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Abstract: To address the insufficient feature interaction between RGB and thermal modalities and
the inadequate modeling of dynamic target variations in current RGB-thermal object tracking
algorithms, a dual-modal tracking network based on attention and online template updates is
proposed, incorporating a convolutional masked autoencoder model. Using the convolutional
masked autoencoder as the backbone network, the model extracts RGB and thermal features
through a dual-embedding layer with shared-weight backbone architecture, deeply exploring the
intrinsic relationships between RGB and thermal data. To enhance the correlation between the

template and search images, a channel-spatial self-attention mechanism is introduced to strengthen their
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interaction and extract discriminative heterogeneous complementary features across modalities. An online
template update module is proposed, which dynamically updates the template and incorporates a
template scoring head. By leveraging a confidence-based fusion mechanism, it balances the
stability of the initial template and the adaptability of the online template, mitigating model drift
Experimental results demonstrate that the proposed

algorithm achieves precision and success rates of 93.3%/75.6% and 87. 2%/63. 8% on the

caused by target variations over time.

GTOT and RGBT234 datasets, respectively, enabling accurate tracking under dynamic target
conditions. Visualization analysis shows that the algorithm adaptively complements dual-modal
heatmaps and maintains precise target localization even when one modality fails.

Keywords: visual object tracking; RGB-thermal; self-attention mechanism; online template update;

convolutional masked autoencoder
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Fig. 1 RGBT target tracking network framework based on channel space self-attention and online template updating
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Fig. 2 Network architecture of the channel space self-attention mechanism
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Fig. 3 Structure of the online template updating
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Fig. 4 Accuracy rate and success rate of the proposed algorithm

and ten comparative algorithms on the GTOT dataset
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Table 1 PR comparison of eleven algorithms under seven challenging conditions on the GTOT dataset %
(2875 Y KRR RE6E F) i ez MAZX NEE Y% AR
CFNet 67.2 69.9 66. 1 65.7 70. 2 79.2 62.4 66. 1
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Table 2 SR comparison of eleven algorithms under seven challenging conditions on the GTOT dataset %
RV Y KRR REE) i S AE UNERTS B AR e
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Fig. 5 Accuracy rate and success rate of the proposed algorithm

and comparative algorithms on the RGBT234 dataset
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the proposed algorithm and five comparative algorithms
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Fig. 7 Tracking results under motion blur and camera motion

of proposed algorithm
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Table 4 Comparison results of calculation amount of

proposed algorithm with other algorithms
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