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Abstract—Detecting aging effects of railway point machines is 

critical to satisfy the budget-limit and train-safety requirements 

simultaneously. In this study, we propose a classification method 

for detecting the aging effects for the replacement of railway 

point machines. That is, we use SVDD that can classify the aging 

effects in before-replacement data by analyzing the electric 

current signals of after-replacement data. Based on the 

experimental results with in-field replacement data, we 

confirmed that the proposed method could classify the aging 

effects with acceptable accuracy. 
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I.  INTRODUCTION 

Recently, fault diagnosis has been reported for railway 
applications [1–3] because maintenance of the components on 
the railway is crucial to ensure that trains can be safely driven. 
The railway point machine (RPM) is an especially important 
component that changes driving directions of a train. An 
electric motor is used to RPMs for moving switch blades from 
current position, which is utilized to consider electric current-
based machine diagnosis methods possible. For example, a 
classification method using Support Vector Machine (SVM) 
with the Discrete Wavelet Transform (DWT) [4] has been 
reported as a diagnostic of the failure of RPMs. The method 
has been conducted by extracting features of the electric 
current signals experimentally generated in a laboratory.  

In this study, we focus on aging effects for replacing 
RPMs. In safety perspective for train transportation, 
maintenance of significant components such as RPM should 
be managed carefully [5]. That is, with fault diagnosis, the 
components should be repaired immediately when a fault of 
them occurs [6]. Because the aging effects of the components, 
however, progress slowly, the decision for replacing them is 
required to be carefully conducted to detect the subtle 
differences between “not-need-to-be-replaced” and “need-to-
be-replaced” (i.e., the slowly progressing effects). In general, 
RPMs are replaced with guidelines such as the operation 
period (e.g., more than 10 years) or the number of 
accumulated movements (e.g., more than 100,000 movements) 
before replacement. However, these guidelines are not 

commonly followed, and it is difficult to gain in-field electric 
current data because of the relatively long operation period. In 
addition, we should consider the operational condition for 
detecting aging effects of each RPM such as weather, train-
load, and train-speed variation [6]. Therefore, we should to 
decide whether an RPM needs to be replaced or not, for 
satisfying both the budget-limit and RPM-safety requirements. 
However, consideration of all these operational conditions of 
each RPM is almost impracticable. 

In this study, we propose a method for detecting aging 
effects of RPMs using the electric current signals gained from 
each RPM. The proposed method is used to detect the aging 
effects by testing the electric current signals with the “not-
need-to-be-replaced” data trained through Support Vector 
Data Description (SVDD) [7]. The advantage of our method is 
that new data can be classified whether the data are “need-to-
be-replaced” or not even if the data are added. 

The rest of this paper consists of as follows: Section 2 
describes the proposed method with some background concept. 
We show the experimental results with in-field replacement 
data in Section 3, and conclusion in Section 4. 

II. METHOD OF THE AIGING EFFECTS DIAGNOSIS FOR RPMS

Figure 1 shows the overall structure of the proposed 
method. After gathering both before- and after-replacement 
data obtained from the RPM monitoring system, we labeled 
the before-replacement data into two classes: “not-need-to-be-
replaced” and “need-to-be-replaced”.  

The after-replacement data obtained from the in-field 
replacement data in Korea had some normal electric current 
patterns even if different RPMs were made by different 
manufacturers. Based on these patterns, we labeled the current 
patterns of the in-field before-replacement data (e.g., operating 
more than 10 years) with assistance of a maintenance staff.  

Some patterns in the before-replacement data were similar 
to the normal patterns of the after-replacement data such as 
“not-need-to-be-replaced”. However, most of the before-
replacement (i.e., “need-to-be-replaced”) data had subtle 
differences from the normal patterns of the after-replacement 
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data due to the aging effects. Thus, an automatic decision 
method is required to develop for classifying the before-
replacement data into “not-need-to-be-replaced” or “need-to-
be-replaced.”  

Fig. 1. Overall structure of the proposed method 

Note that no fault has been reported for the before-
replacement data measured, and each RPM in the 
measurement has different operational conditions. Note also 
that some properties such as the length, peak, or average value 
of the before-replacement data are different from those of the 
after-replacement data. These properties may cause 
misclassification for detecting the aging effects of RPMs. In 
order to make the properties of each data uniform, therefore, 
we apply length- and Z-normalization to both before- and 
after-replacement data. Figure 2 shows that before- and after-
replacement data are normalized to avoid the properties.  

Fig. 2. Preprocessing of normalization for both before- and after-replacement 

data 

(a) Current data before normalization 

(b) Current data after normalization 

After the preprocessing by normalizing the electric current 
data, the after-replacement data is only trained using SVDD 
by setting some parameters properly. Then, the result 
calculated through the training on the data is used to classify 
whether the before-replacement data has the aging effects or 
not. 

III. EXPERIMENTAL RESULTS

A. Experimental Data 

Our experimental environment was as follows: Intel 
Core®  i5-4670 3.40 GHz, 8 GB RAM, and MATLAB R2015a. 
We obtained the in-field measurement data for analysis 
(captured at a sampling rate of 100 Hz) from 39 RPMs (seven 
stations in Korea). 

The obtained data consists of two types: before-
replacement and after-replacement. As shown in Figure 2(a), 
the after-replacement data had some normal electric current 
patterns although different RPMs were made from different 
manufacturers.  Next, with assistance of a maintenance staff, 
the before-replacement data were categorized into two classes: 
“not-need-to-be-replaced” and “need-to-be-replaced”. As we 
can see in Figure 2(b), there are subtle differences between the 
two classes because of the aging effects, in addition to some 
variations within each class. Note that, through the length- and 
Z-normalization, the variations within each class can be 
reduced and we can analyze the aging effects in the electric 
current data. 

B. Classification Results 

Before measuring the performance of the proposed method, 
the collected in-field data was separated as training (i.e., 466 
current signal) and testing (i.e., 452 current signal) dataset. 
The training dataset only consisted of after-replacement data 
for using SVDD. In addition, “not-need-to-be-replaced” and 
“need-to-be-replaced” in the testing dataset were organized 
with the ratio of approximately 1:9 (i.e., 47 of not-need-to-be-
replaced and 405 of need-to-be-replaced). We trained the 
SVDD classifier with the training dataset, and classified the 
testing dataset as normal (i.e., “not-need-to-be-replaced)” or 
abnormal (i.e., “need-to-be-replaced”) by setting a parameter 
of σ=1.30. 

To evaluate the performance of the proposed method, we 
compared the method with the Dynamic Time Warping 
(DTW)-based method [8]. For a fair comparison, Z-
normalization was also applied to the DTW-based method 
(because DTW itself can handle the length difference, it does 
not need length normalization). Based on experimental results, 
the precision and recall accuracy of the proposed method were 
93.1% and 93.1%, whereas the precision and recall accuracy 
of DTW method were 75.0% and 12.5%, respectively. That is, 
we confirmed that the classification performance of the 
proposed method was much higher than the performance of 
the DTW method. Table 1 shows the accuracy comparison 
between the proposed method and the DTW method [8]. 
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TABLE I.  COMPARISON BETWEEN THE PROPOSED METHOD AND DTW 

The proposed method DTW [8] 

Precision (%) Recall (%) Precision (%) Recall (%) 

93.1 93.1 75.0 12.5 

IV. CONCLUSION

Management of RPMs is crucial to prevent severe 
accidents such as train derailments, and it is also typically hard 
to obtain in-field RPM replacement data. In this study, we 
proposed a classification method for detecting the aging 
effects on the electric current signals of RPMs. The proposed 
method only trained the after-replacement data of RPMs by 
using SVDD, and then classified the “not-need-to-be-
replaced” and the “need-to-be-replaced” in the before-
replacement data. On the experimental results with the in-field 
replacement data, the classification accuracy of the proposed 
method for detecting the aging effects was much higher than 
the accuracy of the flexible-distance measure (e.g., DTW) 
based method.  
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