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Visual Simultaneous Localization and Mapping Algorithm Based on
Dynamic Target Detection
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Abstract This study proposes a visual simultaneous localization and mapping (SLAM) algorithm based on dynamic
target identification to address the problem of low positioning accuracy of conventional visual SLAM algorithm in
dynamic scenes. First, the input image {frame is preprocessed in front of the visual SLAM system, and the potential
dynamic area of the image is deleted by the target detection network you look only once, v3 (YOLO, v3).
Furthermore, the input image optimizes the homography matrix using reprojection error to obtain the motion
compensation frame and four-frame difference image. Then, the four-frame difference image is filtered, binarized,
and morphologically processed. Finally, combined with YOLO v3 network to optimize the dynamic target detection
results, reduce noise generated by strong parallax and image blur. The feature points of the static area are used for
visual SLAM tracking, mapping, and loop detection. The experimental results regarding common TUM data sets
indicate that the algorithm can effectively improve the accuracy of visual SLAM in a dynamic environment.
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Fig. 1 Flow chart of our algorithm
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Fig. 2 Detection results of the moving target
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Fig. 4 Detection results of dynamic targets. (a) Two-frame difference method; (b) four-frame difference method;

(c) noise filtering; (d) morphological processing; (e) segmentation result
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Fig. 5 Result of dynamic target detection when the image is blurred. (a) Blurred image; (b) binary image; (c) target

detection result; (d) optimized binary image; (e) optimized target detection result
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Fig. 6 Feature point extraction results of different algorithms. (a) Original image; (b) feature points extracted by ORB-SLLAM2

algorithm; (c¢) dynamic targets detected by our algorithm; (d) feature points extracted by our algorithm
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Fig. 7 Detection results of different algorithms. (a) Original image; (b) YOLO v3 algorithm; (¢) YOLO v3+ ORB-
SLAM2 algorithm; (d) our algorithm
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