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Abstract: The cable tunnel is closed and narrow, with repetitively laid cable racks and similar
scene textures, which is a degraded scenario. To address this environment, a visual-inertial SLAM
(simultaneous localization and mapping) algorithm based on point-line feature fusion is proposed.
The algorithm improves the high-dimensional line features through length suppression and short
line fitting to make it more effective in describing the structural features of tunnel scene. In
addition, for the problem of loop closure detection failure due to feature similarity in cable
tunnels, ArUco markers with efficient recognition and accurate pose estimation are introduced to
limit the loop closure area, and the optimal loop closure frames are selected using the minimized
pose transformation to improve detection accuracy and localization precision. Finally, dataset
collection and experimental validation were conducted in actual cable tunnels. The results show
that the absolute trajectory accuracy of the algorithm is improved by 69. 73% on average relative to
VINS—Mono (visual intertial system—Mono) , which meets the application requirements of cable
tunnel inspection.

Key words: simultaneous localization and mapping; point-line feature fusion; loop closure
detection; industrial robot; cable tunnel
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