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Multi-object Tracking Algorithm Based on Multi-similarity Matrix Fusion

CHEN Tao, XTAO Jie,ZHANG Yufei,ZHOU Delong
( College of Computer Science and Technology ,Zhejiang University of Technology ,Hangzhou 310023 ,China)

Abstract ; Multi-object tracking is a core research in computer vision, facing challenges such as blurred objects, small sizes, and fre-
quent occlusions. A multi-object tracking algorithm based on deep learning and scale invariant feature transform ( SIFT) is proposed,
aiming to address unstable tracking accuracy in scenes with blurred objects, small sizes,and occlusions. Introducing SIFT features to
improve DeepSORT ,the similarity matrix of object appearance extracted by the re-identification network in DeepSORT is fused with
the similarity matrix of object appearance extracted by SIFT. Additionally,a appearance-free link model and Gaussian-smoothed inter-
polation are employed to optimize object trajectories, enhancing the tracking accuracy of the algorithm in complex scenes. Experimental
validation using the MOT16 dataset shows that the tracking algorithm performs well in complex scenes such as dense objects and oc-
clusions ,achieving the MOTA of 54. 26% ,the IDF1 of 61. 24% ,and only 406 identity switches,demonstrating bet-ter robustness and
accuracy compared to the DeepSORT.
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Table 5 Algorithm performance at different sizes

R By MOTAT IDFIT FP| FN| 1DS|
DeepSORT  53.01 55.34 14218 37050 611
100%  SIFT 53.02 51.91 10261 40485 1123
Ours 54 61.21 12356 37979 452
DeepSORT  52.93 55 14266 37081 618
50% SIFT 52,71 51.39 10637 40410 1159
Ours 54.04 61.67 12268 38033 440
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Table 6 Performance of the algorithm in blurring and downsizing objects

BRI /)R S MOTA 1 MT 1 ML | FP| FN | DS |
DeepSORT 53.01 195 95 14218 37050 611
T WA/ 100% SIFT 53.02 165 116 10261 40485 1123
Ours 53.42 179 103 13329 37570 528
DeepSORT 52.95 191 9% 14202 37141 599
FRWIUNN 3 =3 B EITEDE/50% SIFT 52.71 165 115 10699 40362 1153
Ours 53.44 175 97 13344 37502 538
DeepSORT 52.97 192 9% 14226 37105 591
BRI/ 5 * 5 [N REETELHI/50% SIFT 52.6 164 110 11036 40155 1143
Ours 53.42 180 98 13394 37485 547
DecpSORT 52.96 188 9% 14243 37101 589
HRUEHANHT T T WEETHR/50% SIFT 52.43 163 108 11496 39743 1273
Ours 53.47 180 97 13412 37399 559
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Table 7 Ablation experiment of optimal trajectory method

By MOTA1 IDFI{ FP| FEN| 1IDS|
DeepSORT 53.01 55.34 14218 37050 611
SIFT 53.02  51.91 10261 40485 1123
Ours 54 61.21 12356 37979 452
Ours + AFLink 54.02  61.09 12352 37980 434
Ours + GSI 54.25 61.38 12234 37852 423

Ours + AFLink + GSI  54.26  61.24 12239 37858 406
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Fig.5 Tracking performance of MOT16-10 sequence
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