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Fig.1 SAR imageobjectdetection framework
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Fig.2 Knowledge transfer network
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Fig.3Line 1is the optical remote sensing imagamplesn SEN1L2, line 2is the SAR imagesamples in SEN12, line 3is the
simulated imagsample of line 1generated byhe knowledge transfer network
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Fig.4 Line 1is DIOR optical imagesample, Line 2is the simulated imagesample of line 1 generatedy the knowledge
transfer network

5 SSDD o~ 2 4w, g YOLOv3 N 3 wag A
Fig.5 Exampleson SSDDtestset,line 1 is ground truthline 2 is the detectiomesuls of only usng YOLOV3, line 3 is the
detectionresuts of usingour method.
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Fig.6 Selected examples Air-SarShipl.0 test setine 1 is ground truthjine 2 is the detectionmesultsof only usng
YOLOVS, line 3 is the detection reswdof usingour method.

1 el
Tablel Datasstdetails

SEN1-2 DIOR SSDD AIR-SARShip1.0
1) * SAR & SAR SAR
a a X x
x a a a
Sentinetl, Sentinei2 Google Earth RadarSa%;]eﬁrrr]aeffRX Ngz ™ A
Ne 10 0.5 -30 1 -15 1 /3
282384 23463 1160 31
E 256X256 800800 5005500 3000x3000
4 t No v & "Eb SAR 'E 2
2047 b ADIOR
4.1 4 Q E T 20a@ j-g“
) £  ET 2, 876 ASSDD
R k4 ho4de © 1160 E 7Ne b
2020( 4 1 Y SSDD(Li ~ 2017)( B 7 Ne
5 1 ) AIR-SARShip-1.0( - 5w T 3A
2017)( 6 1 YA H

1AT T & SENI2 Y7 282384



DM X1 A~ N @ SAR 5 4
2 E” EA
Table2 Runtime environment of our experiment 431 e :
# P )
CPU Inter(R) Core(TM) i7-8700 ] [ A -
GeForce GTX 2080T
- O e 4 SSDD a
b Ubuntu18.04 "E( 4 2 ) T
3 Pytorch " Aa 70% SSDD T
CUDA 10.1 “ E
cuDNN 6.7 a R
Python3.6 " AP [ 3 9750%A g  SSDD
T 0% 10% 20% 30% 50%
) a " AP NeZ w 64.55% 91.14% 94.69%
Adamm n. = A 5w 0.0002 96.21% 96.84% G A
"ooq 200 © P T &b U Ta W -
Nez w 10 0.5 0.5A a YOLOv3 - _ - "E
ImageNet 3t ) a a 3 vy SAR E H
Adamm n ~ A 3 4 0.01 " A z A
W 0.9 w 0.0005 1§ 240 A G E
b ® E
42 s A a DIOR TO E
| -
a %0 (AP Average b u . ( [ A
. . I DIOR L) A Nez a
precision)
b p SSDD T a
1 E b p SSDD T
AP = a (fhsa 'rn)pinterp(rni) 9 a DIOR )
r=0 E' (:}‘) E
T P ) " =P :
10 1 . A #
r,1) = max ma . M -
ﬂnterp( nrl) Fr2roy P T (10 i C ! [ A W
i TT p(Hn e 7 % A ) Yy ¥ ba kv SAR
%o ° E N E . . E
[ G ® E
TP vt x
%o R (11) E: 3 AP v No# v 1471 %
P 23.55%A a YOO
:m (12 ‘E T SAR "E ° a
3 ¢ SAR 'E
. A
I T TPYH Y f VoY
* FPAq Y p 36 ald R SSDD
A “ FNA Y Table3 Detection performance of the ship detectian ne
p V oy A work trained withdifferent proportions of SSDD
lFl No %o ° B "E DIOR ‘E DIOR None
y
F1=92 5 %0 3o (13) 70% 97.50%  96.12%  95.52% 95.69%
%o +o
50% 96.84% 95.33% 95.37% 94.82%
F1 2 %o 9 N F1
<y A 30% 96.21%  93.92% 94.89% 91.50%
20% 94.69%  93.60% 93.29% 86.74%
4.3 1
. 10% 91.14% 90.39% 90.29% 68.53%
Lt 3 E







