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BN E, mMEHAANA —FGAEBRRE. CRBR P ABRBRETIAGHEFH A LASHESLE. %;ﬂa‘l‘ﬂéy\?i%i—%r%,\,fa
MEARRBERBIR, TGN FHAANGFER L R T — WAL GRS 6L B AFRIZ T &,k B4 3k 32 £ (Fusion
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FEZESES TP391

Fusion Tracker: Single-object Tracking Framework Fusing Image Features and Event Features

WANG Lin' ,LIU Zhe',SHI Dianxi'*** ,ZHOU Chenlei’ , YANG Shaowu' and ZHANG Yongjun®
1 School of Computer Science, National University of Defense Technology,Changsha 410073, China
2 National Innovation Institute of Defense Technology, Academy of Military Sciences,Beijing 100166, China

3 Tianjin Artificial Intelligence Innovation Center, Tianjin 300457, China

Abstract Object tracking is a fundamental research problem in the field of computer vision. As the mainstream object tracking
method sensor,conventional cameras can provide rich scene information. However, due to the limitation of sampling principle,
conventional cameras suffer from overexposure or underexposure under extreme lighting conditions,and there is motion blur in
high-speed motion scenes. In contrast, event camera is a bionic sensor that can sense light intensity changes to output event
streams., with the advantages of high dynamic range and high temporal resolution, but it is difficult to capture static targets. In-
spired by the characteristics of conventional and event cameras,a dual-modal fusion single-target tracking method, called fusion
tracker,is proposed. The method adaptively fuses visual cues from conventional and event camera data by feature enhancement,
while designing an attention mechanism-based feature matching network to match object cues of template frames with search
frames to establish long-term feature associations and make the tracker focus on object information. The fusion tracker can solve
the semantic loss problem caused by correlation operations during feature matching and improve the performance of object tra-
cking. Experiments on two publicly available datasets demonstrate the superiority of our approach and validate the effectiveness of
the key parts of the fusion tracker by ablation experiments. The fusion tracker can effectively improve the robustness of object
tracking tasks in complex scenarios and provide reliable tracking results for downstream applications.

Keywords Object tracking,Deep learning, Event cameras, Featurefusion, Attention mechanisms
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Fig.1 General framework of fusion tracker
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Fig.4 Tracking results on FE108 dataset
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Table 3 Results of ablation experiments on FE108 dataset

No mask 87.2 58.6
No self- attention 82.5 50.4
Frame only 66. 3 41.0
Event only 83.9 53.4
Ours 88.0 58.9
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