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Abstract: Because the infrared image lacks certain texture information, most target detection networks
cannot achieve great detection results for infrared images. This paper proposes a cross—domain fusion
network structure that combines multiple modal for infrared target detection. Using image conversion
network without pairing, modal conversion of existing infrared dataset to generate a pseudo-visible light
dataset. Then, this paper proposes a dual-channel multi-scale feature fusion structure in the infrared
domain and the pseudo—visible light domain, uses feature pyramid network to obtain the feature map of
each mode, and performs dual-modal feature fusion for multi-scale features. Finally, in order to make up
for the lack of texture in the fusion process, this paper proposes a soft weight distribution module. By
splicing the parameterized source domain, target domain and fusion domain features, the network weight is
assigned and optimized through learning, thereby improving the accuracy of feature extraction and target
detection. The experimental results show that the method in this paper has better infrared target detection
performance compared with the conventional method.
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Table 2 Performance comparison of same network under different datasets

Methods Backbone Datasets Precision Recall F1-Score mAP/%
FLIR 0.640 0.902 0.748 84.0
Pseudo Visible FLIR 0.617 0.921 0.738 83.3

Mask R—CNN Resnetl01-FPN
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Fig. 5 Detection results of FLIR and Pseudo-visible FLIR dataset
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Table 3 Performance comparison of different networks under different datasets

AP/ %
Methods Backbone Datasets - mAP/% FPS
Car Person Bicycle
FLIR 83.7 78.3 74.7 78.9
Faster R-CNN Resnetl0O1-FPN 17
SODA 79.3 78.5 73.4 77.1
FLIR 80 78.8 75.7 78.1
YOLO-V4 CSPDarknet—53 39
SODA 82.7 78.5 70.1 77.1
) FLIR 86.8 83.1 79.1 83
MMTOD Resnet101-FPN 10
SODA 84.2 81.4 76 80.5
) FLIR 88.3 84.6 79.6 84.2
Baseline Resnetl01-FPN 14
SODA 84.8 83.6 76.5 81.6
FLIR 91.3 88.5 83.2 87.7
Ours Resnet101-FPN 16
SODA 88 86.9 80.4 85.1
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Fig. 6 Comparison of PR curves of various networks

(a) Faster R-CNN (b) YOLO-V4 (c) MMTOD (d) Baseline (e) Ours

B 7 FLIR 4R & 694 0 3 3R
Fig. 7 Comparison of detection effect on FLIR dataset
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(a) Faster R-CNN (b) YOLO-V4 (¢) MMTOD (d) Baseline (e) Ours
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Fig. 8 Comparison of detection effect on SODA dataset
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