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Chained End-to-End Pedestrian Multi-Object Tracking Network with
Multi-Feature Fusion

ZHOU Haiyun', XIANG Xuezhi’, WANG Xinyao®, REN Wenkai’
(1.Institute of Public Security , Nanjing Forest Police College, Nanjing 210023, China;

2.School of Information and Communication Engineering , Harbin Engineering University , Harbin 150001, China)

[ Abstract] Object detection, feature extraction, and data associationas important components in multi-target tracking
network, work independently or partially jointly. Despite the improved tracking performance, separated components
increase the tracking network complexity and decrease the fracking speed. An end-to-end chained network with
multifeature fusion is proposed to increase the speed of pedestrian multi-object tracking while maintaining tracking
accuracy.The network integrates object detection ;feature extraction, and data association into a framework.Two adjacent
frames form a node as the input. The network regresses the bounding box pairs of the same target in the node. The
common frames across nodes have a strong correlation such that using Intersection over Union (IoU) matching for data
association improves the tracking speed.In addition, the multi-feature fusion pyramid is adopted to fully integrate the
high-level semantic information and low-level position information. The pyramid adopts deformable convolution v2,
which increases adaptability to the deformation of objects.Focal loss and balanced L1 loss form multitask learning loss
for promoting the balanced learning to improve the tracking performance, owing to the imbalance in the positive and
negative samples and the differences in the gradient contributions.The experimental results for the MOT17 dataset show
that compared with DeepSORT, TubeTK, CenterTrack, and other networks, this network can effectively achieve the
trade-off between the tracking speed and accuracy.The tracking accuracy Mota value is 69.6, and the tracking speed is
maintained at 21.6 frame/s.
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Table 2. Experiment results of different networks under MOT17 date set
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Fig.5 Visual tracking results example of network in this paper under MOT17-03 date set
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Fig.6 Visual tracking results example of network in this paper under MOT17-12 date set
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