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Multi-scale cascaded fusion network for infrared small
target segmentation

YANG Xin-yu, YANG Xiao-mei, FANG Xuan
(College of Electrical Engineering, Sichuan University , Chengdu 610065 , China)

Abstract: The low signal-to-noise ratio and fuzzy morphology of infrared (IR ) small targets pose certain challenges in
the research of such target segmentation tasks in complex backgrounds. To better separate small targets from clutter
backgrounds, an innovative multi-scale cascaded fusion network ( MSCFNet) is proposed. Specifically, MSCFNet pre-
serves and utilizes small target information to the maximum extent through the multiple interaction between multi-scale
features. At the same time,a feature enhancement module is designed to effectively extract and integrate target infor-
mation from global semantic and local context,improving the discriminability of targets and complex backgrounds. The
experimental results prove that MSCFNet can effectively segment IR small targets in various complex environments and
exhibits better performance on two publicly available IR small target segmentation datasets.
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Fig. 1 Overall architecture of MSCFNet
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Tab. 1 Details of datasets
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Bl B K/ - —
VI[E b5
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Tab.2 F, (% ) .mloU(% ) \AUC(% ) of different methods at training epochs of 20
cGAN NUDT
Method
F, mloU AUC F, mloU AUC
1PL 4.40 2.25 65. 26 1.17 0.59 77.02
GST 17. 09 9.34 56. 38 18.41 10. 14 56.29
DFANet 1. 14 0.57 49. 46 0. 26 0.13 56. 40
ENet 88.17 78. 84 94.34 0.17 0.09 66. 08
BiSeNet 77.25 62.93 93.79 0.14 0. 07 51.93
ACM-UNet 88. 30 79. 05 93.29 66. 00 49. 25 87.98
LW-IRST 88.25 78.97 5.24 0. 65 0.33 88.79
MSCFNet 91.31 84. 00 95.21 58.75 41.59 77.49
£3 AEFEIHERE A 100(% ) Bty F, (%) .mloU(% ) AUC(% ) % &
Tab.3 F, (% ) .mloU(% ) ,AUC(% ) of different methods at training epochs of 100
cGAN NUDT
Method
F, mloU AUC F, mloU AUC
1PI 4.40 2.25 65.26 1.17 0.59 77.02
GST 17. 09 9.34 56. 38 18. 41 10. 14 56.29
DFANet 2.92 1. 48 67.45 0. 83 0.42 55. 06
ENet 89. 49 80. 99 94. 64 76. 62 62. 10 90. 49
BiSeNet 78. 41 64.49 96. 28 13.22 7.08 99. 67
ACM-UNet 90. 48 82.62 93. 86 81.79 69. 19 92.63
LW-IRST 90. 96 83.41 94. 88 87.87 78.36 50. 05
MSCFNet 92.72 86. 42 95.78 90. 83 83.20 95.75
i A R R o [
0.8 1} i
IPI 0.6 1PI
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g 061 . DFANet i; 0.5 1 -~ DFANet
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False Positive Rate le-2 False Positive Rate le-2

(a) cGAN (training epochs=20)

(b) NUDT (training epochs=20)

3 MSCFNet FIxJ F 45 1) ROC ifi 2 141 (4554103 MSCFNet)
Fig. ROC curves of MSCFNet and other methods( The dashed line represents MSCFNet)
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Fig. 4 Segmentation results in typical scenes
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Tab. 4 The results of the ablation experiment

B cGAN NUDT
ik
F,./% mloU/% F,./% mloU/%

@D 92. 44 85.94 87.36 717.55

® 92.05 85.27 00. 00 00. 00

® 84. 08 72.53 76.75 62.27

MSCFNet 92.72 86. 42 90. 83 83.20
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