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B WRROE . R =S AE Ty R E
KFRFIFF, xb ks O R i b X a LA B s
RGN g Sy — 200 o L 0 i AT 55 (Xie 45, 2016) ¢
& i fL1E 18 SAR  (Synthetic Aperture Radar)
CIRVE SN PN /= ESE S o b
H bR A I Ay — Fh 3 2848 . SAR EME i T H A%
HUHEUFNG 27 R 22 5K, RN T B A2 Y
D7 HIE N BB 200 KO R A, MELL R
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Zhang %%, 2019; Ma%%, 2018). JLf4%AE (Wang
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TR IEZ AL RE DB 2E, REE N E 45T
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VEAE B AR S RG A R H ARSI h B TR
e (Liu%s, 2016; RenZE, 2017; Redmon
Farhadi, 2018; Bochkovskiy %, 2020). J&T4d
9K B0 1) TR B2 A BRRP 22 X 28 A HEA T RRAE S I, 3
HHIABRRZE, AR T M2 M2 52 e,
REAIG T 0 i S0 A AL B R, PR 7E SAR BI&
PO B ARG E i RCR B AR TS I (Gui
0 2019; Zhang #l1 Zhang, 2019; Li%, 2021).

AR T TR B A AR R 8 I 4% 1 B A A T TR 2%
e B P B TR ASCR (Lin %, 2016;
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FIAR B AL 23 A1 50027 UG R 3 DO 2.2, 760G
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AT 55 T B B4 Mz AL RIOCR , 3SR 2 K S b
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AT EARE TR H R T A, WXTARE A
LA TR S ER . 5 —Jrim, RBGHE
A AR IO 1 R R T RE 2 1 28 U5 AR AT T
e RAAXT LA, T 5 TARH
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IR IEMG, fidke T SAR PRGBS I 1 [
AR A 00 P 28 v, e il LA 2 TRl RR T A R
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Fig. 1 SAR image object detection framework
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21 EIR—HERITRFL

AN TR T 4% 495 ) 5 i A 46 Ty X5 28 Ik B3 a0
122 (Isola®%, 2017; Choi %, 2020), A
AU T R ' 2 3 BRI R SAR B .
158 5 2 i B ES 25 8] o0 A — S0 H 5 SAR BIZ
FRAE A3 A AR B RIS, 8 JeTE RIS ) 2%
o FIE A — U E OBk (Zha 55, 2017) K
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Fig. 2 Knowledge transfer network
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TS L AFAE 43 A B AL T 28 SR UG ) A U AR
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L, = Epp“wm(log(l - Dm(G(x)))) +
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X FAREREAS A T SR AR T S o P 1 ) A

UL TR B 2 2] H AR R I BA I W] 4y ok PR
BBt (one—stage) HFrAs Il AP FY Bt (two—stage)
EIARASIN o BB B A A 00 B0 72 2 i Tl 5 g B
B, R T W EIBCRAE, B B bR 2R S
[ U5 1 Sk B AR b B, X 4% T 42 U PRI v J
R DX 35118 28 500 07 B AR AR . AR H bR UK
FEmEAR, HE e, AR A4S YOLOVI
(Redmon%%, 2016), YOLOv2 (Redmon 1 Farhadi,
2017), YOLOv3 (Redmon il Farhadi, 2018), SSD
(Liu%, 2016) %, Wik Bt B br I 5L 3T
e I BEvL et KR IR A i — &
B0 oy i e DX, 3 IO 4% 4 R 3 X 3 174
I, TR R HE A 5 AIE 6 A 4328 19X 45 R 5 00 A [=]
IH P28 AT 3 A H AR A7, T4 i J&1 45 ek
D X R A 2 A AR A . SRR AR AT
DU B v, FUR RS, e LA R SR
TRk, RSB R-CNN  (Girshick 25, 2014) .
Fast R-CNN (Girshick, 2015)., Faster R-CNN (Ren
5, 2017) G5, TREARRIUEEHA R, AR SCHR R
PG A= B vk AT AT ET 3 E ARAS I o) £
AU B s A 2 T A

AR YOLOV3AE A SAR G ARAS I 1) 26
(F LA ) . YOLOV3 i F—For i 8+ M 4%
Darknet—53 FH T EURFRAESR I, % 0465 15 56 T IR
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2016) (AT, 7EER 25 450 T Shorteut
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i SR

K3 SENI1-2#¥E4ERER 5 %0
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Connections (He %, 2016) Ki%E#E5k 2450 Y
ANTRJZ L DT AT 5410 ) % J2 9 28 v i) efs J88 3/ i )
B, YOLOV3VE N BT B (one—stage) H BRI R
25, I AU I 2 SR 1Y) B R T R A R
FiJE . YOLOV3 R 2 JUEAFIE RIS AR, 78314
(6] RUBEHRAE ] 4R BURAE (0 T B TN R R AR i
HE R O AR RN O HE , Read A []
ReFERR, B YOLOV3 FEAS R RE A H A
R v e AL AT

4 GRG0

4.1 HIEERLNIFE

R T BEAR SCHR AR, AR AE 4
B Lk 7505, 432 SEN1-2 (Schmitt 5,
2018) (3451, 247), DIOR (Li%%, 2020) (K4
¥ 147), SSDD (Li%:, 2017) (KI5%5147), AIR-
SARShip-1.0 (FME %5, 2019) (K645 147). %K
WA TEAME B3 1, Hrph X T SEN1-2 £ 4k
A1 75 282384 Xt 5 X I 5 R e 2k E R R 5 SAR
FI%, BEHLPEIE T 2047 XH7E A HIRE R [ 25 1
Y4k . DIOR B dE et orid RIS Bl 48,
20250, AE S A IS0 Y UG B ATL PR E T
876 ik . SSDD ##i4E A1 1160 5K %, K431l Zk
BRI 4E (9 9K 7+ 3. AIR-SARShip—1.0 %k
PEAE AL 31 0E 3000x3000 A9 AP, S50 Hoks H g%
W 28 T SR ER BT Ry B A AL B AR /N RT ES, l
SNSRI LB 7« 3,0

Fig. 3 Example of the SEN1-2 dataset and simulated image samples generated by the knowledge transfer network in this paper
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Fig. 4 DIOR optical image examples and pseudo—SAR image samples generated by the knowledge transfer network
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Fig. 5 Detection results of different methods on the SSDD test set examples
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Fig. 6 Detection results of different methods on the Air—Sar—Ship1.0 test set examples
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25 2401K% .

4.2 EMiERR
H br A 0 P 5E A F- 127 7 32 AP (Average

precision) AT &
I

AP = >(r,.,

- ru )pimerp (ru +1 ) (9)
;)
L, e (7 ) THE I AR PR
pi“mp(r,, . 1) = max max p(7) (10)

A, p(IARERAEA RN i R ERG R



476 National Remote Sensing Bulletin i & 54k 2024, 28(2)

&1 HIEEFHEER
Tablel Datasets details

EICIIE 21 SEN1-2 DIOR SSDD AIR-SARShip-1.0
Ky JerE B, SAR S i Ik SAR SAR
B A B B N N x x
A 0 7 B x N N N
S5 Sentinel-1, Sentinel-2 Google Earth RadarSat—2, TerraSAR-X #/l Sentinel-1 TS TIA
IIHER 10m 0.5—30m 1—15m 1m/3m
SAcE 282384 Xif 23463 3k 1160 7 31k
FE R 256256 800%800 500x500 3000x3000

F2 LWIBITIME

Table 2 Runtime environment of our experiment

Sl IEE A1
CPU Inter(R) Core(TM) i7-8700
R GeForce GTX 2080Ti
WAF 8G
BAERSE Ubuntu18.04
IRIE S S HESE Pytorch
CUDA fifiA 10.1
cuDNN A 6.7
AR TE = Python3.6

HERA R P A 13 y BT XNTT
TP

P=psrp an
TP
Y= TP+ FN (12)

A, TPACAGIN S5 R o IEAEA B LS N IERE
AR TINAE R, FPACERAR IS R oy IERE A (H
SEAEL A SRS B PO ARE e, PN AR AR5 2R
GUREAE ELSL R R TEARAS A T AHE

F1 20 B0 X R R A 0] 3 5 A2, 24
iﬁ:ﬂ‘:’:

P Xy
X 13
P+’y ( )

FLERE T UERS A8 R IOLR, 24 PG
FF, USRS S R H BT

43 KB

e 3AT7 PPN AR SCOT I A R, AR
YA RNE PR, R AL 19 265 rp 451 2k ok B0 25
VAT, ARSI 0 45 A RPN

4.3.1 HEREEGELEEN
w3 Fras, HbrkzI R 2 a2k 58 N

F1=2

SSDD i 4k . A SCHIPRIE RS M 2% A= il ) AU IR 15
(455 247) B, RBCRETH RO
70% 1) SSDD K4 4 B . AR SCRMIRIE RS 1 4%
A A AU TGN 5 FO A A 00 1 2%, AP SR I T
97.50%. i [l SSDD %4 % 1 0%, 10%, 20%,
30%, 50% W) BYE UEAT LRI USRI, AP 4350 O
64.55%, 91.14%, 94.69%, 96.21%, 96.84%, 3%
5 T A S AR o R ST I 2% v f
FPERR — B s btk , AR, FREd 5t
RIS, Az AR ALL A, 07 e A 0 o0 245
> BT R E 19 SAR BIMRRHIEAR B, $ETH R 25 9 A6
MEETT

#3 (EAAELLSISSDD Byl ZEIEMIK T R

Table3 Detection performance of the ship detection

network trained with different proportions of SSDD
1%

el Wi E % DIORER  DIORJKJEK None

70 97.50 96.12 95.52 95.69
50 96.84 95.33 95.37 94.82
30 96.21 93.92 94.89 91.50
20 94.69 93.60 93.29 86.74
10 91.14 90.39 90.29 68.53
0 64.55 49.84 41.00 —

T I AN A SO A s 2R

HT T2 SR A% 9 45 T A B A 4L PR A
FRFIE -5 62 UG B e o 1 vy J 2 TR AR
AR A DIOR H4 46 bt 2 1 B UG o 45 4 ik
TR BE R M8 (€3 “DIOR KFER™ %)),
PEATSZI XS b o 43 FHAS [ 9] SSDD 54 v %k
P o A SCHVISE B I 26 A i i S S, RS []
F A7 SSDD i 4 rh 84 . DIOR 5k 1 Il 25 iR
P ARG A A | S 56 448 SR R W AR S A i AL A



R A 2 P AS 9 SAR AL AGL 477

A5 B RO PG 8 8 1) R B TR BB AN BAT
AORAPE K SE R RE 8 A 504 TS 22 Y H AR A il
Bz ACPERE o R E U R, AR 3 RJn
—ATRISE R AT LAE Y, A AT A b Ry
SAR UG EHE SEAT IR, AR SO AR R i A L 14
BN ZRA5 2 146 DAL F T H 627 18 B IEHR AN
TR BE S b I A BB AP (5 4 5 T 14.71% F
23.55% . X WA SO A 07 i AT LUR O
PRI R AR 1 R LT RS 28 SAR EHR B, (7] i
JIT ~J A% % A 0 4SS Y B35 F T SAR P15 B0AY A A
LalllS

R VPA A SCHR I 90 2 A6 Jl i 152 400 R TR
ARV ECE AR XA I 45 R4 T A R, i SSD
(LiuZt, 2016), Faster R-CNN (RenZE, 2017) 4F
H HiAC A AT A ASI 9 28 75 SSDD il ATR-SARShip-
LO P ECHE 4R b AR I 25 SR e AT XS e . P2 H
FRAEII 2% > YOLOvV3, Faster R-CNN [}, i A BY
AIR-SARShip-1.0 #4851 24 500%5005 4 HAr ks
I RA2% Sy SSD I, i AR R 2 512%512,

4l SSDD Kt Il 2k H AR k9 2% SSD,
Faster R-CNN LA & Dense Faster R-CNN  (Jiao %%,
2018) . At T5 #3553 58 1 70% H) SSDD i 4
HHE A ATR-SARShip—1.0 545 4 40408 78 4 111 25 %
i, IR 30% AR DI AR . S22y
R, TEAN TR H AR M 28 v, 7R SCAE R AR
PR AL A T AR LA B iR i AR 3
TR IT RS 0 45 2E 1 AR DLIE 1 5 SAR TR BB AT L
AR RRAE 20 A1, E ARG I [0 28 1T 2L 27 ) 3] B
R A SAR IRARAFAE, MTTER T H ARSI AR

R4 (ERTREEHEEZALARAR T 2 B 46 T 45 R
Table 4 Detection performance of different ship detection

networks trained with different datasets

1%
Kl D7 iR /IR S LIRS F1
SSD 80.70 7113 75.60
YOLOV3 97.60  89.63  93.45
SSDD Faster R—-CNN 9290  70.80  80.40

Dense Faster R-CNN  96.70 83.40 89.60

AR5k 98.87  90.67  94.59
SSD 85.49 7441 79.57
Air-Sar— YOLOv3 9027  74.71 81.76
Ship1.0 Faster R—~CNN 83.11 7257 7746
AR5k 95.09 89.59 92.26
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Table 5 Detection performance of the ship detection net-
work trained with simulated images the knowledge trans-

fer network uses different loss functions generated

Ligonsy Lyt AP
X X 47.39%
J x 58.17%
x N 61.55%
N N 64.55%
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Fig. 7 CNN features similarity between pseudo—SAR image
and SAR image

4.3.3  ARARARW M 4& B RN

Pl 8 Sk fifi FH SSDD % 4f 48 v 70% 11 1A% LA K
DIOR %k #5 45 7E b Il 5 % 48, fd H 30% (9 SSDD
BOPE 4 v B VE S 5 B BE BT A5 19 P-R Ol 28

(Precision—Recall Curve) . TEAS SCHITPIEFS X 4% rh
fdE G A —BA: e Hepi 2, fEAEHL, WL R
BRI EMBE NIRRT, RIS R As 2 18
R R TRIER R , ISR XA A R
() SAR FRAERY A I BE T, 3 R AR I B R 5
2 8 R MR IR 1Y 22 8E il A= A R P 5 T
JNAZE SAR B . R, A SCA: B RS RS A
YN s T LIS in s A 0 1 2 22 ) 3] B8 3 ]
T SAR KRS HEL, HEMIETH 28 AR SOCR

10—
09} w
0.8
%
ﬁm
0.6
0.5
04 ' i + .
0 02 04 0.6 0.8 1.0
AE%
— Faste R-CNN — SSD — YOLOvV3

I8 ANl 1o 2 b A I 25 R 1 P-R il 2k
Fig. 8 The P-R curve of detection performance on different

detection networks

5 %5 ®©

AR SO —Fh LT AR AR AR RS 1Y SAR iR
My EARRIIAESS . FEIZMEQR T, EedE—H
PUE R 2%, i ik 4 0 A AE 28— S04 ot B i
0o E SRR FURRAE L R R B R AT,
A5 SAR UG RHIE 23 A1 AH DL EL 5 A b T 1) 6 2 8
TR MG 23 8] 43 AT — S A BP0 45 . )R sk s [ 45
YR EHFRR I 45, LIRS IE T SAR BRI
HARR IR . FEAFFEHRAE 1 Se i 45 3R,
1E H A D B A PR Y SAR BIR SN T
ATy 1k A RS G, AT DA iz At
REAC U 0 AR KGN ASE TR, X 52 28 R85 vp G H BRAS:
IR TR B IS o 5 2 T AR 4k S 424 i A=
B MG R i SAR R F, LIRS AL K/ H
i SAR G H ) H BRI 4 %

2 2% 3Lk (References)

Beltramonte T, Braca P, Bisceglie M D, Simone A D, Galdi C, Iodice



R A 2 P AS 9 SAR AL AGL 479

A, Millefiori L M, Riccio D and Willett P. 2020. Simulation-based
feasibility analysis of ship detection using GNSS-R delay-Dop-
pler maps. IEEE Journal of Selected Topics in Applied Earth Ob-
servations and Remote Sensing, 13: 1385-1399 [DOI: 10.1109/
jstars.2020.2970221]

Bochkovskiy A, Wang C Y and Liao H' Y M. 2020. YOLOv4: optimal
speed and accuracy of object detection. arXiv preprint arXiv:
2004.10934 [DOI: 10.48550/arXiv.2004.10934]

Choi Y, Uh Y, Yoo J and Ha J W. 2020. StarGAN v2: diverse image
synthesis for multiple domains//2020 IEEE/CVF Conference on
Computer Vision and Pattern Recognition. Seattle: IEEE: 8185-
8194 [DOI: 10.1109/cvpr42600.2020.00821]

Demars C D, Roggemann M C and Havens T C. 2015. Multispectral
detection and tracking of multiple moving targets in cluttered ur-
ban environments. Optical Engineering, 54(12): 123106 [DOL: 10.
1117/1.0e.54.12.123106]

Girshick R. 2015. Fast R-CNN//2015 IEEE International Conference
on Computer Vision (ICCV). Santiago: IEEE: 1440-1448 [DOI:
10.1109/iccv.2015.169]

Girshick R, Donahue J, Darrell T and Malik J. 2014. Rich feature hier-
archies for accurate object detection and semantic segmentation//
2014 IEEE Conference on Computer Vision and Pattern Recogni-
tion. Columbus: IEEE: 580-587 [DOI: 10.1109/CVPR.2014.81]

Gui Y C, Li X H and Xue L. 2019. A multilayer fusion light-head de-
tector for SAR ship detection. Sensors, 19(5): 1124 [DOI: 10.3390/s
19051124]

He K M, Zhang X Y, Ren S Q and Sun J. 2016. Deep residual learning
for image recognition//2016 IEEE Conference on Computer Vi-
sion and Pattern Recognition (CVPR). Las Vegas: IEEE: 770-778
[DOI: 10.1109/cvpr.2016.90]

Isola P, Zhu J Y, Zhou T H and Efros A A. 2017. Image-to-image trans-
lation with conditional adversarial networks//2017 IEEE Confer-
ence on Computer Vision and Pattern Recognition. Hawaii: IEEE:
5967-5976 [DOI: 10.1109/cvpr.2017.632]

Jiao J, Zhang Y, Sun H, Yang X, Gao X, Hong W, Fu K and Sun X.
2018. A densely connected end-to-end neural network for multi-
scale and multiscene SAR ship detection. IEEE Access, 6: 20881-
20892 [DOI: 10.1109/access.2018.2825376]

LiJJ,JingM M, Lu K, Zhu L, Yang Y and Huang Z. 2019. Alleviating
feature confusion for generative zero-shot learning//27th ACM In-
ternational Conference on Multimedia. Nice: Association for
Computing Machinery: 1587-1595 [DOI: 10.1145/3343031.3350901]

LiJ W, Qu C W and Shao J Q. 2017. Ship detection in SAR images
based on an improved faster R-CNN//2017 SAR in Big Data Era:
Models, Methods and Applications (BIGSARDATA). Beijing:
IEEE: 1-6 [DOI: 10.1109/bigsardata.2017.8124934]

Li K, Wan G, Cheng G, Meng L Q and Han J W. 2020. Object detec-
tion in optical remote sensing images: a survey and a new bench-
mark. ISPRS Journal of Photogrammetry and Remote Sensing,
159:296-307 [DOL: 10.1016/j.isprsjprs.2019.11.023]

LiZ L, Wang LY, Jiang S, Wu Y H and Zhang Q J. 2021. On orbit ex-
traction method of ship target in SAR images based on ultra-light-

weight network. National Remote Sensing Bulletin, 25(3): 765-
775 (A, TERE T, N, SRFAT, TKRIKH . 2021. MR 4%
1) SAR FEIE AR A H b5 76 BUER . 38 B 2= 4, 25(3): 765-775)
[DOTI: 10.11834/jrs.20210160]

Liu W, Anguelov D, Erhan D, Szegedy C, Reed S, Fu CY and Berg A
C. 2016. SSD: single shot MultiBox detector//14th European Con-
ference on Computer Vision. Amsterdam: Springer: 21-37 [DOI:
10.1007/978-3-319-46448-0_2]

Ma W, Chen D K, Yang N and Ma C. 2018. Time-series approach to es-
timate the soil moisture of a subsidence area by using dual polari-
metric radar data. Journal of Remote Sensing, 22(3): 521-534 (&
J, BB, A8, o 2018, IR XU b SAR JTRILKE X 12
KA B EEEAR, 22(3): 521-534) [DOI: 10.11834/jrs.20187259]

Pan S J and Yang Q. 2010. A survey on transfer learning. IEEE Trans-
actions on Knowledge and Data Engineering, 22(10): 1345-1359
[DOL: 10.1109/tkde.2009.191]

Redmon J, Divvala S, Girshick R and Farhadi A. 2016. You only look
once: unified, real-time object detection/Computer Vision and
Pattern Recognition. Las Vegas: IEEE: 779-788 [DOI: 10.1109/
CVPR.2016.91]

Redmon J and Farhadi A. 2017. YOLO9000: better, faster, stronger//
Computer Vision and Pattern Recognition. Honolulu: IEEE: 6517-
6525 [DOI: 10.1109/CVPR.2017.690]

Redmon J and Farhadi A. 2018. YOLOV3: an incremental improvement.
arXiv preprint arXiv: 1804.02767 [DOI: 10.48550/arXiv.1804.02767]

Ren S Q, He K M, Girshick R and Sun J. 2017. Faster R-CNN: to-
wards real-time object detection with region proposal networks.
IEEE Transactions on Pattern Analysis and Machine Intelligence,
39(6): 1137-1149 [DOI: 10.1109/tpami.2016.2577031]

Schmitt M, Hughes L H and Zhu X X. 2018. The SEN1-2 dataset for
deep learning in SAR-optical data fusion. ISPRS Annals of the
Photogrammetry, Remote Sensing and Spatial Information Scienc-
es, IV-1: 141-146 [DOI: 10.5194/isprs-annals-IV-1-141-2018]

Sun X, Wang Z R, Sun Y R, Diao W H, Zhang Y and Fu K. 2019. AIR-
SARShip-1.0: high-resolution SAR ship detection dataset. Journal
of Radars, 8(6): 852-862 (FM, ‘L& %, #hoC%, - S0, 5KER,
{3 . 2019. AIR-SARShip-1.0: = 43 HF #& SAR ML s A6 0 % 45
4TIk, 8(6): 852-862) [DOI: 10.12000/JR19097]

Taigman Y, Polyak A and Wolf L. 2017. Unsupervised cross-domain
image generation//5th International Conference on Learning Rep-
resentations. Toulon: OpenReview.net

Wang C, Zhang H, Wu F, Jiang S F, Zhang B and Tang Y X. 2014. A
novel hierarchical ship classifier for COSMO-SkyMed SAR data.
IEEE Geoscience and Remote Sensing Letters, 11(2): 484-488
[DOTI: 10.1109/1grs.2013.2268875]

Wang Y H and Liu H W. 2015. PolSAR ship detection based on super-
pixel-level scattering mechanism distribution features. IEEE Geo-
science and Remote Sensing Letters, 12(8): 1780-1784 [DOI: 10.
1109/1grs.2015.2425873]

Xie XY, Xu Q Z and Hu L. 2016. Fast ship detection from optical sat-
ellite images based on ship distribution probability analysis//4th

International Workshop on Earth Observation and Remote Sens-



480 National Remote Sensing Bulletin i & 54k 2024, 28(2)

ing Applications (EORSA). Guangzhou: IEEE: 97-101. [DOI: 10. SAR 1% CFAR £ . 3% & *# #it, 23(3): 443-455) [DOL: 10.
1109/e0rsa.2016.7552774] 11834/jrs.20197431]

Xu F and Liu J H. 2016. Ship detection and extraction using visual sa- Zhang T W and Zhang X L. 2019. High-speed ship detection in SAR
liency and histogram of oriented gradient. Optoelectronics Let- images based on a grid convolutional neural network. Remote
ters, 12(6): 473-477 [DOI: 10.1007/s11801-016-6179-y] Sensing, 11(10): 1206 [DOTI: 10.3390/rs11101206]

Zhang J F, Zhang P, Wang M C and Liu T. 2019. CFAR detection meth- Zhu J Y, Park T, Isola P and Efros A A. 2017. Unpaired image-to-im-
od of polarimetric SAR imagery based on whitening filter under age translation using cycle-consistent adversarial networks//2017
G, distribution. Journal of Remote Sensing, 23(3): 443-455 (k5 IEEE International Conference on Computer Vision. Venice:
U, SRS, EIER, K. 2019, G, A R T A IS IE M AL IEEE: 2242-2251 [DOI: 10.1109/iccv.2017.244]

SAR ship detection through generative knowledge transfer

LOU Xin,WANG Han,LU Hao,ZHANG Wenchi

1. Beijing Forestry University, Beijing 100083, China;
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National Forestry and Grassland Administration, Beijing 100083, China

Abstract: To address data acquisition and labeling data in the training process of SAR ship-detection network based on deep convolutional
neural network, we propose a SAR ship-detection framework via generative knowledge transfer of a knowledge transfer network for SAR
image generation and a SAR ship-detection network. The knowledge transfer network consists of three parts: a cycle consistency GAN to
synthesize virtual features which have spatial distribution of optical image domain and feature distribution of SAR image domain as well;
We further use an identity loss to encourage pseudo-SAR images generated by the knowledge transfer networks to have more of the intrinsic
features of SAR images. To alleviate the SAR feature confusion issue, we introduce a feature boundary decision loss to maximize the
decision boundary of real SAR features and the pseudo ones. Therefore The knowledge transfer network generates pseudo-SAR images
consistent with the spatial distribution of labeled optical remote-sensing images and has a feature distribution similar to those of SAR
images. Our proposed method is evaluated from three aspects: (1) The evaluation on the generated pseudo-SAR images. When the object
detection network is trained on 70% of SSDD and the pseudo-SAR images, The remaining 30% of SSDD is test set, the AP can reaches
97.50%. As for 0%, 10%, 20%, 30%, and 50% of SSDD, the AP is 64.55%, 91.14%, 94.69%, 96.21%, and 96.84%, respectively. When there
is no real SAR images involved in the training process, Ap can still reach 64.55%. (2) Ablation study on loss functions. On the basis of using
cycle consistency loss in knowledge transfer network, the best performance comes when applying both the identity loss and the feature
boundary decision loss, the AP reaches 64.55%. (3) The evaluation on the ship detection network. The generated pseudo-SAR images in this
paper are used in the training process of SSD, Faster R-CNN and YOLOV3 detection networks, which can increase the object detection
network to learn more parameters suitable for SAR images, thus improving the detection effect of the network. Experiments in the above
three aspects prove the effectiveness of the proposed method.

Key words: SAR, object detection, deep learning, image generation, generative adversarial networks
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