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Pedestrian Detection Method Based on Improved ViBe and YOLO v3 Algorithms
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Abstract: This paper presents an improved algorithm to solve the problem of ghosting in the visual
background extractor (ViBe) algorithm for pedestrian detection. The initialization strategy of the ViBe
algorithm is improved using the YOLO v3-spatial pyramid pooling (SPP) algorithm to eliminate ghosts. Thus,
the YOLO v3-SPP algorithm detects pedestrians in the first frame, eliminates the detected pedestrians, and
replaces the first frame of the ViBe algorithm with the output image to eliminate ghosts. The results of the
analysis and verification show that the algorithm can effectively solve the ghost problem.
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Fig. 1 Comparison of current frame pixel value and sample value
in two-dimensional color space
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Fig. 9 Results of ghost elimination
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Table 1 Evaluation of experimental results
Algorithm Precision Recall F1-score Frame per second

ViBe algorithm 0.7186 0.4535 0.5560 5.2629
Three-frame differential method 0.5354 0.6422 0.5839 9.9624
Gaussian mixture model algorithm 0.6552 0.3554 0.4617 4.1905
Proposed algorithm 0.8056 0.7070 0.7531 5.3419
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