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1.1 Backdrop and Purpose
Point machines are important devices that create train routes by 
switching turnouts.  As shown in Fig. 1, they fix tongue rails 
to either the right or left stock rail and lock the tongue rails to 
prevent improper movement.

A failure where a turnout cannot be switched (hereinafter, 
“switching failure”) directly leads to transport disorder.  Thus, 
such failures should be prevented before occurrence by correct 
maintenance or, if they do occur, operation should be restored 
as early as possible.

Today, mainly motor point machines are used to switch 
turnouts. Such point machines are devices that are controlled 
with electric signals and transmit motor power to tongue rails to 
switch a turnout. In cases where a turnout cannot be switched, 
we can see a tendency for the motor torque to vary from that in 
its normal condition.  For example, when a turnout cannot be 
switched due to a foreign object caught in the turnout, motor 
torque tends to be larger.

In this study, we examined various types of logic, including 
statistic numerical analysis (machine learning), using monitoring 
data of point machines and produced an analysis device.  Aiming to 
improve the analysis accuracy of the device, we carried out field tests 
of the device with an actual point machine on a commercial line and 
verified effectiveness of the device in preventing switching failure.

1.2 Overview of the ESII-Type Point Machine
The ESII-type point machine (Fig. 2) is a point machine for 
next-generation turnouts.  Amongst other features, it adopts a 
servomotor to stabilize operation control as well as a gear control 
mechanism and status output using relay contacts, the later two 
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being advantages of the widely used NS-type point machine.
The ESII-type point machine also has a function of 

monitoring switching operation where data such as torque and 
stroke is automatically recorded at switching.

Overview of Analysis Methods for 
Detecting Abnormalities2

In past studies, we investigated the possibility of detecting 
abnormalities before switching failure occurs by analyzing 
monitoring data of the ESII-type point machine.  Here we give 
overviews of the individual methods: analysis of torque change, 
wavelet analysis, estimation of density ratio, and one-class 
support vector machine (SVM).

2.1 Detecting Abnormalities by Analysis of Torque Change
2.1.1 Monitoring of Torque Peak Value
Fig. 3 shows the relationship between switching time and torque 
value of the ESII-type point machine.  The torque value is a value 
calculated from electrical current, and 100% means operation 
with the rated current.  In monitoring of the peak torque value, 
the peak torque value in switching time is compared with a preset 
threshold, and values over that threshold are judged to indicate 
abnormalities.

Monitoring of Motor Point Machines
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Motor point machine are very important equipment for train operation system.  Failure of a machine is directly linked with transport 
disorders.  Therefore, such failures should be prevented.  We examined some methods in order to detect signs of failure and to 
maintain and repair the machine before failure occurrence.  With some failure prediction methods by using monitoring data from 
motor point machines, we produced an analysis device and carried out tests of the device.  As a result, we recognized needs for 
adjustment of the analysis results regarding external factors.
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threshold, the condition is judged to be normal, and when under 
the threshold, it is judged to be abnormal.

2.4 Detection of Abnormality Using One-Class SVM
One-class SVM is a method where normality data in the original 
space is mapped in a characteristic space.  In that method, data 
differing from other data is handled as a separate class (abnormality 
data), and a border is set to detect abnormality.  The normal 
condition range is set based on learning data prepared in advance.  
When the data to be tested is within the normal condition range, 
the condition is judged to be normal, and when out of the normal 
condition range, it is judged to be abnormal (Fig. 7).

Verification of Logic for Analysis Methods3
In importing logic for the aforementioned methods to the analysis 
device, we faced an issue in that the device judged data of normal 
switching as being data of abnormities.  In this chapter, we will 
discuss solutions to that problem by focusing on learning data.

3.1 Periodic Updating of Leaning Data
In order to apply machine learning such as density ratio estimation 
to the analysis device, learning data of normal switching need to be 
created; however, changes over time for point machines sometimes 
cause changes in tendencies of normal data.  We supposed that 
monthly periodical update of learning data can prevent such 
chronological effect and verified this supposition (Fig. 8).

Fig. 9 shows the difference between abnormality judgment 
results with and without periodic update of the learning model.  
The horizontal axis is time and darker lines are the misjudgment 
of normality data as being data of abnormalities.  With periodic 
update of the learning model, line color for the number of 
misjudgments became lighter, indicating that normality data was 
correctly judged.

2.1.2 Monitoring of Change from Average Torque Value
To find the amount of change, torque data to be tested is 
compared with the average torque value during switching time 
of past switching.  As in monitoring of the peak torque value, a 
threshold value is specified in advance.  The amount of change is 
compared with that threshold, and values over that threshold are 
judged to indicate abnormalities (Fig. 4).

2.2  Detection of Abnormalities by Wavelet Analysis and 
Bayesian Inference

Wavelet analysis is a method where slight difference in waveform 
can be detected by converting switching torque data to wavelets.  
By converting to wavelets past normality data as learning data 
and obtaining the scalogram of specified frequency components, 
a threshold can be calculated from the dispersion area of the 
scalogram when normal.  The amount of deviation from that 
threshold of the data to be tested is calculated per frequency 
component, and the average value is obtained (Fig. 5).

Then, using the amount of deviation obtained by wavelet 
analysis, normality and abnormality can be stochastically inferred 
by Bayesian inference.  By applying Bayesian updating to the 
calculated probability of being normal or abnormal, individual 
difference of point machines can be corrected, improving the 
accuracy of detection of abnormalities.

2.3 Detection of Abnormality by Density Ratio Estimation
Density ratio estimation is a method to determine whether the 
data to be tested includes abnormalities by calculating the ratio 
of the probability density distribution of normality data to that 
of data to be tested.  As seen in Fig. 6, by figuring out the ratio of 
probability density distribution of the normality data to data to be 
tested, the density ratio greatly deviates from 1 in the distribution 
range of data to be tested, clearly proving abnormality.  Thus, 
density ratio is directly calculated from the learning data prepared 
in advance.  When the calculated density ratio is over the preset 
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Fig. 6  Density Ratio Estimation
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3.2 Correction of Positioning Disagreement of Data
The analysis device has thus far corrected positioning disagreement 
of data according to the timing of operation commands of point 
machines; however, errors in processing time of the internal 
mechanism of the machines result in disagreement of timing of 
data.  Without correction of such timing disagreement of data, 
the analysis device judges waveforms completely equal to each 
other as being abnormal.

As timing disagreement occurred with the internal mechanism 
of point machines before stroke start , we modified the device 
to correct positioning of data according to the stroke starting 
position (Fig. 10).

Fig. 11 shows the difference in judgment results with and 
without correction of positioning of data.  Comparison with 
the judgment results without correction of positioning of data 
demonstrates the number of misjudgments was reduced.

Field Tests of the Analysis Device Installed to 
Actual Point Machines on Commercial Lines4

We have produced prototypes of the analysis device with the 
logic of the analysis methods imported and installed them to 
commercial lines for pilot testing.  Fig. 12 shows the configuration 
of the prototype system.  We modified a monitoring device already 
set in an equipment room to be an analyzing device to transmit 
abnormality result detection information to a monitoring device 
in the maintenance depot office for monitoring.

4.1 Status after Pilot Introduction
Since pilot introduction in December 2015, the prototype analysis 
devices with the logic of the analysis methods imported have been 
properly working without defects and misjudgment of abnormality.  
Up to May 2016, some misjudgment of abnormalities occurred, 
while no serious abnormal switching such as switching failure 
occurred.  Analyzing the situation of abnormality detection, we 
found that differences between individual point machines led to 
different judgment of abnormality detection.  Specifically, the 
prototype analyzed normality data as being abnormal even when 
the point machine normally performed switching.  The following 
sections will introduce misjudgment of abnormality in torque 
change analysis and one-class SVM.

4.2  Results of Abnormality Detection by Torque Change 
Analysis

Fig. 13 shows the results of abnormality detection by torque 
change analysis.  The horizontal axis shows the date and the 
vertical axis the total number of times abnormalities were 
detected.  Abnormalities have been frequently detected since 
starting analysis, and we found the cause of that to be the 
particular torque peak shown in Fig. 15, which is not observed 
with the torque waveform for ordinary switching shown in 
Fig. 14.  That torque peak was temporarily generated due to 
the characteristics of the turnouts; however, it did not directly 
lead to switching failure.  We therefore amended the parameter 
(temporary peak fluctuation) in the pilot term, and the number of 
times abnormalities were detected decreased after the parameter 
amendment as shown in Fig. 13.
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4.3 Results of Abnormality Detection by One-class SVM
Fig. 16 shows the results of abnormality detection by one-class 
SVM.  The horizontal axis shows the date and the vertical axis the 
total number of times abnormalities were detected.  Frequency 
of abnormality detection has been low since starting analysis; 
however, abnormalities were frequently detected temporarily at 
the middle of April.  We suppose this is because replacement 
of rails of a turnout changed the torque waveform for that 
point machine and the changed waveform was judged as being 
abnormal.

Also with a point machine other than that shown in Fig. 16, 
it was confirmed that weather changes such as rain and snow 
and atmospheric temperature change temporarily increased the 
number of times abnormalities were detected.

For the cases where external factors such as rail replacement 
and weather change increase the number of times abnormalities 
were detected, the waveform of the switching data can be 
different from that of the learning data.  By updating the learning 
data, misjudgment of abnormality can be reduced.

4.4 Consideration
In pilot introduction of the prototype analysis device, the 
device has been working without problems.  However, many 
abnormalities are temporarily detected due to individual 
differences of point machines and external environment even 
though there is nothing actually wrong with the turnouts and 
point machines.

In regard to misjudgment by torque change analysis, it has 
been shown that we need to properly identify normal switching 
of point machines and appropriately set parameters.  And in 
regard to misjudgment by one-class SVM, it has been confirmed 
that updating learning data according to external factors such 
as replacement of rails of turnouts, temperature change, and 
maintenance work is effective.

Based on those findings, we will further delve into an 
abnormality detection method focusing on how to set parameters 
for each point machine and how long the data collection period 
for the learning data should be.  The field test results of the 
prototype analysis device installed to actual point machines 
on commercial lines has proved that, with such sophistication, 
the analysis device is useful to support decision-making for 
preventing switching failure.

Conclusion5
In order to detect abnormalities that will possibly lead to 
switching failure by utilizing the monitoring function of the 
ESII motor point machine, we investigated analysis methods 
based on the data obtained from a prototypes installed to 
actual point machines and verified feasibility.  The pilot test 
produced for the most part good results with individual analysis 
methods; however, issues of misjudgment of normality data as 
being abnormalities were found.  We found that identifying 
and dealing with situations where misjudgment occurred can 
improve judgment accuracy.  We will therefore analyze data of 
field tests and examine individual difference of point machines, 
external factors, the data collecting period for leaning data, 
effectiveness and effective combination of individual analysis 
logics.  By improving analysis accuracy in this way, the analysis 
device will be effective for assisting decision-making.

We are also planning to start detecting abnormalities of point 
machines other than the type ESII possibly leading to switching 
failure by utilizing similar monitoring functions.
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Fig. 14  Ordinary Torque Waveform

Fig. 15  Torque Waveform of Point Machine in Question

Fig. 16  Abnormality Detection Result by One-class SVM
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