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Multi-scale attention feature-enhanced fusion of a new

network for infrared small object detection
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(1 Tianjin Key Lab for Advanced Signal Processing, Civil Aviation University of China,
Tianjin 300300, China; 2 College of Electronic Information and Automation,
Civil Aviation University of China, Tianjin 300300, China)

Abstract: In order to improve the performance of small target detection in infrared imaging and the
ability of low altitude airspace supervision, an infrared small target detection network based on multi-scale
attention feature enhancement fusion was proposed. Firstly, Resnet34 was used to extract the multi-scale
features of infrared images. Secondly, the multi-scale spatial attention feature enhancement module
(MFEM) was used to improve the ability of feature extraction. Then, in the step-by-step up sampling

process, the dual channel attention feature fusion module ( DFFM ) was used to fuse the semantic
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information and detail information to better protect the characteristics of infrared small targets. Finally,

taking the video sequence detection of ground/air infrared dim small aircraft target as an example, the real

scene test was carried out by comparing with other methods. The results show that compared with existing

methods, the proposed method improves the scores of intersection over union(IoU) , F-measure and false

negative rate (FNR ), and can accurately locate the target and generate good segmentation results. The

DFFM can simultaneously use multi-scale context information and spatial attention mechanism to highlight

infiared small targets. The DFFM assigns weights to sets of different channel features, thereby obtaining

the most appropriate feature map for feature fusion and improving the detection performance.
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infrared image ;

attention mechanism
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Table 1 MFEM and DFFM ablation experiment

on SIRST dataset
ENEVRZS ToU F{i [FPR/107 FNR

Baseline 0.746 6 10.854 8/0.012 4 |0.151 3
Baseline+MFEM 0.748 910.857 6(0.010 8 |0. 148 7
Baseline+DFFM 0.757 410.860 2(0.009 5 |0.136 6

Baseline+MFEM+DFFM| 0. 762 0 |0. 864 9| 0. 008 6 |0. 128 5
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Table 2 MFEM and DFFM ablation experiment on
self-constructed dataset

ENEIPZRES loU F{i [FPR/107 FNR

Baseline 0.753 80.8596(0.013 6 |0.147 7
Baseline+MFEM 0.756210.861 1/0.012 8 |0.142 3
Baseline+DFFM 0.766 6 0.867 9(0.011 3 |0.135 8

Baseline+MFEM+DFFM| 0. 771 2 |0. 870 8| 0. 010 2 |0. 129 1
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Table 3 Comparative experiments on SIRST dataset

YNEbRS ToU F1H FPR/107* | FNR

WSLCM 0.0498 | 0.0948 | 0.7984 | 0.406 1
PSTNN 0.5153 | 0.6802 | 0.0039 | 0.3905
ACM 0.743 | 0.8312 | 0.0117 | 0.266 6
DeepLabv3+ | 0.6847 | 0.8128 | 0.0326 | 0.1917
AGPCNet | 0.7361 | 0.8480 | 0.0089 | 0.1539

X | 0.7620 | 0.8649 | 0.0086 | 0.128 5

F4 BITHEMHEES LXK
Table 4 Comparative experiments on self-

constructed dataset
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PSTNN 0.1361 | 0.2395 | 0.0182 | 0.8585 (i FHAF AL B8 ( Frames Per Second , FPS) 3
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Table 5 FPS comparative experiments
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FPS/ (i - s™") 0. 61 7.73 66. 27 53.28 13.48 20. 96
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Fig.8 Visualization results of this method on video sequences
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