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Abstract

This study aims to improve the efficiency of manhole extraction by proposing the use of Unmanned
Aerial Vehicle (UAV) photogrammetry and deep learning techniques to detect and classify manholes auto-
matically. We also evaluate the accuracy of intelligent manhole extraction using UAV photogrammetry in an
independent check area. The study uses Mask Region-Based CNN (Mask-RCNN) deep learning technology
to identify manholes in UAV orthoimages and to obtain the geographic coordinates of the manholes. The
experiment used UAV multispectral orthoimages with a 2 ¢cm spatial resolution for manhole extraction. The
experimental results achieved an overall F1-Score of 92%, a recall rate of 90%, and a precision of 94%, with
a detection error of less than 10%. The root-mean-square-error of the automated extraction and manual mea-
surement results are less than 10 cm. Therefore, the combination of UAV photogrammetry and artificial intel-
ligence technology has great potential for achieving the goal of automatic manhole extraction.
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