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Abstract : In this paper, an improved Mono-SLAM(Simultaneous Localization and Mapping) algorithm is proposed to
address the depth estimation of a monocular camera without using additional sensors. The proposed SLAM uses a depth
estimation based on a deep-learning approach, and generates a refined depth map through semantic segmentation. The
proposed algorithm is validated through the RGB-D mode of ORB SLAM2, and it demonstrated that localization accuracy
can be improved, compared to using the Mono version of ORB SLAM2. Moreover, it can utilize RGB-D cameras in outdoor
environments, though it may lead to performance degradation. To solve performance degradation in the depth estimation of
the depth map at the boundary between distant objects due to insufficient ground information, a refined depth map that uses
semantic segmentation is adopted, thus improving localization accuracy.
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Table 1 RMSE comparisons of absolute trajectory for both ORB SLAM Mono and Proposed SLAM [m]

Initial proposed SLAM Proposed SLAM
Sequence ORB SLAM Mono (Depth) (Depth + Segmentation)
RMSE [m] RMSE [m] Improvement [ %] RMSE [m] Improvement [ %]

KITTI 00 6.68 2.90 56.587 2.67 60.03
KITTI 02 21.75 5.82 73.241 5.65 74.023
KITTI 06 14.68 1.44 90.191 1.28 91.281
KITTI 07 3.36 0.90 73.214 0.89 73.512
KITTI 08 46.58 10.49 77.48 9.60 79.39
KITTI 09 7.62 1.81 76.247 1.49 80.446
KITTI 10 8.68 2.86 67.051 2.59 70.161
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