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Abstract : In this paper, we are proposing a methodology that can replace handcrafted feature points and descriptors by using
deep learning, and enhance image matching by using optical flow. To obtain feature points with robust repeatability and
reliability, we will utilize R2D2, a deep learning network based on L2-Net. The inferred feature points and descriptors are
only passed to SLAM if they satisfy the minimum requirements for repeatability and reliability. Moreover, in image areas
where there is optical flow, matching is performed by relying on optical flow. Experimental results show that our
methodology achieves lower path errors in terms of RMSE for the most part of the experimental data than the existing ORB
Extractor in ORB SLAM.
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Fig. 1 The image on the (a) has a very strong edge line but low reliability. On the other hand, (b) has a very strong edge line and

high reliability. Each patch image comes from the original image on the left
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Fig. 3 Overview of our process system. You can see jointly R2D2 and ORBSLAM in ORB extractor. And you can see Optical

Flow module for increase matching in ORB matcher
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Table 1 The table presents the RMSE results of ORB and Deep learning-based SLAM methods on the KITTI 0-10 dataset. The
bold font represents the best-performing method, while the asterisk(*) indicates cases where the deep learning-based
SLAM method outperforms ORB SLAM. The proposed R2D2 with optical flow method showed better performance
than ORB SLAM on all data except KITTI 03, and exhibited stable performance without failing to perform SLAM on
any of the data. While the SuperPoint-based ORB SLAM showed the best performance on some of the data, it
frequently failed to initialize. On the other hand, GCNV2 failed to initialize on all data, resulting in overall instability or

poor performance
RMSE (m)
KT ORB SLAM GCNv2 +ORB SLAM | SuperPoint + ORB SLAM ﬁiﬁ:&;ﬁiﬁ;‘:@
00 6.93 5.01
01 Failure Failure 16.02
02 27.02 14.98
03 1.05 1.04 2.24
04 1.44 0.35 "1.39
05 6.04 Failure 3.73 "4.96
06 14.22 14.27 12.37
07 2.43 3.02 1.30
08 48.74 *39.63 30.86
09 60.45 Failure 24.46
10 9.53 5.31 739
Aver(%g?’e_(il?dls; () 11.92 - 9.62 8.64
Success Rate 0.91 0.00 0.63 1.00
Keypoint (FPS) 1777.10 164.00 3.71 8.25
Matching (FPS) 2357.5 3926.5 2357.9 1.9394
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