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In order to reduce damages to major railroad components, which have the potential to cause interruptions to railroad services

and safety accidents and to generate unnecessary maintenance costs, the development of rolling stock maintenance technology

is switching from preventive maintenance based on the inspection period to predictive maintenance technology, led by advanced

countries. Furthermore, to enhance trust in accordance with the speedup of system and reduce maintenances cost simultaneously,

the demand for fault diagnosis and prognostic health management technology is increasing.

The objective of this paper is to propose a highly reliable learning model using various machine learning algorithms that

can be applied to critical rolling stock components. This paper presents a model for railway rolling stock component fault diagnosis

and conducts a mechanical failure diagnosis of motor components by applying the machine learning technique in order to ensure

efficient maintenance support along with a data preprocessing plan for component fault diagnosis. This paper first defines a

failure diagnosis model for rolling stock components. Function-based algorithms ANFIS and SMO were used as machine learning

techniques for generating the failure diagnosis model. Two tree-based algorithms, RadomForest and CART, were also employed.

In order to evaluate the performance of the algorithms to be used for diagnosing failures in motors as a critical railroad component,

an experiment was carried out on 2 data sets with different classes (includes 6 classes and 3 class levels). According to the

results of the experiment, the random forest algorithm, a tree-based machine learning technique, showed the best performance.
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<Figure 1> A Flowchart Summarizing Individual Steps for
Diagnosing Bearing Fault
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<Figure 2> Fault Diagnosis Model in Predicting Framework
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{Table 1> Basic Classes for Motor Faults

Class Label Fault Name
Cl Problems in the joint
C2 Faulty Bearings
C3 Mechanical Loosening
Cc4 Basement Distortion
C5 Unbalance
C6 Normal conditions
ZIAE 1 EEe ASH T2E IS, FART
A7l o8 EghA Pl 7}%—8}ftl, olE EHEZ
(taxonomy tree)g} ST} & F=iro A= 7HE vk #hil)
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<basic classes>

C1 : Problem in the
joint
--------- C2 : Faulty bearings
C3 : Mechanical
Loosening

C4 : Basement
distortion

<combination classes>

C7 : Shaft
misalignment

C8 : Problem in the
motor

C6 : Normal
condition

C5 : Unbalance

C6 : Normal
condition

<Figure 3> Diagnostic Taxonomy of the Motor Faults
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(Table 2> Extracted Features From Raw Data

Feature Description
Class label
Class label (C1, C2, -+, C6), (C6, -, C8)
CPM frequency of the measure
Amplitude(Horizontal) | Amplitude measure for direction(Horizontal)

Amplitude(Vertical) Amplitude measure for direction(Vertical)
Amplitude(Axial)

RPM

Amplitude measure for direction(Axial)

rpm of the machine
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<Table 3> Classification Methods and Algorithms

Method Category Algorithm

- ANFIS(Adaptive Neuro Fuzzy Inference System)

function-based - SVM(Support Vector Machine)

- DT(Decision Tree)

Tree-based - Random Forests
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<Table 4> Confusion Metric for 6 Classes Dataset 100 9032
90
Algorithm Precision Recall F-measure | class 80 6602
70 65.61
0.431 0.771 0.553 Cl o s027 0224 .
1.000 0.001 0.003 C2 50.19 .
50 DOBasic
ANFIS 0.364 0.012 0.023 C3 0 @Combination
0.594 0.672 0.631 C4 30
0.667 0.053 0.098 Cs 20
0.596 0.200 0.299 C6 10
0
0.550 0.801 0.652 Cl AFNIS SMO RF CART
0.630 0.295 0.402 C2 : . o
<Figure 7> Accuracy Comparison of Four Classification Methods
MO 0.598 0.265 0.367 C3
692 . 124 4
0 LA - vAe R £ dolg Aol dig 2 24w 2
0.661 0.376 0.480 Cs 6 6 =y o )
760 30 i o LFEE 543F= MAE® RMSE+= <Figure 8>, <Figure
0.902 0.935 0'918 Cl 9> 2t
0.875 0.845 0.860 C2
0.875 0.849 0.862 C3
RF CART
0.922 0.928 0.925 C4
0911 0.857 0.883 C5
RF
0.880 0.846 0.862 C6 & Combiaty
ombination
0.581 0.818 0.680 Cl o ossgs  OBasic
0.711 0.331 0.452 C2
0.684 0.200 0.310 C3
CART AFNIS 0.3269
0.727 0.796 0.760 C4
0.688 0.358 0.471 C5 s
0.692 0.501 0.581 C6

<Table 5> Confusion Metric for 3 Classes Dataset

Algorithm | Precision Recall | F-measure| class CART # o
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0.541 0.165 0.253 a3 ARNIS —
0.928 0.942 0.935 C1 | I I I |

RF 0.937 0.939 0.938 C2 0 01 02 03 04 03
0895 0836 0864 a <Figure 9> RMSE Comparison of Four Classification Methods
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