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Design and implementation of a safety knowledge recommendation system for

power enterprises

HUANG Ronghui', ZHANG Zhonghao® "
(1. Southern Power Grid Digital Platform Technology ( Guangdong) Co., Ltd., Shenzhen 518053, Guangdong, China;
2. Dongguan Power Supply Bureau of Guangdong Power Grid Co., Ltd., Dongguan 523129, Guangdong, China)

Abstract: Addressing the issues of generalized content delivery and insufficient personalization in safety knowledge dissemination
within power enterprises, a safety knowledge recommendation system tailored for the power industry is designed and implemented in
this study " Learn what you do" and " Learn what you lack" are adopted as the core scenarios of the system, the system integrates
scenario-driven routing and heterogeneous knowledge matching strategies to achieve precise recommendations. By constructing a
standardized tagging system through knowledge graphs and employing Jaccard similarity calculations with dynamic feedback
optimization algorithms, it resolves the weaknesses of traditional recommendation models, such as poor generalization capability and
low real-time performance. The system supports mobile deployments, incorporating a layered data processing architecture and
automated operation mechanisms. It features dynamic recommendation weight adjustment and cold-start optimization capabilities.
This solution effectively meets the complex needs of power enterprises with diverse job roles and multi-level risk scenarios,
significantly enhancing knowledge acquisition efficiency and safety management standards.

Key words: power safety; knowledge recommendation; scenario-driven; dynamic feedback
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Fig.1 Recommendation system flow chart
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