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Research on Object Tracking Algorithm Integrating Swin Transformer Multi-scale Features and Pooling Spatial
Features

CHEN Miaomiao

School of Computer Science and Engineering, Anhui University of Science and Technology, Anhui Huainan 232001, China

Abstract: Objective Object tracking finds extensive applications in fields such as video surveillance, autonomous
driving, and UAV aerial photography. Self-attention operations of existing Transformer-based models transform 2D features
into 1D sequences, which ignore spatial priors of target objects, leading to poor tracking performance. To address this
limitation, this paper proposed a tracker named Pool-Swin Transformer Tracker (PSTransT). Methods PSTransT
integrated each stage of the Swin Transformer with a pooling layer, enabling the effective extraction of features across
different scales while preserving spatial positional information. Specifically, PSTransT utilized a cross-scale fusion-based
Swin Transformer model for contextual modeling, where each stage was parallelized with a pooling layer to effectively
capture spatial features at various scales while maintaining feature richness. Furthermore, the method utilized a
Transformer-based feature fusion network that leveraged the self-attention mechanism of the Transformer to jointly learn the

correlations between template features and search features for feature fusion, aiming to better capture the dynamic changes
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of the tracked target and local contextual information. Results The effectiveness of PSTransT was extensively evaluated on

multiple benchmark datasets. This method achieved a success rate of 69.2% on LaSOT, which was 19. 6% higher than
SiamPRN++, and reached a mean average overlap (mAOQO) of 72.2% on GOT-10k, surpassing SiamPRN++ by 20. 5%.

Conclusion Experimental results demonstrate that preserving spatial prior information alongside contextual information

benefits object tracking performance. PSTransT outperforms other comparative methods.

Keywords: object tracking; Swin Transformer; pool layer; contextual modeling
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Table 1 Comparison on LaSOT dataset

/%
kIR S o ES VR ES )3 — A0 A
SiamPRN++%) 49.6 — 56.9
DiMPL*™! 56.9 53.9 65.0
SiamR-CNN!'®! 64.8 — 72.2
TrSiam'®’ 62. 4 60. 0 —
TrDiMP® 63.9 61.4 —
STMTrack!"” 60.6 63.3 69.3
TransT"] 64.9 69.0 73.8
STARK!"! 67. 1 — 77.0
KeepTrack ™ 67.1 70.2 77.2
AiATrack!™ 69.0 79. 4 73.8
TUC—-Net-*! 63.0 67.1 —
PSTransT 69.2 72.8 78.0
#z2 7E GOT-10k MiX & _FHILL S
Table 2 Comparison on GOT-10k dataset
/%
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% 3 £ TrackingNet MliX & _FAILLE
Table 3 Comparison on TrackingNet dataset
/%
i€ 35 3 B F EHRE R—ERFE
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MAMI.Track"?’ 75.7 72.5 82.2
TUC-Net" 80. 4 72.3 —
PSTransT 82.1 80.4 87.2
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B ¥ A%k mAO
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Fig.5 Visual differences in ablation experiments
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Fig. 6 Qualitative comparison with TransT
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