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Abstract: The on-board equipment of metro communication based train control (CBTC) is facing laborious
maintenance problems, and its textual maintenance logs are criticized for having excessively fragmented information,
ambiguous semantics and confused categorization, resulting in low classification metrics by traditional textual
distributed representation with basic machine learning algorithms. A fault classification method based on
bidirectional encoder representations from transformers - convolutional neural network (BERT-CNN) with the focal
loss function is proposed to establish the relationship model between the 'fault processing and conclusion’ and the
'fault phenomena’. The pre-trained bidirectional encoder representations from transformers (BERT) model is fine-
tuned to fully capture the bidirectional semantics and focus on the keywords to produce better word vectors of the
'fault phenomena’. In order to counteract the classification performance degradation brought by data category
imbalance, word vectors are trained using a convolutional neural network (CNN) model with the focal loss function.

According to the experimental results conducted by the dataset from an on-board signaling department, the proposed
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method has the best classification performance among models of BERT-CNN, single BERT and word to vector - CNN

(word2vec-CNN) using cross-entropy loss function, and it is also better to correctly classify categories with few

samples and contributes to the development of a more comprehensive library of fault cases for intelligent operation

and maintenance.

Key words: transportation engineering; on-board equipment of metro train control system; BERT language model;

convolutional neural network (CNN); fault classification; category imbalance
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Fig. 1 (Color online) Schematic diagram of CBTC on-board equipment.
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Fault maintenance logs examples of CBTC on-board equipment
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Fig.2 Structural diagram of BERT-CNN model for fault text classification.
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Fig. 3 (Color online) Statistical chart of fault codes for CBTC

on-board equipment from a certain metro line.
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Fig. 4 Relationship and distribution between fault phenomena and classification categories.
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Fig. 6 Diagram of Val_loss reductions of BERT-CNN model
(solid line), word2vec-CNN model (dotted line) and BERT model
(dashed line), respectively.
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Table 2 Different parameter values of focal loss function

a b Macro_avg F,
0.20 0.5 0.904 1
0.25 0.5 0.948 1
0.25 0.7 0.923 1
0.50 1.0 0.9231
0.50 2.0 0.9396
0.25 2.0 0.874 6

U TSR PR

& IR Y CNN AH 2 T hinge loss (9 SVM 7] L) B4
AT AR 73 2R

2) BERT. J:F38 W% BERT-CNN 5532
S word2vec-CNN AH L, 48 bR A R KR T,
FW] BERT BB A RUZ R SCAR M EE(FE

3) FETF A SR R B word2vec-CNN 5 T
A8 MUK ) word2vec-CNN A FLHE FH 488 /)N, 2 B BR il
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TFRFRIIPETEIR R, FEBH AR S UK R AR BB IS s AN
ST () AR R

#£3  word2vec & BERT 454 SVM B [l pRAL T CNN 943 2974

Table 3 Classification evaluation for word2vec and BERT combined with SVM or CNN with different loss functions

word2vec-CNN

word2vec-CNN

BERT-CNN BERT-CNN

SRR wordzvee-SVM (ZE3LH) (focal loss) BERT (22 3UHH) (focal loss)

Accuracy 0.7539 0.888 1 0.9113 0.9505 0.954 8 0.9714
Macro_avg, 0.7935 0.901 6 0.8767 0.900 5 0.898 4 0.962 3
Weight_avg, 0.909 3 0.933 1 0.9405 0.950 6 0.958 1 0.9720
Macro_avgy, 0.7539 0.7538 0.786 4 0.8742 0.9240 0.9374
Weight_avg, 0.9262 0.888 1 0.8929 0.9505 0.954 8 0.9714
Macro_avg,, 0.7632 0.798 0 0.8121 0.8850 0.904 1 0.948 1
Weight_avgy, 0.9262 0.9011 0.907 2 0.949 6 0.9551 0.9710
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Table 4 Misclassification analysis of BERT-CNN fault logs

based on different loss functions

J5 BERT-CNN(ZE X %) BERT-CNN (focal loss)

F
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(Color online) Confusion matrix for (a) BERT-CNN model with cross-entropy and (b) BERT-CNN model with focal loss function.
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