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Global-Aware Siamese Network for Thermal Infrared Object Tracking

Li Chang, Yang Dedong’, Song Peng, Guo Chang
School of Artificial Intelligence, Hebei University of Technology, Tianjin 300130, China

Abstract At present, most thermal infrared (TIR) tracking methods are based on correlation filters or RGB
trackers for feature extraction. However, both of them are only suitable for RGB object tracking but not sensitive to
the TIR object features, thus failing to be applied to the TIR object tracking. To this end, a TIR object tracker
based on the global-aware siamese neural network was proposed in this paper. First, the features from the last three
layers of the siamese neural network were fused to obtain new features. Second, the spatial-aware module composed
of the spatial transformer network and channel attention was added to get the global effective information.
Simultaneously, the self-attention mechanism was introduced to make the algorithm more focus on extracting the
discriminant information of the objects. At last, the final response map was acquired by response fusion of the
results. The experimental results on the TIR pedestrian tracking benchmark (PTB-TIR) show that the proposed
algorithm can adapt to a variety of TIR environments while maintaining a high tracking speed (20.2 frame/s),
achieving effective and stable real-time tracking of TIR objects.

Key words machine vision; infrared image; target tracking; siamese neural network; attention mechanism
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Fig. 1 Global-aware object tracking framework
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Fig. 6 Precision of different attributes videos on PTB-TIR dataset. (a) Deformation; (b) occlusion; (c) scale variation;
(d) background clutter; (e) low resolution; (f) fast motion; (g) motion blur; (h) out of view; (i) thermal crossover
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Table 2 Comparison of experimental results of 11 trackers on PTB-TIR dataset

PTB-TIR Speed /
Category Tracker
Pre 4 Suc A (framess™ ")
DSST 0. 708 0.526 45. 4
Hand-crafted Feature based CF KCF 0.588 0.394 301, 3
Deep feature based CF MCFTS 0. 685 0.488 4.8
Other deep tracker CREST 0.706 0.520 0.7
SiamFC 0.617 0.475 66.7
CFNet 0.623 0. 444 37.0
SiamFC-tri 0.601 0. 454 60. 0
Matching based deep tracker uDT 0. 694 0.525 82.8
HSSNet 0. 684 0. 464 18.0
MILSSNet 0.727 0.512 19. 8
Proposed 0.735 0.530 20.2
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Fig. 7 Success rates of different attributes videos on PTB-TIR dataset. (a) Deformation; (b) occlusion; (c¢) scale variation;

(d) background clutter; (e) low resolution; (f) fast motion; (g) motion blur; (h) out of view; (i) thermal crossover
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