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Abstract: To solve the issue of complicated structure and low real-time performance of the two-step multiple object
tracking by detection algorithm, a real-time multiple object tracking algorithm founded on modified YOLOv1-Tiny and
DeepSORT algorithm is proposed. The depthwise separable convolution is employed in YOILLOv4-Tiny, to reduce the
calculation of the modcl. The detection branches are increased to 3, and multi-scale [cature [usion structure is built to
dccrcasc the missced ratio ol tiny objects. The modilicd GC attention module is used to extract the global context
[caturcs ol the modecl. In the tracking part, the pedestrian motion model of DeepSORT is optimized and the appearance
modecl is reconstructed, the detection and tracking algorithms arc combined and cxperimented in MOT16 test sequences
[inally. The results show that the total paramcters of the improved algorithm arc 4.2 M, 52% less than the original
algorithm and 5. 2% morc MOTA, [aster processing speed under GPU, and the tracking speed of an average of 11
[rames per sccond can be achieved under a single CPU, which can [ullill the requests of precision and speed [or multiple
objcct tracking mission in low-calculation devices.
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Bascline 40.1 41. 2 13.3 48.7 782 29.6
MOTDT-* 47. 6 50. 9 15. 2 38.3 792 20. 6
DMAN-*- 46. 1 54. 8 17. 4 42.7 532 0.3
OTCD_1-*- 44. 4 45. 6 11.6 47. 6 759 17.6
GMPHD_Reld" 40. 4 50. 1 11.5 43.1 789 31.6
NGV = 17 45.3 43.1 15.9 40. 2 973 33.9
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