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Abstract: To improve the performance of object detection methods in complex scenes, a multimodal object
detection model based on feature interaction and adaptive grouping fusion is proposed by combining deep
learning algorithms with multimodal information fusion technology. The model uses infrared and visible object
images as inputs, constructs a symmetrical dual-branch feature extraction structure based on the PP-LCNet
network, and introduces a feature interaction module to ensure complementary information between different
modal object features during the extraction process. Secondly, a binary grouping attention mechanism was
designed. Global pooling combined with the sign function was used to group the output features of the
interaction module into their respective object categories, and spatial attention mechanisms were used to
enhance the object information in each group of features. Finally, based on the group-enhanced features,
similar feature groups at different scales were extracted, and multi-scale fusion was carried out through
adaptive weighting from deep to shallow. Object prediction was then achieved based on the fused features at
each scale. The experimental results show that the proposed method significantly improves multimodal feature
interaction, key feature enhancement, and multi-scale fusion. Moreover, in complex scenarios, the model
exhibits higher robustness and can be better applied to different scenarios.
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Table 1 Dataset details information

KAIST FLIR RGBT
Quantity 3600 14000 5000
Size 640>480 512>612 640>480
Categories 6 5 11

*2 HWSHWE
Table 2 Hyperparameter setting

Hyperparameters Value
Batch size 4

Initial learning rate 0.01
Momentum parameter 0.95
Weight attenuation coefficient 0.0005
Initialization strategy Gaussian

Adjustment of learning rate Sequential LR

Optimization Adam
Position loss Clou loss
Category loss Cross  Entropy

R 3 ZHEFHERL G HIEXT L
Table 3 Comparison of multimodal feature fusion strategies

Efficiency Accuracy/(%)
Network
/(fps) MAP  mAPs mMAPm mAP|
Add 38 76.8 57.1 77.2 86.1
Concat 36 775 583 7738 86.9
Cross 38 773 582 777 86.7
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Table 4 Comparison of attention mechanisms
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Table 6 Comparison of multimodal object detection models

Table 5 Comparison of multi-scale grouping fusion structures Efficiency Accuracy/(%)
N Efficiency Accuracy/(%) Network /(fps) mAP MAPs  mAPm mMAP|
/(fps) MAP  mAPs mAPm mMAP LAINet[] 41 7.7 58.6 78.3 88.2
Non grouped 35 793 602 796  89.0 CSPNet!t! 37 78.9 59.7 796 897
Group 35 79.8 60.8 80.2 89.4 DFNet!*2 33 78.4 59.3 79.0 88.6
Ours 35 79.8 60.8 80.2 89.4
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Fig.6 Comparison of detection results in KAIST dataset
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Table 7 Comparison of RGBT dataset test results
Network dr Efficiency Accuracy/(%)
/(fps) mAP  mAPs mAPn mAP
LAINettd 2.4 40 75.3 565 76.0 86.1
CSPNett 1.9 36 770 579 778 878
DFNet(12 21 32 76.3 57.2 77.2 86.9
Ours 1.3 33 785 593 78.7 88.5
# 8 FLIR eIl 1
Table 8 Comparison of FLIR dataset test results
Network dr Efficiency Accuracy/(%)
/(fps) mAP  mAPs mAPm mAP
LAINettd 35 38 742 549 75.1 84.8
CSPNett 3.1 34 758 564 767 86.6
DFNet!d 3.0 29 754 562 763 859
Ours 24 30 774 58.1 77.6 87.1
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Fig.7 RGBT and FLIR dataset detection results(first two rows: RGBT; second two rows: FLIR)
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