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Introduction

Pedestrian networks play a crucial role in pedestrian navigation. However conventional 3D indoor mapping methods for
reconstructing indoor networks are costly, involving intensive labor work and expensive equipment. This paper proposes an
automated pipeline to reconstruct pedestrian networks from 2D as-built floorplan drawings (or 3D BIMs). Pilot tests on the real-world
drawings in Hong Kong proved the pipeline achieved accurate indoor space detection (mloU =87.24% ) by retraining YOLO.
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3. The Data Storage layer stores reconstruction histories, the STEP 4: Pedestrian Networks Creation
resulting 3D indoor maps, and other related information.
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Language Model (LLM), ChatGPT 4o [1]. 2. Processing time: 25.77s (predict) + 128.57s (post-process) +
3.51s (map + path)
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