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Abstract: GF-3 satellite is the first C-band multi-polarimetric synthetic aperture radar satellite with a
space resolution up to 1 m in China,in which scan synthetic aperture radar (ScanSAR) is one of the im-
portant mode of GF-3. The working mechanism of this mode results in the phenomena of serious nonuni-
formity, generally showing bright and dark stripes, also known as scalloping. In view of scalloping in
ScanSAR mode of GF-3,this paper proposes a model combining self-attention mechanism and cycle-con-
sistent adversarial networks (CycleGAN), so as to perform descalloping. The proposed descalloping
method is compared with traditional descalloping methods and deep learning related algorithms,and ana-
lyzed by indicators such as brightness average and average gradient. The experimental results demon-
strate that the proposed method in this paper can better complete descalloping in the GF-3 ScanSAR im-
age, effectively suppress the stripes phenomenon of the image.,and improve the image quality,which is of
great practical significance.
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Tab.1 Comparison of quantitative indexes of various methods
Abnormal image WGAN CycleGAN Method of this paper

Brightness mean 77.03 82.42 80. 75 87.99

Average gradient 142. 38 139.51 141. 22 146. 25

Information entropy 6.92 7.04 7.47 7.62
557.

‘& % -
- [6] SCHIAVULLI D.SORRENTINO A.MIGLIACCIO M. An in-
AR B4 =2 LR ScanSAR KR R #71E novative technique for postprocessing descalloping[ J].

1 B DLASONE 4 Y A R I HLE S CycleGAN 455 IEEE Geoscience and Remote Sensing Letters, 2013, 10

AN ’ i IS — =]
» o N (3):424-427.
AIRTHINT ScanSAR IR HEAT b B, DA T 410 61 B3 DL &4
[7] HAWKINS R K,VACHON P W. Modelling SAR scalloping

I AR I 2R BB . O T O A ) S R RO OE R
P50 B0 B a2 19 24 2 A5 I 2, 36 ik P 2 07 1% /Y
AR IFFIAL B T7 1k K TR I 5 2 T ik B Ak B 4
YE—Lehe . LR R R A SCT7 ik T DR 7 =
5 ScanSAR KR AFTE B Bl DL 0N 5 47 B4 1) 4k L
A R R 2 SO G IR S IR A1 L (A5
BOom A3 B W A 3R T HA BRI SE (e

S 3R

[1] ZHU S L.ZHU B S,WANG H W. Remote sensing image
processing and application[ M. Beijing: Science Press,
2006:10-16.

Kk RED, FAT. @GRS mHIM]. dt
ot BhaE A, 2006 :10-16.

[2] LIUJY,QIU X L,HAN B, et al. Study on geo-location of
sliding spotlight mode of GF-3 satellite[ C]//5th IEEE A-
sia-Pacific Conference on Synthetic Aperture Radar,Sep-
tember 1-4,2015, Singapore. New York:|EEE,2015:417-
420.

[3] GUO Y J,CHEN E,GUO Y,et al. Deep highway unit net-
work for land cover type classification with GF-3 SAR im-
agery[ C]//2017 SAR in Big Data Era: Models, Methods
and Applications ( BIGSARDATA )., November 13-14,
2017 ,Beijing,China. New York:|EEE,2017:1-6.

[4] MING F, HONG J, WU Y R. Scalloping radiation error of
ScanSAR[J]. Journal of Electronics & Information Tech-
nology 2006 (10) :48-50.

B, kIR L 2 — 7% . ScanSAR [ Scalloping 4 5 % 2% #f
FE[J]. B F 515 8 %4, 2006(10) :48-50.

[5] ZHAO T,DENG Y K,WANG Y. Improved sliding Mosaic
full-aperture imaging algorithm based on scallop effect
correction[ J]. Journal of Radars,2016,5(5) :548-557.
&=L, E T BT DO AL IE B B ¥ 3 Mo-
saic A FLAR AR 55 1 [U]. 77 3Kk % 4, 2016, 5 (5) : 548-

(8]

(9]

[10]

[11]

(12]

[13]

[14]

[15

]

in burst mode products from RADARSAT-1 and Envisat
[C]//SAR Workshop on Calibration/Validation. Septem-
ber 24-26,2002,London, United Kingdom. Noordwijk, The
Netherlands: ESA Publications Division,2003.

BAMLER R. Optimum look weighting for burst-mode and
ScanSAR processing[ J]. IEEE Transactions on Geosci-
ence and Remote Sensing,1995,33(3):718-725.
VIGNERON C M. Radiometric image quality improvement
of Scansar data[ D]. Ottawa: Carleton University. 1994 :
52-58.

SHIMADA M. Long-term stability of L-band normalized ra-
dar cross section of Amazon rainforest using the JERS-1
SAR[J]. Canadian Journal of Remote Sensing, 2005, 31
(1):132-137.

ROMEISER R, HORSTMANN J, GRABER H. A new scal-
loping filter algorithm for ScanSAR images [ C]//2010
IEEE International Geoscience and Remote Sensing Sym-
posium, July 25-30, 2010, Honolulu, HI, USA. New York:
IEEE,2010:4079-4082.

IQBAL M, CHEN J, YANG W, et al. Kalman filter for re-
moval of scalloping and inter-scan banding in ScanSAR
images[ J]. Progress in Electromagnetics Research.
2012,132:443-461.

SORRENTINO A, SCHIAVULLI D,MIGLIACCIO M. A post-
processing technique for scalloping suppression over
ScanSAR images[ C]//2012 6th European Conferece on
Antennas and Propagation, March 26-30, 2012, Prague
Czech.New York:|IEEE,2012:2078-2081.

LANDMARK K, SOLBERG A H S. Reducing scalloping in
synthetic aperture radar images using a composite image
transform[C]//2015 Image and Signal Processing for
Remote Sensing XXI, September 14-23, 2015, Toulouse,
France. Bellingham, Washington, USA: SPIE, 2015, 9643 :
96431B.

ZHU X C,TANG G J. A survey on generative adversarial



128 IV E S T BB I HLEI A CycleGAN Y /85 4r =5 ScanSAR F& 1 i D100 410 1l « 1287 -

networks in image processing[ J]. Journal of Nanjing Uni-
versity of Posts and Telecommunications:Natural Science
Edition,2019,39(3) :1-12.

KT E S AR RO T 2% R AL B 2R R (U] mE
S F R A7 24 4 B AR AR . 2019.39(3) :1-12.
RADFORD A,METZ L.CHINTALA S. Unsupervised repre-
sentation learning with deep convolutional generative ad-
versarial networks[ C]//2015 International Conference on
Learning Representations, May 7-9, 2015, San Diego.
USA. Washington,DC:ICLR,2015:1-15.

ARJOVSKY M, CHINTALA S, BOTTOU L. Wasserstein
GAN[EB/OL]. (2017-12-06) [ 2022-02-13]. https://arx-
iv. org/pdf/1701.07875v2. pdf.

ZHU J Y,PARK T,ISOLA P,et al. Unpaired image-to-im-
age translation using cycle-consistent adversarial net-
works[ C]//2017 IEEE International Conference on Com-
puter Vision, July 10-13, 2017, Venice, Italy. New York:
IEEE,2017:2242-2251.

VASWANI A, SHAZEER N, PARMAR N, et al. Attention is
all you need[ C]//31st International Conference on Neural
Information Processing Systems, December 4-10, 2017,
Long Beach, CA, USA. New York: ACM, 2017: 6000-
6010.

Yl Z L, ZHANG H, TAN P, et al. DualGAN: unsupervised
dual learning for image-to-image translation[ C]//2017
The IEEE International Conference on Computer Vision,
July 10-13,2017,Venice,Italy. New York:|EEE,2017:28-
49.

ISOLA P,ZHU J Y,ZHOU T,et al. Image-to-image trans-
lation with conditional adversarial networks [C]//2017
IEEE Conference on Computer Vision & Pattern Recogni-
tion, July 21-26, 2017, Honolulu, HI, USA. New York:
IEEE,2017:5967-5976.

A=

Eﬁ:

T

L

[22] YANG H,SUN J,CARASS A,et al. Unpaired brain MR-to-

CT synthesis using a structure cons trained CycleGAN
[C]//2018 International Workshop on Deep Learning in
Medical Image Analysis, August 26-30, 2018, Granada.
Spain. Berlin: Springer,2018:1-8.

ALMAHARIRI A; RAJESWAR S, SORDONI A, et al. Aug-
mented CycleGAN: learning many-to-many mappings from
unpaired datal C]//2018 International Conference on Ma-
chine Learning, July 10-15, 2018, Stockholm, Sweden.
New York:PMLR,2018:195-204.

KANEKO T.KAMEOKA H. Parallel-data-free voice con-
version using cycle-consistent adversarial networks EB/
OL]. (2017-12-20) [2022-02-137. https://arxiv. org/
pdf/1711.11293. pdf.

CHENG J,DONG L,LAPATA M. Long short-term memory
-networks for machine reading[ C]//2016 Conference on
Empirical Methods in Natural Language Processing, No-
vember 1-5, 2016, Austin, USA. Stroudsburg: ACL, 2016 :
551-561.

PARIKH A P, TACKSTROM O.DAS D. A decomposable
attention model for natural language inference[ CJ//2016
Conference on Empirical Methods in Natural Language
Processing, November 1-5, 2016, Austin, USA. Strouds-
burg: ACL,2016:2249-2255.

BAHDANAU D, CHO K,BENGIO Y. Neural machine trans-
lation by jointly learning to align and translate[ EB/OL ].
(2016-05-19) [ 2022-02-13 ]. https://arxiv. org/pdf/
1711.11293. pdf.

(1979 —) , L 1+ B8z 80+ A S0, BF 58 0 180 A 8 g 1l

ARG





