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UAY object detection method based on modality-guided selection
and adaptive contrastive learning

Sun Mingxiao, Yang Zizhen,Li Chuanlong, Luan Tiantian, Liang Hongjie
(School of Automation, Harbin University of Science and Technology, Harbin 150080, China)

Abstract; Existing multimodal object detection methods often suffer from limitations in modality selection, spatial modeling, and cross-
modal consistency, particularly under challenging conditions such as low illumination, target occlusion, and complex backgrounds. To
address these issues, this paper proposes a UAV object detection method based on modality-guided selection and adaptive contrastive
learning. First, a modality-guided selection module is designed, which employs global semantic-aware channel attention to dynamically
evaluate modal contributions and enable adaptive feature fusion, thereby effectively resolving the modality imbalance issue inherent in
conventional fixed-weight fusion strategies. Second, a Modality Enhancement Module is introduced, incorporating locally-globally
coordinated relative positional biases and normalized residual connections into a single-branch self-attention structure to enhance spatial
perception in complex and occluded scenes. Finally, a detection-aware adaptive cross-modal contrastive learning strategy is proposed,
utilizing detection boxes with modality-adaptive temperature scaling to explicitly align multimodal features and improve semantic
consistency. Experimental results demonstrate that the proposed method achieves mAP scores of 78. 6% on the Drone Vehicle dataset
and 98.3% on the LLVIP dataset, outperforming existing approaches. Deployment on a real UAV platform achieves 12.61 fps,
validating both the accuracy and practical utility of the framework.
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Fig.2 Modal guidance selection module
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The overall architecture of multimodal detection
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Fig.3 Modal enhancement module structure diagram
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Table 1 Ablation experimental results of different methods
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Fig.4 Comparison of feature map visualization
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Table 2 Experiments on the Drone Vehicle dataset

(%)

Ak M mAPs, mAPs;_os
Fast R-CNN RGB 55.1 34.9
Fast R-CNN IR 59.5 39.1
YOLOv8n RGB 54.5 33.2
YOLOv8n IR 58. 1 37.5
DEYOLO RGB+IR 72.8 50.3
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ARSIy RGB+IR 78.6 56.4
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Table 3 Experiments on LLVIP dataset (% )
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Fast R-CNN RGB 91.7 49.9
Fast R-CNN IR 95.2 54.6
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YOLOv8n IR %. 1 53.5
DEYOLO RGB+IR 97.5 57.6
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CFT RGB+IR 96. 4 56.3
AT RGB+IR 98.3 58.4
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(¢) The detection results of DEYOLO
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Fig. 5 Detection results on the Drone Vehicle dataset
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Fig. 6 Experimental verification platform
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Fig.7 Results of the UAV multimodal target detection
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Table 4 Comparison of Inference of Different Algorithms
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