufficient. It is not economical to replace up to the 

utility pole that does not need replacement based on 

aging. Therefore, it is necessary to predict the occurrence 

of equipment failure and make a rational repair plan. 

In general, the main failure modes of utility pole (mainly 

concrete utility pole) are the following three: inclination, 

crack and flacking. We make three types of deterioration 

model respectively. 

 
Fig.5. Number of concrete utility pole by elapsed years in 

our company. 

METHODS OF ANALYSIS  

Considering the features of the data, various machine 

learning technologies, such as decision tree, random forest 

and neural network, are also experimented. For items set 

as criteria for replace, flags are set for those judged to be 

necessary for replacing from the result of high-precision 

visual inspection. It is policy we set this as a target variable 

and the other data as an explanatory variable. We treat it 

as discrimination problem. 

We compare accuracy of prediction models created by 

each method and picked up results with high accuracy. In 

the development of the prediction model, 70% of the data 

was used for learning, the remaining 30% was used for 

verification. 

 

METHODS OF EVALUATION  

The accuracy of the generated deterioration model was 

evaluated by CAP 20 (Cumulative Accuracy Profile 20). 

CAP 20 is a value indicating what percentage of the total 

number of targets can be captured by extracting the top 

20% of the model score.  

Items with high importance among explanatory variables 

are evaluated by Gini. It is said to be the standard of 

impurities, and it becomes an index when finding the 

division rule to lower the Gini coefficient. (make a group 

that increases the purity of the data.)  

ANALYSIS RESULT 

Using the above method, deterioration models were 

generated for the failure modes of inclination, crack, 

flacking. At first we started to analyze the inclination. 

Because the inclination changes continuously, we thought 

it is easy to analyze the aspect of deterioration. However 

the target variable was less than 0.5%, accurate analysis 

was difficult. So we decided to treat it as a discrimination 

problem. And then, based on the result of inclination, we 

started to analyze the crack and the flacking as a 
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discrimination problem. This time we show analysis 

results. 

 

1.  Inclination  

Clustering was carried out, and the value of CAP 20 is 

about 62% by the decision tree method. The results are 

shown in Fig.6. This means that if you check 20% of the 

inspection targets based on the preference rate in the 

deterioration model, you are able to capture about 62% of 

the facility faults that are needed to be replaced. This turns 

out that the waveform has a distorted shape and this is not 

a stable model.  

Explanatory variables with high importance were 

evaluated by Gini for the deterioration model generated 

this time. As main items of high importance, area, tension, 

number of wire, intensity of the utility pole are extracted. 

The tension used this time is calculated based on the span 

length, wire weight and standard sag. From the result, it is 

considered the inclination is mainly caused by the facility 

factor. 

Fig.7 shows the relationship between elapsed years and 

average inclination level in different tensions. In the case 

of facility with low tension, the change in actual record and 

predicted value is similar. However in the case of facility 

with large tension, it can be seen that the slope number 

increases when the elapsed years is over 40 years from the 

predicted value. Fig.8 shows the relationship between 

elapsed years and average inclination level in different 

facility form. We have the classification of straight line, 

angle, branch and terminal as facility form. This time we 

show two patterns of straight line and terminal. It can be 

seen that the sharp number increases when the elapsed 

years is over 40 years from the both patterns. It can be seen 

that the predicted value can not capture actual record. For 

Fig.5 and Fig.6, The reason it can not capture accurately is 

that the number of parameters or target variables is small. 

So improving prediction accuracy is a difficult problem at 

present time. 

 
Fig.6. Result of CAP20 for “inclination” 

 

 
Fig.7. The relationship between elapsed years and 

average inclination level in different tensions. 

 

  
Fig.8. The relationship between elapsed years and 

average inclination level in different facility form. 

 

2-1. Crack  

The accuracy when utilizing random forest method was the 

highest, and the value of CAP 20 was a high value of about 

65%. The results are shown in Fig.9; the CAP 20 is stable. 

Fig.10 shows the actual record and the number of cases 

where it is determined that replacement is necessary 

according to the generated deterioration model. It captures 

the features of each area (which means that the number 

allocated to the business office), indicating that there is no 

significant difference between the predicted value and the 

actual record. 

As main items of high importance, area, elapsed years, 

flying amount of salt, altitude and soil quality are extracted. 

From this, it is considered that the crack is mainly caused 

by the external factors. 

 

 
Fig.9. Result of CAP20 for “crack” 
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Fig.10. Actual and predicted number of poles  

need to be repaired/replaced for “Crack” 

 

2-2. Flacking 

The results of CAP20 are shown in Fig.11. The accuracy 

when utilizing the random forest method was the highest, 

and the value of CAP 20 was a very high value of about 

85%. 

A comparison table of the measured value and the 

predicted value is shown in Fig.12. Similar to crack, it can 

capture the characteristics of the area. 

As main items of high importance, area, elapsed years, 

altitude, intensity of the utility pole, and flying amount of 

salt are extracted. Especially “transformer capacity per 

500m mesh” and “number of transformers per 500m mesh” 

have appeared. This is a pseudo reproduction of population 

density utilizing KANSAI’s data. By adding this item as 

an explanatory variable, the CAP 20 value improved from 

71.7% to 81.4%. From this result, it is considered that the 

flacking is caused by mainly external factors. 

 

 
Fig.11. Result of CAP20 for “flacking” 

 

 
Fig.12. Actual and predicted number of poles  

need to be repaired/replaced for “flacking” 

 

CONCLUSION AND FUTURE WORK 

As the aging of power distribution facilities progresses, the 

needs of asset management increases in utility companies. 

In order to make effective deterioration models that will 

contribute to a rational repair plan, we conducted this 

analysis. 

As the reason why the accuracy of decision tree method 

and random forest method is high, it is advantageous to 

handle as a classification problem because there are flags 

and categories in variables with strong explanatory power. 

For the crack and the flacking, a pseudo reproduction of 

population density utilizing utility company’s own data are 

important information items. This is presumed to mean 

that the influence of physical factors (external factors) is 

large as a cause of occurrence. Since we did not utilize 

open data this time, we believe that adding open data such 

as population density and traffic volume will allow us to 

create a more accurate deterioration model.  

Using the deterioration model generated this time, the 

probability of occurrence of three failure modes for each 

utility pole was given. We consider which value should be 

used as the reference value for replacement judgment at 

each occurrence probability. And then we will use this 

results obtained from these works as a single indicator for 

our utility pole replacement construction long-term 

planning. And moreover, high-precision visual inspection 

in entering the second-round from 2019 (Our distribution 

facilities are inspected every five years). After 2019, we 

are able to utilize not only each precise facility condition 

data but also the precise facility condition transition data 

comparing the data inspected 5 years ago. We expect to 

obtain more accurate and valuable deterioration model for 

our asset management. 

 


