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B CNNBIANS R EHFME  BET —FETHRERSFIAL FIR T B AR IZF % (Cross Scale Fusion of Features and
Trajectory Prompts Tracker. CSFTP-Tracker), & ## B 47332 W &m0t R AR 5 2 B R H A CNN 5 VIT B
iAW mAET, KT — A % BT R B4 e F A B (Multi-Level Spatial Awareness Pyramid, MSAP), & s, % % R &
CNN #jeidiit iz Z AMB R BAFELER L. RERKZ L REHNEL VIT F 6 F-embeddings 45 4E48 &, i N VIT % 75
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Target Tracking Method Based on Cross Scale Fusion of Features and Trajectory Prompts

WEN Jing,ZHANG Songsong and LI Xufeng

School of Computer and Information Technology,Shanxi University, Taiyuan 030006, China
Abstract When Transformer is used alone for feature extraction in object tracking, the absence of inductive bias makes it difficult
to adapt to change in target scale and appearance. To address this, this paper introduces target tracking method based on cross
scale fusion of features and trajectory prompts(Cross Scale Fusion of features and Trajectory Prompts Tracker CSFTP-Tracker).
In constructing the input for the object tracking network,both the template image and the search image are simultaneously fed in-
to an encoder that fuses CNN and ViT. A key design element is the multi-level spatial-aware pyramid module (Multi-Level Spa-
tial Awareness Pyramid, MSAP). Firstly,the multi-scale CNN features are enhanced with self-attention to strengthen target loca-
tion information. These multi-scale features are then fused with the F-embeddings features from the ViT and input into the ViT
encoder. This fusion strategy not only enhances information interaction between patches within the ViT but also enables the net-
work to leverage both the local features of CNN and the global dependency capabilities of the Transformer. Furthermore, the
fused features extracted by the ViT, along with the trajectory prompt features, are fed into the decoder, where autoregressive
learning is employed to predict the target’s position. Experimental results on the GOT-10k dataset show that, compared to the
baseline models, the proposed network improves the average overlap(AO) by 1. 3% and increases the success rate score at a 0. 5
threshold(SR0. 5) by 1.4%.

Keywords Transformer,Object tracking,Inductive bias,Encoder. Trajectory prompt
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Target tracking network structure based on cross scale fusion of features and trajectory prompts
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Table 2 Comparative analysis of ablation experimental results
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