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Real-time multi-object tracking algorithm based on star operation

Zhou Changda Yang Fan

(School of Electronics Information Engineering, Hebei University of Technology, Tianjin 300401, China)

Abstract: FairMOT, a multi-object tracking algorithm, proposes a balanced learning strategy between the detection
branch and the re-identification branch, effectively balancing the tasks of object detection and re-identification, thereby
improving tracking accuracy. However, due to the limited feature extraction capability of its DILLA34 backbone
network, the model’s tracking performance often declines in complex real-world scenarios, leading to missed detections
and incorrect tracking. To enhance the backbone network’s feature extraction capability, this paper designs a deep
aggregated backbone network based on an element-wise multiplication structure and proposes the FairMOT-Star
algorithm. This algorithm leverages the principle of hidden dimension enhancement brought by the element-wise
multiplication structure to achieve concise and efficient object feature extraction. Additionally, EloU_Loss is used as
the regression loss function for the bounding box regression task, more precisely describing the positional and shape
relationships between detection boxes and ground truth boxes, thus improving prediction accuracy. In the matching and
association part, the Kalman filter algorithm predicts target motion information, and the Hungarian algorithm
associates and matches targets and trajectories across frames in the temporal dimension. Experimental tests on the
MOT16 dataset achieved an MOTA accuracy of 86.0%. The model’s weight parameters amount to 19. 59 M, reducing
parameter count by 9.7% compared to the FairMOT model, while increasing MOTA accuracy by 3. 5%, effectively
optimizing the computational parameters and tracking accuracy of the FairMOT algorithm.
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Fig. 6 Training Loss convergence curve
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Table 2 Comparison of results of different
algorithms on the MOT16 test set

. MOTA/ IDF1/ Params/

Bk y % MT ML IDs M
DeepSort 72.2  59.5 322 30 1087 61.53
BoT-SORT™  71.9  65.5 307 29 1353 61.53
OC-Sort™" 70.6  65.5 221 43 876 61.53
JDE 73.1  68.9 324 28 1312 73.08
FairMOT 82.5 81.8 317 28 501 21.70
FairMOT-Star  86.0 84.4 396 13 496 19.59

P 7 B DAy el DA 6 AR B e A T N RICR A
Fo o 7E a I 220 2 TE A BRER F AR . B0 A A RS B LE b e 20 it
C A T YL I 2 10 5 2U0E o I 20 3 A5 B i 5 2
FFRfY 1D %A 1 B2 . T ek Je R BT o I 20 B AR R
AT HEREE I T PE F K AR d 2 A AR i B gk
A2 e I ZI PN HAR PRI TE IS - Ok IS A AR AT SR 4k 5
& WA H bR sR 1D, JF R KA ID BRAE 42

Source

FairMOT

A o Bl
7R ERAR R L

Fig. 7 Tracking effect comparison
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Table 3 Ablation experiment

MOTA/ IDF1/

StarBlock EloU Loss DIoU_Loss 1Ds
% %

82.5  81.8 501

N 86.7 84.6 507

J 82.6  81.3 502

N 81.1  80.8 520

N N 85.9  84.2 501

J J 86.0  84.4 496
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