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Abstract

In response to the challenges of fragmented data and information silos in the maintenance domain
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of railway diesel locomotives, this paper proposes an intelligent decision-support approach based
on knowledge graph construction and reasoning. First, a top-down strategy is employed, integrating
on-site maintenance case studies to extract equipment models and fault locations using a custom
dictionary and regular expression rules. For semantically complex elements such as fault causes,
fault phenomena, and maintenance measures, a BERT-CRF model is introduced for sequence label-
ing, achieving a precision of 90.18%, a recall of 90.91%, and an F1 score of 89.92% on the con-
structed railway fault corpus. The resulting triplet data are stored in the Neo4j graph database. Fi-
nally, a comparative link prediction analysis is conducted using four embedding algorithms—
TransE, TransH, TransR, and TransD—with TransE demonstrating superior performance in metrics
such as MRR (0.880) and Hits@10 (0.944), and is thus chosen as the core inference model. This ap-
proach effectively integrates dispersed maintenance data, enhancing the accuracy and efficiency of
decision-making and showing promising potential for practical application.
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Figure 1. The construction process of the knowledge graph
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Figure 2. Maintenance case study
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Figure 3. Corpus construction
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Figure 4. Knowledge graph visualization
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Figure 8. Inference process
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Figure 9. Link prediction path
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