AR (R 3E30)

%39 & 2022 4F5 34 AEROSPACE SHANGHAI (CHINESE &. ENGLISH) 91

2 TR % 5TH0 SAR E{g R BIR A 77 AW 5

NG, FAR R
(RAEMEKRF & F42 8 TRFRE, LT 100191)

i E:RNAERAUFZFEA(SARIBR A EAMRALTHEM, —AAZSARBR LB Py X4g@a, £F
kVREFIERF BRI P RFREG R, SFEF B A H SARBH R TRIHR ., FREF I £ SARBR
JRERI PR AR R EE RS T ESARBBRAZTRI P RAAG AR A LRI T, FASARB R
FMIpH A (SRR BIEmESINFT HAREFIGEARFTRLE, RE, 9N ERTTEATRESY
HSARBEFEERA P 2P AAE—F AT @,

@I S MILZFA(SAR); WAF T 5 F#Fral; 25 #(SR); Bifms

RESES: TNIIL73  XEARED: A DOI: 10.19328/j.cnki.2096-8655.2022.03.013

Research on SAR Image Quality Improvement Based on Deep Learning
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Abstract: Improving the quality of synthetic aperture radar (SAR) images to enhance their interpretability has
always been a pressing problem in SAR image processing. In recent years, deep learning has achieved remarkable
success in optical image processing, and has been gradually applied in the field of SAR image quality improvement. In
this paper, some key applications of deep learning in SAR image quality improvement are summarized. First, the
typical networks used in SAR image quality improvement are introduced. Then, three applications of deep learning,
i.e., SAR image sidelobe suppression, super-resolution (SR) processing, and image fusion, are expounded. Finally,
the prospects of deep learning in SAR image quality improvement are analyzed and discussed.
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Fig. 4 Sidelobe suppression results of SAR images
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Fig. 8 SR processing results of SAR images
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