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A Multimodal LLM-based Multi-Agent System
for Automated Scaffolding Safety Inspection Linked with KOSHA Regulation
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Abstract

Construction is known as one of the most hazardous industries globally, reporting high rates of fatalities and injuries. To prevent accidents

effectively at construction sites, proactive safety inspections are required to eliminate and correct the safety hazards. However, conventional

safety inspections heavily depend on the experience and competency of human inspectors, along with labor-intensive manual documentation.

This study proposes a multimodal large language model (MLLM)-based multi-agent system that automatically detects scaffolding-related

safety hazards and generates inspection reports in compliance with KOSHA regulations. The evaluation results demonstrated that the

proposed system can effectively support inspectors by automatically providing the critical safety issues with regulation-driven guidelines.
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