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Cross-dataset Learning Combining Multi-object Tracking and Human Pose Estimation
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School of Information Engineering, Jiangxi University of Science and Technology,Ganzhou,Jiangxi 341000, China
Abstract In recent years, multi-object tracking has gained significant progress, especially for pedestrians. By performing joint
pose estimation on pedestrians,it is possible to improve the motion prediction of pedestrians by multi-object tracking algorithms,
while providing more information for higher-order tasks such as autonomous driving. However,in the current multi-object tra-
cking dataset containing human pose estimation labels, the video length is short and the targets are sparse,limits the research of
multi-object tracking. In the paper, cross-dataset learning is performed using the multi-object tracking dataset MOT17 and the
multi-human pose estimation dataset COCO with more pedestrians. The performance of the multi-object tracking algorithm under
joint human pose estimation is effectively improved based on a round-robin training strategy. The use of simultaneous polarized

self-attention down-sampling and attention up-sampling enhances the human pose estimation performance of the algorithm while

improving the algorithm training speed.
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Table 1 Performance comparison of polarized self-attention on human pose estimation tasks
CHAY %0
A AP AP. 5 AP.75  AP(M) AR AR.5  AR.75 AR(M)  AR(L)
FEEH 35.0 58.2 28.3 45.1 40.3 61.5 42.3 31.4 52.5
W BEEH 38.5 64.1 30. 4 50.2 43.4 67.1 44.7 33.5 57.2
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Table 2 Comparison of the number of participants and training

speed of different attention methods
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Table3 Ablation experiments using attention module

MOTA 1IDF1 IDs FM MT ML

BRBE Ny Kw % A% A% %
TEEA 38.1 46.1 0.7 1.1 17.7. 40.4
+EEH EXHE 374 47.5 0.7 1.0 16.2 36.9
+HEEES 401 50.8 0.6 0.8 21.2 38.6
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Fig. 6 Cross-dataset training loss variation trend
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Fig. 7 Training key-point detection heat map and bias loss in
COCO dataset
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Table 4 Performance comparison of CenterTrack and joint detection

for multi-object tracking algorithms

MOTA  IDF1 IDs FM MT ML
r% A% Y% v % A% V%
CenterTrack  35.6 34.5 2.6 2.7 21.1 38.9
AR & 49.1  558.3 0.6 1.2 31.3 26
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Fig. 8 Comparison of joint training algorithm and CenterTrack

baseline scores
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