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Abstract To solve the problems of trajectory missed detection, misdetection, and identity switching in complex multitarget
tracking, this paper proposes a multitarget tracking algorithm based on improved YOLOX and BYTE data association
methods. First, to enhance YOLOX’s target detection capabilities in complex environments, we combine the YOLOX
backbone network and Vision Transformer to improve the network’s local feature extraction capability and add the a-GloU
loss function to further improve the regression accuracy of the network bounding box. Second, to meet the real-time
requirements of the algorithm, we employ the BY TE data association method, abandon the traditional feature rerecognition
(Re-1D) network, and further improving the speed of the proposed multitarget tracking algorithm. Finally, to mitigate the
tracking problems in complex environments, such as illumination and occlusion, we adopt the extended Kalman filter, which
is more adaptive to the nonlinear system, to improve the prediction accuracy of the network for tracking trajectory in complex
scenes. The experimental results show that the multiple object tracking accuracy (MOTA) and identity F1-measure (IDF1) of
the proposed algorithm on the MOT17 dataset are 73.0% and 70.2%, respectively, compared with the current optimal
algorithm ByteTrack, they are improved by 1. 3 percentage points and 2. 1 percentage points, respectively, whereas number
of identity switches (IDSW) is reduced by 3.7%. Meanwhile, the proposed algorithm achieves a tracking speed of
51. 2 frames/s, which meets the real-time requirements of the system.
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Table 2 Evaluation indicators and instructions

Evaluation indicator

Indicator instruction

FPy Number of being mistaken as a positive sample
FNy Number of being misidentified as a negative sample
IDSWy Number of target ID switches
MOTA%} Tracking accuracy. Calculated by integrating FP, FN, IDS, and other indicators
:pSA Tracking speed. Number of frames processed per second,
r which is used to measure the real-time performance of the model
IDF 14 Ratio of correctly identified detections to the average number of true and calculated detections
MT* Ratio of number of hit trajectories to the total number of real trajectories. No more than 0. 8
MLy Number of lost tracks as a percentage of the total number of real tracks
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Table 3 Tracking performance comparison
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Table 4 Ablation experiment comparison of a series IoU and

Model MOTA /% IDSW IDF1/% FP FN extended Kalman filtering
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Fig. 5 Tracking result comparison on MOT17 dataset
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Fig. 6 Tracking result comparison on MOT 20 dataset
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Table 5 Tracking performance comparison on MOT 17 dataset

Model MOTA /% IDSW IDF1 /% FP FN FPS
Tube_TK 63.0% 4137 58.6 27060 177483 3.0
TransTrack 75.0 3603 63.5 50157 86442 10.0
CenterTrack 67.8 3039 64.7 18498 160332 17.5
FarMOT 73.7 3303 72.3 27507 117477 25.9
ByteTrack-1 71.7 2688 68.1 15838 134992 55.3
Proposed algorithm 73.0 2589 70.2 15822 134038 51.2
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