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Fig. 1 Structure of Rep-IRSTD, CBR stands for convolution block, normalized block and linear rectifier unit (Relu)

respectively, and x,,,, and x,,,, stand for shallow feature and deep feature respectively
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Fig. 2 From left to right, there are convolution kernels of size 3, convolution kernels of size 1 are equivalent to

K2 AR RIS R 3 BB, KT 1 BB BTSN RS 3 BB,

convolution kernels of size 3, and the Identity is equivalent to convolution kernels of size 3 when the number of

channels is relative
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Fig. 3 Parallel multi-path convolution layer structure converted to the convolution kernel concatenated activation function

structure with kernel size 3
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Fig. 4 External attention block EAB, where b, ¢, &, w, n are batch size, number of channels, height of feature maps,

width of feature maps and number of index vectors respectively
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Tabel 1 Performance of IRSTD methods on the datasets

NUAA-SIRST IRSTD-1K Speed Metrics

mloU  Fl-socre mloU  Fl-score Cost Params  FLOPs

TopHat 0.086 0.163 0.060 0.112 0.005 s — —

MPCM 0.123 0.219 0.103 0.182 0.111s — —

IPI 0.339 0.506 0.015 0.031 52.71s — —
FPN 0.659 0.795 0.586 0.793 0.103s 0.374M  0.948G
ALCNet 0.690 0.816 0.589 0.741 0.626s 0.373M  3.618G
AGPCNet 0.632 0.777 0.595 0.746 1.331s 12.45M  43.26G
OURS 0.734 0.846 0.638 0.778 0.103s 0.306M  1.144G
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Fig. 5 Results of experiment, surrounded by the green box is the real target, surrounded by the red box is the false alarm

target, surrounded by the yellow box is the missed target
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Infrared Small Target Detection Network Based on

Reparameterization

ZHU Yi-xiang' MIN Zhi-fang' ZHU Xue-qiong® WANG Xiang'
( 1 Huazhong Institue of Electro-Optics—Wuhan National Laboratory for Optoelectronics, Wuhan 430223, China;

2 Wuhan Institute of Design and Science, School of Information Engineering, Wuhan 430205, China )
Abstract Infrared small target detection is usually limited by a long imaging distance, which makes it difficult to extract
target features. How to enhance target feature expression is one of the main research directions in recent years. However, too
complex feature representation will lose the speed of inference. In this paper, we use reparameterization technology and
residual network as feature enhancement module and feature fusion module, and achieve good results on the datasets. On
SIRST and IRSTD-1K datasets, the proposed method achieves 0.734 and 0.638 mloU, while having only 0.306M and
1.114G FLOPs in parameter number and computational complexity. Our model can maintain fewer parameters in the
inference stage while having performance similar to or even leading other leading methods, which has obvious advantages
in a serial environment.
Key words infrared small targets detection; deep learning; convolutional neural networks; model compression; attention

mechanism



