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Abstract: False targets caused by multichannel Synthetic Aperture Radar (SAR) are similar to a defocused ship
in both shape and texture, making it difficult to discriminate in the full-aperture SAR image. To address the
issue of false alarms caused by such false targets, this paper proposes a multichannel SAR false-target
discrimination method based on sub-aperture and full-aperture feature learning. First, amplitude calculation is
performed on complex SAR images to obtain the amplitude images, and transfer learning is utilized to extract
the full-aperture features from the amplitude images. Then, sub-aperture decomposition is performed on

complex SAR images to obtain a series of sub-aperture images, and the Stacked Convolutional Auto-Encoders
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(SCAE) are applied to extract the sub-aperture features from the sub-aperture images. Finally, the sub-

aperture and the full-aperture features are concatenated to form the joint features, which are used to

accomplish target discrimination. The accuracy of the method proposed in this paper is 16.32% higher than

that of the approach only using the full-aperture feature on GF-3 UFS SAR images.

Key words: Synthetic Aperture Radar (SAR); Deep learning; Sub-aperture feature learning; Ship target

discrimination; Multichannel false-target
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(a) Ship 1, SLC image
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(b) Ship 2, SLC image
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(c) Ship 3, SLC image
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(d) Ship 4, SLC image
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(f) False target 1,
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(g) False target 2,
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SLC image
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Fig. 4 Examples of sublook amplitude for ships (a)—(d), sea (e), multichannel false-targets (f)—(h) and the relevant amplitude SLC images
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Fig. 6 Flowchart of transitive transfer learning method
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for THAZEES (z,y) do:

for iy F 4% 701 do:
T T ST I

My
-1 -1
Y; =I5 E Z,; 192
i=1

R B A

My

Loss = Z

i=1
K, EHZH0,

end for

-1
7

2
. 171H

Y P

end for

(3) HHATLRIRE BRI (2,y) = \/A (2,9)° + B (2,9)?
(4) iIL#E % I ResNet-18TIIZRERL Fy, TS0, KB
LR e (z,y)
(5) FHEH—1b o1 (z,v), 02 (z,y)
(6) FHEPHER R (2, y)
(7) VHELA S bR B (B2 SR
(8) IIaftHE, HFZH0
end for

i AR

4 LI

4.1 SLIOHHE

(1) mor =5 8dE . ARSCRICT Sl = 4> = 5
FEM AT LIALKEE, BRI SEWR3FTR,
DHM AL T7 E G S KA TR —Ik, 1E
AP AR A D 2B BB A T 43 ) B2 k. SLC A B
SHIRRIF, RGF-3 PR —FP= KA, ¥
AISZE & N TAREFB AR IC B BN B A5 Fl 2
THIE AR H bR, AR AR VEAE )AL B K 5 (5 B ey
SEEYE, U RN EN128x128, FANMTTAE
TR K AR BRI 70N B S H AR AR A
7O A B AR AL A B 1L 100 EL 48 BE WL R 4 A I 25
EFIGUEEE, NG FE AR R A B 20 7. I
AL PR A AlE EUR B, B8 72 E 5L H AR AR
A, 1614 Z i R HARFEA

% 3 GF-3BHBELHERIESY
Tab. 3 The detailed information of GF-3 UFS SAR images

used in the experiment

B %1 K%
FAG R UFS
s SLC
PR R L1AZL
B FH
A 77 5 DH
RHEE 23 HE4 (m) 2.5~5.0
T L) 53 FEE (m) 3
i % (km) 30
%G IR [Rgx Az] (m) 1.124x1.729
NG () 39.54~41.52

(2) BB SRS, M TZlERRERS
B IR AR B ARAE A FLAR RGN AR, AL
FEIMECAX 4y, AT PR A SRR A AL
P, AR T EEERE, BRI ERER
R ESHT N 75 Hbr ) (18R B - 2 34 s i —
UHRAIRZE, AR 2 = (15)
Ap =az® +c (15)
Horp, ofEHIMARZE LT ORRAN, 240> a >
—1.26341F, Hirza KAERMPIBEE: o < -1.2634
W, Ko re AR RON I B R BUE, B BUEREE el
I/ INTIT TR o
Ap < /4, B3 BIr KAEBRMPBUE, Xt
G EE RS ] ZREA T Ap > /4, BB HR
W 2o AR AH AL A5 22 10 R/ = A AN R B ) A o)
P, PO T 5 [RIFE B HCER 1 AR B T
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Fig. 8 Flowchart of defocused image simulation algorithm
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Fig. 9 Different degrees of defocused images and their corresponding azimuth error curves

AR R ZE N 2, X Bk e =21, A EZ
ETE R B AR ERARR RS, 73 T 1248
FEMTAA B AR IE HAE A Tt

4.2 SILATS

SEIG AR IR ST . A FE AR T R N Tesla K40,
PelAr, #12 G, Am8 GAFE, 3.2 GHz, 3t
K /RiSAEE2Y, Windows6407 BT, BB A
Torch0.4.0, torchvisions0.1.9, tqdm4.19.1.post1,
Python3.6.5, Pillow 4.2.1, tensorboardX 1.12.

e B R H 9 i X 2 )1 248 FH SGD ek 88 K ik
1T ZHOEARTE B, I HlZR400~epoch, #)4h
R WE N0, BUEEIHSECN0.0005. KM%
PG Adam AL, VIWEF I RERE N
0.01. f#fH Tensorboard Wil Rt #2, T F%
ke 2
4.3 TFNERR

Z i R H bR 5 5 B AR S0 v B A — A
TOrRIEE, TRE R E k4.

R 2 (accuracy), € XA

TP + TN
TP +TN+FP +FN

Accuracy = (16)

4.4 LWHERSSH
RKENET TR S EILERES: 2] )75 (Su-

® 4 ZHRERUREFEME

Tab. 4 Confusion matrix of binary classification

T &5 SRR E bR
T A TP FP
TR AR FN TN

= 5 NEGERLER M REXTLE
Tab. 5 Comparison of discrimination performance of
different methods

KH 5% AERRZR (%) AT A (s)
SLCF+SVM 90.56 0.8823
SFL 90.99 4.9824
FFL 83.69 4.2189
SFFL 96.57 5.3546

b- and Full-aperture Feature Learning, SFFL)#
BT A < 1) 77 (Sub-Look Cross-correla-
tion Feature+Support Vector Machine, SLCF+
SVM). THARFIER ¥ 2] J7 % (Sub-aperture
Feature Learning, SFL). AfLAR%HIES 2] ik
(Full-aperture Feature Learning, FFL) %] Lk &5
R, gt R R, AU FLARRHIE E A
&SRR LB AP 25 R . 5 SFLITVEM
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Tab. 6 Confusion matrix of different methods

ik TGS R RBIEE RN R RSB R bR A
TR A . 70 20
SLCF+SVM
T A1 2 141
TR A . 68 17
SFL
T A1 4 144
TR A 69 35
FFL
T A1 3 126
TR A 69 5
SFFL
TR AR 3 156

O Z ik fH bx

(b) FFL 455
(b) Results of FFL

(a) HYMH
(a) Ground truth

e T ol O S I PN 1 B o= K
A E B AN 2 3838 KRR H AR . M 2R mT Ak B 11
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BI11(a) s, i [F R 7 FLARRRE S5 4 FLAR
ER 223818 K2 A H bR A1 B SE B AR AT PLEAT A 201 X
ﬁj\, WELL(b)Fro. X F 9% i &5 E bx,
K12tk T FFLAISFFL J7 25 T 5 AN FE A Ay i 1B
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A5 AR B AR AR E AR 13 (c) A 2 18 18 R AR
HARE13(b), HAE13(c)fhH Hbr 2 HE SR
IR AR B bR B3 () 42 B AR SCAIT 3 19 07 307 V53R
2, S Ne=3.8, c=21.
FFLMSFFL 7 ¥E7E# AR5 b e R L3
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HERI R H183.69% R P& 3180.41%, SFFLJ7 % )
FH96.57% 3 = #96.73%, %LU Rt
IE T FALRSHIETE X 2 2 838 R B Ar LR34
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(c) Results of SFFL
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Fig. 10 Comparison of FFL and SFFL results in the original image
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(a) FFL visualization results
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(b) SFFL visualization results
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Fig. 11 Comparison of FFL and SFFL visualization results using t-SNE
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Fig. 12 The elaborate explanation of the discrimination results of multichannel false-targets similar to real targets in texture
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Tab. 7 Comparison of two methods after adding defocus data (%)
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Fig. 13 An example of simulated defocus target in test set
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