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JR East is working on research and development to achieve the 
Smart Maintenance Initiative, whereby condition data of railway 
equipment is obtained and analyzed by applying ICT and 
maintenance plans are decided according to that condition data.  
One of the results of the efforts is pre-mass production trainsets 
of series E235 new commuter EMUs, which have been put into 
commercial operation.  The trains are equipped with underfloor 
and rooftop sensors that measure conditions of different track 
equipment and transmit the latest condition of the equipment 
during commercial operation to terminals in depots and offices 
to enable monitoring of that.

In this paper, we will first cover current issues in maintenance 
using data measured by electric and track inspection cars from a 
viewpoint of utilization of equipment data.  Subsequently, we will 
explain changes in maintenance methods with data measured by 
the overhead contact line condition monitoring system mounted 
to series E235 pre-mass production trains and utilization of that 
data.

Issues in Measurement Data Obtained 
by Electric and Track Inspection Cars and 
Utilization of Frequently Obtained Data

2

2.1 Issues in Conventional Maintenance
For contact wires, we currently formulate maintenance plans 
based on measurement data such as residual diameter and height 
of contact wires measured by an electric and track inspection car 
(“East-i”) once every quarter.  As data measured by East-i includes 
some measurement errors, the amount of wearing of contact 
wires (difference from previously measured residual diameter) 
includes errors as well.  Therefore, evaluation of amount of 
short-term wearing involves accuracy problems.  Series E235 
pre-mass production trains, which carry out measurement in 
commercial operation, can obtain measurement data frequently.  
That frequently obtained data too includes errors, but accuracy 
of measurement values of the data on days close to each other 

Introduction1
can be improved by applying statistical processing.  This process 
enables us to more accurately identify changes in equipment 
condition than with data measured once a quarter by East-i.

2.2 Transforming Maintenance Policy
With the accumulation of frequently obtained data, we can 
formulate a new policy for long-term maintenance planning.  
Fig. 1 shows a comparison of the ways of planning contact wire 
replacement, a type of long-term maintenance plan for contact 
wires.  Highly accurate prediction of wear was not possible due 
to data not being obtained frequently enough, but the ability to 
obtain that data frequently allows highly accurate prediction of 
and analysis of factors behind wear thanks to improved accuracy 
of measurement data.  By using frequently obtained data, we 
can predict the characteristics of wear of contact wires and 
correct overestimation of wear rate, consequently eliminating 
unnecessary replacement of contact wires.  Furthermore, by 
identifying factors behind wear, we can eliminate those with 
simple repairs before wires actually wear and thus extend the 
lifetime of contact wires.  After conducting such correction of 
estimation and simple repairs, we will verify the appropriateness 
of such decisions based on the results and incorporate any 
new findings into the next wear prediction and maintenance 
planning.  In this cycle of maintenance, we will improve the 
aforementioned data analysis method and the ability to plan 
maintenance using that, which will lead to safety improvement 
and maintenance cost reduction for contact wires.  This is the 
concept of smart maintenance.

Measurement Data and Utilization for 
Maintenance3

3.1 Detection of Pantograph Abnormality Data
If the overhead contact line condition monitoring system 
equipped to series E235 pre-mass production trainsets detects 
measurement values of the impact to pantographs and contact 
loss that exceed specified threshold values, the system judges 
them as abnormal data and transmits video of the relevant 
pantographs to terminals at the maintenance offices (Fig. 2).  

Utilization of Data Obtained Using Power Equipment 
Monitoring System Equipped to 
Series E235 Rolling Stock
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We have developed an overhead contact line condition monitoring system equipped to trains in commercial operation to achieve 
more efficient maintenance.  Data about contact wires can be obtained frequently using the system.  We are also developing a 
new system to support decision-making in maintenance planning based on that frequently obtained data.  The system utilizes the 
wear prediction method for contact wires and data cleansing technology.  In this paper, we will introduce the frequently obtained 
data and the power equipment monitoring system and describe the future image for overhead contact line maintenance using the 
maintenance decision support system.
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The video captures the situation for 3 seconds both before and 
after detection the abnormal data, for a total of 6 seconds, which 
enables us to check what actually occurred to the pantographs.  
Excessively large impact to the pantographs and contact loss 
suggests the likelihood of equipment failure such as missing 
fixtures supporting the contact wire or a defect at a location such 
as a joint or crossing of the contact wires, indicating a condition 
of being on the brink of causing transport disorder due to 
pantograph failure or breakage of a contact wire.  By reviewing 
the video, we can confirm in the office what abnormality occurred 
to the equipment and accordingly take prompt initial action.

3.2 Chart Display of Frequently Obtained Data
In order to fully use the frequently obtained data, we developed 
a user interface program that allows the data to be displayed in 
a chart on the terminals in the offices (Fig. 3).  The terminal 
is equipped with a function to display measurement data in a 
chart and we confirmed that it was able to  display in a chart 
data transmitted from an onboard device equipped to a train in 
commercial operation.  With that, we established the basis of a 
monitoring system where frequently obtained data is transmitted 
to and displayed on a monitor terminal in the office.  The 
terminal is under further evaluation at the maintenance offices.

Video for 3 sec. before and after situations such 
as arcing due to contact loss, impact to the 
pantograph, and the like can be displayed

Measurement data displayed in chart form
Equipped with a basic 
function to display measured 
items in a chart

Fig. 2  Video of Pantograph where Abnormality Is Detected

Fig. 3  Screen of Frequently Obtained Data Chart
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Fig. 1  Change in Concept of Maintenance of Contact Wires
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Frequently Obtained Data and 
Decision-making Support System4

4.1 Chart of Frequently Obtained Data
Fig. 4 shows a chart of width of the sliding surface of contact 
wires obtained by a series E235 pre-mass production train that 
ran the section from Tokyo to Yurakucho on the Yamanote Line 
(loop line) 10 times in November and December 2015.  The 
chart shows that measurement data obtained by the overhead 
contact line condition monitoring system includes noise and 
displacement as observed in the data measured from East-i, so it 
would be difficult to utilize the data as is.  However, by applying 
data cleansing such as position correction and noise removal, the 
data become usable.  In contrast, while East-i performs onboard 
noise removal, on-site users have to further perform bothersome 
position correction by manually moving the chart on the 
terminal display.

The Technical Center has developed technology for chart 
position correction that utilizes Dynamic Time Warping 
(DTW).  By executing statistical processing on data of ten train 
runs after applying that technology as shown in Fig. 5, a chart 
such as Fig. 5 (3) “after noise removal” can be obtained.  It is 
expected that such position correction and statistical processing 
of multiple sets of data in a short period of time will improve 
measurement accuracy.

Fig. 6 shows a comparison of charts for wear after data 
cleansing of a part of the section from Tokyo to Yurakucho on 
the Yamanote Line obtained in November and December 2015 
and in March and April 2016.  The figure identifies the points 
where wear had progressed in three months, proving that the 
data can be used for actual maintenance work by applying data 
cleansing.

4.2 Applying to Wear Prediction and Factor Analysis of Wear
The Technical Center worked to develop a fundamental wear 
prediction technology utilizing the data obtained by East-i up 
to fiscal 2015.  The prediction technology, called “heterogeneous 
mixture learning”, features highly accurate prediction according 
to data of the locations to be prediction for.2)  Fig. 7 shows 
the concept of wear prediction and factor analysis of wear in 
heterogeneous mixture learning.  The fundamental idea behind 
prediction for the data provided is to formulate an approximate 
that captures characteristics of all data and use that approximate 
as a prediction formula.  On the other hand, in heterogeneous 
mixture learning, first the data provided is divided by data 
mining into groups that have similar values, and then an 
approximate is formulated for each of the groups.  The reason 
for this process is that using approximates that are formulated 
for individual groups with similar characteristics will allow more 
accurate prediction formulae than using an approximate that is 
forcibly applied to all data obtained in different environments.  
Among prediction methods involving grouping, heterogeneous 
mixture learning is a method that allows more automated and 
faster grouping than others.

Recently, neural networking technologies such as deep 
learning have attracted attention as highly accurate prediction 
methods.  However, those have a characteristic in that even 
though they can produce highly accurate results, their prediction 
formulae allow only limited interpretation due to a complicated 
formula structure that is like a black box.  Thus, when we examine 
methods of maintenance using the prediction formula, we cannot 
interpret information from the results to discover what factors we 
should take countermeasures for.  In contrast, each term of the 
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Fig. 4  Frequently Obtained Data Chart (Width of Sliding Surface)

Fig. 5  Results of Data Cleansing of Frequently Obtained Data
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Fig. 7  Prediction and Factor Analysis by 
Heterogeneous Mixture Learning



36 JR EAST Technical Review-No.34

Special edition paper

prediction formula obtained in heterogeneous mixture learning 
composes the prediction formula according to the contribution 
level of each term to wear measurement data.  We therefore can 
analyze which is more significant data as a factor behind wear by 
looking into the contribution level.

Fig. 8 is a graph of coefficients of terms of the prediction 
formula obtained, showing factors behind wear and contribution 
level of individual factors to wear.  A term with a larger value 
on the right affects progression of wear greater, and a term with 
larger value on the left affects reduction of wear greater.  In this 
sample figure, dynamic deviation and type of contact wires are 
the factors behind progression of wear; however, it also indicated 
that wear can be controlled by adjusting maintainable dynamic 
deviation.  Repair of contact wire equipment by adjustment 
utilizing this technology before actual wearing can prevent 
progression of wear.

East-i cannot measure data frequently, so it has been difficult 
to improve accuracy of prediction and factor analysis of wear.  We 
expect that utilization of data obtained by frequently monitoring 
using trains in commercial operation will allow those prediction 
and analysis tasks to be done with high accuracy.

4.3 Decision-making Support System
The Technical Center is now working on development of a 
system with an aim of supporting maintenance planning for 
contact wires.  The core technologies for the system are the 
aforementioned data cleansing and wear prediction, and we are 
developing functions based on those technologies to support 
decision-making in maintenance planning for contact wires, 
such as wear prediction simulation functions and maintenance 
methods proposal functions.  With that system, we believe that 
we will be able to detect signs of local wear and repair the point 
of wear before local wear progresses.

From a long-term perspective, we will work to gradually 
improve accuracy of the system and reduce maintenance costs 
by going through the smart maintenance cycle explained in 
chapter 2.  In planning contact wire replacement for example, 
we can extend the lifetime of contact wires by repairing them in 
advance to prevent wear of contact wires from progressing.  In 
this way, we expect to be able to bring about new effects that were 
difficult to produce with the current data obtained by East-i.

Conclusion5

In future maintenance work, ways that we perform maintenance 
will need to undergo drastic changes because securing 
maintenance engineers will be difficult due to population 
decrease.  In light of that, the Technical Center is developing 
technologies implementing the ideas of smart maintenance.  
Utilization of monitoring data from series E235 pre-mass 
production trains as the first step will have a great impact on the 
change in maintenance work in the future, so we are going to 
steadily proceed with development to achieve a system for that.
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Fig. 8  Visualization of Analysis Results of Factors behind Wear


