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3 SEATRS

3.1 LIRSS

KH NWPU VHR-10 %445 4E  (Cheng 4%, 2016)
FISSDD A (SuZe, 2020) oA FTHR A0 55 W Bt
Sy E DTk . Heoh, NWPU VHR-10 Bdfs # 4t 4u
800 sk MR, LG 10285, BIRAIL .
Bexkdy . HbE AR . ER . L MEkY . i
WL AEhRE . DRk AT R . SSDD s A AL
1160 7K SAR & R KGR, i 2 Mk r . 25U

T MGWI-Net (Chen%, 2023), W% 47852
B R P R H IR 7 ¢ 3 A LB AL 43 B VI 2 4R A
R BAh, B FRHhRZUAFE MPD-WSIS—Net [
M A, I B G R IR%

3.2 LWiEE

S 6 B 2 b B AR A Intel Xeon Gold 6226R
CPU@2.90 GHz I} JIlk %5 #% , GPU iy NVIDIA Tesla
V100, BT M%) ResNet (He%F, 2016) NAE
ImageNet |- T 1)Il 25 i) ResNet—101, AW 55 B9 X} kb
SE G AE SCHR (Chen 55, 2023) . MR 3l
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0.9, BETEM N 1E-4, AT 1258000145, Htak
FER/NEE R 4, FEmlF 2] R E N 2.5E-3,
QAN 11 FE S 2 2] Ry Hpa > 1045 . % 5 1%
TG R H AR A RS2 fede kK, e Uk By B S
A BEMG 1) 56 1 BEHLI 4% 24 600, 700, 800, 900 Al
1000 Ml , Kl —i& B M 1333, LRIkl —
O 24 5 L SE AR L B9 3B 5 X 5 MGWI-Net
(Chen %, 2023) #H[F, B WEN0.3; BE
DX i FRAE PRSP A 40 LB 152 R 55 H L
7 ' 5 56 24 o v Y o A R R XK S, Y AR
d,, BEE AN N B FHE R A 4y 22—
ABIFFEAE T UL SAR 8 B G S i 42 |
TTT 2 S8, DL3S 2 50 F A 42 H 19 MPD-
WSIS-Net. HAKMIF, SE5 53 A%t L 52 50 A il
SH PR Ay o FEXTHSCEG U, B Sk MPD-
WSTS—Net -5 HoAth 56 F 114 55 W S 49143 %10 7 ik ik 47
P, BT FIROR . AbH RS g
Jrif 225, LR IRy i AR YERE . 155,
AW 58 14 4 MPD-WSIS-Net 5 5 1 B AS 5 /&5 A TR
A W A W B I S A9 oy R T vk AT H R, DA
— 25U B 7 VR A SE B 4 7 T (R D o AE T Al
SEE T, ASHFSE X MPD-WSIS—Net H1 4T 55 #i1 [&]
PGPS 1 S50 (5 B EEAT T B4 A0 T T T
DA 5% 3 0 21 {1 7 3 SRR LR S 061 43 BT 55 b i) o

Wk AN, ABFEIE X MPD-WSIS—Net H 56 5 1Y
SHGAT T IHATFE, DA #2500 52 143
EIRS BE B R
3.3 EMIERR

AHFSE R H UL A MS COCO (Lin %5, 2014)
TEMH8 506 627 I SAR 22 J% RG9S 491 43 81 s
PEATPEAL , AL AP, AP, AP, AP,. AP,
FUAP,, H AP, AP, FIl AP, 43 51 M &1 % 70 H A%
S5 H AR AR H AR 73 5 B I PE M Fe bR o Ah,
AR TR IEHAE T HEA A FPS (Frames Per Second )
MBHEEN,,, LA T S AL P RE

34 5EEBFHHEHXILLLE

341 55HEEFEMNXESRE

1 T 35 9F MPD-WSIS—Net 7F 1% J8 &% 52 151 43
FESS ERRCR, B H 5 2 R 58 B S 43 F1 7
DT XL, U P S 2 R A an R 1 R
K16 ir7n o AHIFFEBE Y B X0 B 1 55 W B S 451
H) )5 4 45 BoxInst (Tian 45, 2021) . DiscoBox
(Lan %, 2021). DBIN (Li%%, 2022) AIMGWI-
Net (Chen %, 2023). {HEEMNE, HEHIAR
SCARYE KA T8 Y 5 T RFSE, X DBIN A
38 O A B AL AR T R

x1 5HUEFEVHENEELHRER

Table 1 Quantitative experimental results comparing with weakly supervised methods

bUEITE S Tk AP/% AP, /% AP /% AP /% AP, /% AP, /% FPS/N |
BoxInst 47.6 78.9 49.0 33.8 43.9 55.5 10.6
DiscoBox 46.2 79.7 47.4 29.4 42.9 57.1 11.0
NWPU VHR-10 DBIN 48.3 80.2 50.5 34.5 46.1 57.0 10.1
MGWI-Net 51.6 81.3 533 37.6 48.2 59.1 10.4
MPD-WSIS-Net 52.5 81.9 54.6 38.0 48.9 60.3 10.7
BoxInst 49.9 90.1 52.7 50.6 523 — 53.5
DiscoBox 48.4 90.2 50.4 472 50.6 — 65.0
SSDD DBIN 50.6 91.7 52.8 513 52.0 — 55.6
MGWI-Net 53.0 92.4 57.1 53.7 54.9 — 53.7
MPD-WSIS-Net 54.1 92.7 58.9 55.2 56.5 — 53.6

T T SSDD B 4E Fp AR H AR 8D, S8 AP, $EAR A BRI BIALYE , SIS 208 b AIRE AL B —" 30

W1, 76 NWPU VHR-10 3¢ 45 4 I,
MPD-WSIS—Net A bt T HAth 55 W 52491 5351 75 1 g
b U — 2 9 43 I3 o 78 7% Lo A 80 ik
t, BoxInst, DBIN Fll MGWI-Net H fE1E i A 4 1

R o SN RS N P = e 17 B e R B
Rl OF L R DS N vev i Wi U ok 11 L 1 D A
ESCRAH T MPD-WSIS-Net ;2% ; DiscoBox 1 i
WA AT 55l B i Oy kA 7 55 W B Sl o 1, 0y
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IRAE A 18 IR EG L  23 H8CR A LG T BoxInst 55
FIH s (5 B0 A E—E W22, 5 —Jr i,
153 45 F F AT 55 UL AN 1 B2 X 5B 56 05 B 4
A, MPD-WSIS—Net 7 SSDD 54k 5 b (1) 1L
A Ll T A L T 55 1B 32 ) 43 31 5 A B 4y
AP{E Lt BoxInst = 4.2, 104, 14500 L2
BBAMIC SR T4 LA B B, R i T

IS EGE . VAN, MPD-WSIS—Net 7 4bHf
AN S H iy A AR S B KO . S5
W 5% BT B Se 56 5 BUIK S R & AT 1, MPD-
WSIS—Net g 1% AT 55 FEE P54~ 5 T 6 e 56 15 B
AT e 4 HAA B2 8 AR, I RE g X2
FISAR 328 % [R5 S PR KL 4 S 451 4 B3R

i : f",

=

s =

1 i i
[

(a) BoxInst 7

(a) BoxInst method

(b) DiscoBox 7=
(b) DiscoBox method

(c) DBIN J7 i
(¢) DBIN method

(e) MPD-WSIS—-Net J7 1
(e) MPD-WSIS-Net
method

(d) MGWI-Net J5i%
(d) MGWI-Net method

Bl6 EPEICHLE A (G —1T A5 4705k A NWPU VHR-10 Fl SSDD %4l 4E )
Fig. 6  Qualitative experimental results (The first and second rows are from the NWPU VHR-10 and SSDD datasets, respectively)

6 H 7R T NWPU VHR-10 £ SSDD %4 4% 52
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A TF R H B9 55 W5 B 7 3% BoxInst, DiscoBox
DBIN FIMGWI-Net /)53 FI0CH%, K6 (e) i MPD-
WSIS—Net [ 70 FI %R . 1528 T4 1 19 SE 50 £ 8 0K
AR, MPD-WSIS—Net 4% T H A% [ B 55 Wi
S 43 7 vk e 4 S BRI O R 1 240 T A AR
I A A RE USRS B b B 25 H bR, R IR B Y
RATENFIE A E PG . BARAUL, 78 AH R A bR 2
HIVERA N, MPD-WSIS-Net AEf% ELA B 41t 735
PERE
342 S5RAEEBMEMERENIEEIE

R 1 55 W B S Ay T ik 2 A, et TR
A W A4 B 0 S N s, T S ARG
$2& 1 MPD-WSIS—Net #F 17 4= 11 o X [b, @ & Al
EVESLISE R M WE 2 fK 7, K8, Hd, i’
B W B S AT 43 ) R 55 W B O YR RN A B ik
ZI T, HEREAE —H 2, &
B S 430 5 vk A U 2R ) A5 3 R R L
R, 100%, FERERMA fem, & H Ay s g s
) 53 F R N e 2 0 . R SR B4

W T ik B X HE SE S, AR B9 3% B YOLACT
(Bolya %, 2019) . Mask R-CNN (He %, 2020)
M1 CondInst (Tian %, 2020) VE M3EuE. H o,
YOLACT by HA M P /3% 77 5 Mask R—-
CNN b 8 Wiy 5245 53 %) J7 % 5 Condlnst LA FCOS H
BRI 2 Ay Sty b 2 () B 380 5 i, X 3ROk
BIEA RAFmAER M.

22 LRI R TR A MR RN A MR A 4y
#)77 AE NWPU VHR-10 504k 4 vh il 7 8 2 30,
Hrh R AHNGIAERMG R GER S . ML TEE
e F B 5 50% F175% I TR £ W S 4o 4 )
B, PR MPD-WSIS-Net fEf% DL /A T B A
PAFHEE AP, XKL T MPD-WSIS—Net
75 B B vERE . eah, M T 2B
YOLACT, MPD-WSIS-Net th &3 H T — & it 43
fit v, H AP {8 BE 1% ik B 4 W5 B Mask R-CNN 7
89.3%, FWIXFPH SEI0 5 29K 3 1) 55 W& 73 H
A BRI L E 2B k. R2 TR
T SSDD £t 4 rh iR A W B A 4 W O ik i 43 )
BRI H, MPD-WSIS-Net 1943 #] 2 Pl i
e TR R PAr 28 4 o 50% 3R A W B 52 44
SR, HAS 75% 18 3 900 B SR 19 Mask
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GARZE I F AT RIAT X SAR 32 J% &1 5 8k 4 45 52 30
RGPS FIBOR o 28 L RTiA, M TR

R-CNN Fl CondInst i . 75— 71, AHIL T2
B YOLACT, MPD-WSIS-Net #1475 2 09 i #
I H BEA% 1k 31 4> 5B Mask R—CNN 1 84.3%, 3% i) AT N B 5% (AR A W B R 4 W B S A oy O
B T BT 42 1) MPD-WSIS—Net 16 A4 #i 5 53 1915 % MPD-WSIS-Net U B A 51 K HYTES T

R2 SRAMEMEMEFENIENEBLRER

Table 2 Quantitative experimental results of comparison with hybrid supervised and fully supervised methods

1%
bt Jrid: R, AP AP, AP, AP, AP, AP,
YOLACT 50 22.5 49.7 17.0 9.6 19.9 31.5
Mask R-CNN 50 35.5 70.8 313 24.6 34.2 39.9
Condlnst 50 34.5 734 27.6 237 34.1 359
YOLACT 75 275 54.4 27.4 12.1 25.9 34.2
NWPL VHE-10 Mask R-CNN 75 493 82.6 517 36.9 47.0 53.9
CondInst 75 49.5 85.1 50.3 359 48.6 53.7
YOLACT 100 35.6 68.4 36.4 14.8 333 56.0
Mask R—-CNN 100 58.8 86.6 65.2 47.1 57.5 62.4
Condlnst 100 58.5 90.1 62.9 29.4 56.8 713
MPD-WSIS-Net 0 52.5 81.9 54.6 38.0 48.9 60.3
YOLACT 50 28.6 76.7 9.0 32.1 34.2 —
Mask R-CNN 50 39.3 86.2 28.0 42.7 44.4 —
Condlnst 50 38.4 87.4 28.6 413 43.8 —
YOLACT 75 39.0 79.9 325 40.3 45.5 —
- Mask R-CNN 75 54.6 90.2 63.0 56.6 57.1 —
CondInst 75 54.1 93.0 59.6 54.6 56.8 —
YOLACT 100 44.6 86.6 41.0 453 48.5 —
Mask R-CNN 100 64.2 94.9 80.1 62.0 64.7 —
CondInst 100 63.0 95.9 78.4 63.7 63.6 —
MPD-WSIS-Net 0 54.1 92.7 58.9 55.2 56.5 —

T T SSDD Bl R BARI AT D , SECAP, S8R AT BRI BILYE , BOR RS 245 bR , AR B —" 3R

(a) 25% R RBIERFRM T (b) 50% BRFEBRFEMTH (o) 15%BEPERFM TR (d) MPD-WSIS-Net J5'i:

Mask R—-CNN J5 %
(a) Mask R—-CNN method
under 25% pixel-level

annotations

K7

Mask R—CNN J5 ik
(b) Mask R-CNN method
under 50% pixel-level

annotations

from the NWPU VHR-10 and SSDD datasets, respectively)

SR B D5V PR PRSI A R (3R — 4T

Mask R-CNN 775
(c¢) Mask R—-CNN method
under 75% pixel-level

annotation conditions

(d) MPD-WSIS—Net method

A4 I3 A NWPU VHR-10 71 SSDD i 4E )

Fig. 7 Qualitative experimental results of comparison with mixed supervised methods (The first and second rows are
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(a) 2 M YOLACT J5#:  (b) Wi i Mask R-CNNJ7EE (o) A2 WBH Condlnst 771
(a) Fully supervised YOLACT (b) Fully supervised Mask (¢) Fully supervised CondInst ~ (d) MPD—WSIS—Net method
method R-CNN method method

BI85 AW Iy kot U ek S A5 5 (3 — AT ANEE A7 09Dk H NWPU VHR-10 FI SSDD ¥l 4 )
Fig. 8 Qualitative experimental results of comparison with fully supervised methods (The first and second rows are

from the NWPU VHR-10 and SSDD datasets, respectively)

Ry S A .

&7 EOWHL R T MPD-WSIS—Net 5iR 4 W T 00T $EHCE RSt Ak B wER , JCB B A a4

WS A 02 SAR B RCRAE T AV IR BURICARIING . AAIRRBE, MPD-WSIS-Net i
W, BT (). (b) I (o) A BINREGARE MG SAR SRR 1 52 14 B FEA i T4

R 25% . 50% R T5% B4y B SR TR AR, ST AR AR A 23 F Ak
W TR ZYOE R o 25% I, R RZMEEE, JE— MRS B S FT R
f) Mask R-CNN 30 71 pyd BB S, HMEM 35 s4phscis
R 2%, WA BRREREWIG I, REWE TSt 7 2% A SAR Tk [ (R HR S |-
RS R g e, (HZERIE 7 (d) Frs T RN A ST . DL 5E MPD-WSIS—Net
H MPD-WSIS-Net A LA — By 2200 . K18 Sk () 4% i 40 0 125 18 %6F o7 200 4 7 32 % R 4 52 1) 4 1
T MPD-WSIS—Net 14 Wi B X R 7E = I SAR F& T TEmh, SCss Bl k3 4, ZIET
P BB AR P B E PRSI AR, K18 (a)—  MPD-WSIS-Net Hh 1R 22 [X 43k F10F B 505 405358
(e) 33 % 42 Y B F) YOLACT, Mask R-CNNMI i — Sk 2y il 7 — 2, iR kAR i
CondInst i3 HIRCR .t T2 W E BB R P AP — B RBAN L, . ZAEAE AR
R, HFIZaC T B g FIRCR RAF . Al WA — B AR L, R ERERR TR R X o xfE
PPk 2657k, MPD-WSIS-Net ZE AR EHIF RN FERAE R

#®3 EHEERERAMGI MPD-WSIS-Net 5 25U R 1920

Table 3 Impact of task prior components on MPD-WSIS—Net segmentation effectiveness

e ey F(i) L AP/% AP, /% AP, 1% AP /% AP, /% AP, /%
gk — — 49.8 80.7 51.0 35.2 46.1 57.4
N — 50.4 81.1 51.9 35.6 46.7 58.2
NWPU VHR-10
A — N 50.7 80.9 51.4 36.2 46.5 57.8
N N 51.3 81.2 525 36.9 474 58.9
Fre24 — — 51.8 91.9 54.0 52.7 53.2 —
N — 52.3 92.0 55.8 53.3 54.1 —
SSDD
A — N 522 92.3 55.5 53.6 54.8 —
N N 532 92.5 56.7 54.1 55.3 —

Tt T SSDD Bl R BARA Kt /D, SECAP, 55T BRI B , ORI 2458 AR E]—" 3R
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x4 BEBERESEAMEXT MPD-WSIS—Net 45 £ 3058 19 220

Table 4 Impact of image prior components on MPD-WSIS—Net segmentation effectiveness

bUEITE S iz} AP AP, /% AP /% AP /% AP, /% AP, /%
sk 29.8 62.9 25.8 14.7 274 39.0
NWPU VHR-10 +Ly e 49.8 80.7 51.0 352 46.1 57.4
+L, it 52.0 81.4 53.9 37.3 48.4 59.7
Bk 38.1 88.5 21.8 39.8 42.7 —
SSDD +L, e 51.8 91.9 54.0 527 53.2 —
+L, i+l 53.5 92.4 57.8 54.3 55.9 —

g

T T SSDDEUE A Fp RS A ARt b, S8 AP $ER A BORRYBIALYE , SO IS8 0 AN B —" 30

1T 55 o I 15 B 4% 41 14 6 NWPU VHR-10 54 4%
B ARSI ZE R 3 LA TR, HIELR
g HE —H45 L) 38 52— S50 24 o 138 A B 410 Bl R 5 —
S0P 24 B L [ 8K 2h ) MPD-WSIS—Net, FH 32045 5
AJAT, BEE AR B R R EI A, MPD-
WSIS-Net /£ NWPU VHR-10 %45 £ r (1) % 9145 3]
BAARTE . 4 MPD-WSIS-Net H £, 7 HE —3 i 1%
5 — B Y SR AL PF L RR Ak R 408 3808 — Sk
ARAML,,.. B, WEEXERAE B RE A 72
4y, LA RERUE 49.8 () AP{E . 5] AR X oM
JERAE RS, MPD-WSIS—Net g i 1% 40 44 %F
A ERERE SRR AR S E 2R CE, Hit
PG 8 R R BG4 LA/ E R AR 2 — 2 1
Tt BIAH O E R ARG, MPD-WSIS-Net
B EERE L RE AR B ekt . 26 3 T i s 1 7E
SSDD i 45 45 v 1 fih 52 56 4% 51 L A A5 2 2 LY &%
W, UL 55 JC 06 15 JE 20 2 Sof 328 Jo P14 555 M 7B
11153 FIT 55 (R B A

UGS m 5 SRRl SC ez R g 4 R, H
FELE A HE—TEI 455 — B0 249 ) Bl 3K 51 ) MPD—
WSIS-Net. HHSZ50 25 Rl A, KR A it i) 21 30
B — B R4 L. 5] A ] MPD-WSIS—Net
J&, AW o IR AR AR B R IREE T, R MR
SE 50 ) U B — S50 24 A0 E AR Y 2 A 2
HEEH . g AME —-BHARAMFL)E,
MPD-WSIS—Net 75 2% Fl SAR i &k &1 45 B 5 46
19 AP R ZF SR TE T 2.2 1 1.7, 2 BH 33 ol fuff 785900 445
15 5 G I B B X S5 1 7 2, RIS 1 I 2% 45 21 3
WE A EIROR . 25 Lrid, MPD-WSIS—Net H1 1) 4%
SEI AR B AL X A B R 1 S A9 43 F M RE Y
A B sZm, fAE— R — B AR
1R XA MERE RAEREL, BRI R, 4B

SRR 8 — SO 24 SRR 2 — B0 24 o 3 [ 4 8
Je U6 15 B 9K B R 5 RE 1% 9K 3 MPD-W SIS—Net 52
Je2A RS AR 12 B P 4 19 92 51 73 TS5

dE— 2 Hh, AHFIEIE X MPD-WSIS-Net H1 3¢
RS BT IR SE, DLE i 26 2 500 9240
SRR RS . B, 2 & B AR WA e — 2
PEAHOS HARRY 7> B B B2 AR, A SO %Y
FH A S B S EOL B A AL 1 M o AT T BT 5T,
GRS, A, ASCEXBEE B R
TR PRI H AR R R B S #EAT I REAIE ST
PAFRTE R Y™ XS 73 HIRS BE RS2, SE B 25 S 0
KOFR .
RS BB B LR A SR U S E R H B SE I
Table 5 Ablation study of visual similarity thresholds in

the neighborhood visual consistency constraint

3 g7 0=0.1 =02 =03 =04 =05
NWPU VHR-10 513 52.6 525 51.7 51.1

SSDD 532 539 54.1 53.1 529

x6 BE—HUHEARTEREGHREZSHEMEE
Table 6 Ablation study of the number of scales of the

target image in the gradient consistency constraint

g S=1 S=2 S=3 S=4 S=5
NWPU VHR-10  51.0 51.8 52.8 52.7 525

SSDD 52.8 535 54.1 54.0 54.3

2R S AT, A AR M o 3 KB /0N
i, MPD-WSIS-Net 53 HIRCR #2348 22 i Xt
LBLAL 58— B SR BT BT AT A Y o BN
BEXB X 3HE S 24855, XAl Rg 8 AE T
AN AR R S A R T —2400; Yo
BRI, W0 A] G 2 {18 T[] — 28 il 148 = X )
Pk, BRI, WS ABLRE 5 o N 12 HGE e
ZEA A UG SAR 3 BB BHE M LR AR, o
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Low—Cost Fine—Grained interpretation method of remote sensing images
based on weakly supervised instance segmentation

CHEN Man,HUANG Yongjie, XU Lei,PAN Zhisong

College of Command and Control Engineering, Army Engineering University of PLA, Nanjing 210007, China

Abstract: Remote sensing image interpretation has essential application values in various fields, such as urban management, maritime
monitoring, and resource planning. As an important and challenging task in remote sensing image interpretation, instance segmentation of
remote sensing images can achieve target-level localization and pixel-level classification of objects of interest with fine granularity, making
it a current research hotspot. However, most existing remote sensing image instance segmentation methods adopt the fully supervised
paradigm and require expensive pixel-level labels. Moreover, remote sensing images often have issues such as mixed foreground and
background and complex target contours, making segmentation challenging.

To overcome these challenges, we propose a prior information-driven system suitable for weakly supervised instance segmentation
tasks in remote sensing images and a multiprior driven weakly supervised instance segmentation network (MPD-WSIS-Net) to address these
challenges. The prior information of weakly supervised instance segmentation can be divided into task prior and image prior. The task prior
mainly comes from the bounding box detection task, which is closely related to instance segmentation. Specifically, the study obtains prior
information from three components: box — mask projection consistency constraint, pixel discrimination difficulty representation function,
and center position prior constraint. The image prior comes from summarizing or excavating information about the image itself. In this
study, we focus on the relationships between neighboring pixels in the image and the gradient information of targets. By integrating these
constraints and the pixel discrimination difficulty representation function, we establish a complete prior information driving system to enable
MPD-WSIS-Net effectively to perform instance segmentation tasks under weakly supervised conditions in remote sensing images.

MPD-WSIS-Net was compared with weakly supervised methods, hybrid supervised methods, and fully supervised methods on optical
and SAR remote sensing image datasets. Compared with weakly supervised methods, MPD-WSIS-Net achieved improved segmentation
results. Compared with hybrid supervised methods, the segmentation performance of MPD-WSIS-Net on optical and SAR remote sensing
image datasets considerably surpasses that of Mask R-CNN and CondlInst of 50% pixel-level annotations. It is also competitive compared
with Mask R-CNN and CondlInst under 75% pixel-level annotation conditions. Compared with fully supervised methods trained with pixel-
level labels, MPD-WSIS-Net can achieve 89.3% of fully supervised Mask R-CNN’s AP value on optical and 84.3% on SAR remote sensing
image datasets. Furthermore, we have demonstrated the positive impact of each prior information component in MPD-WSIS-Net on instance
segmentation performance in optical remote sensing images through ablation experiments.

This study constructs a prior information-driven system consisting of task and image priors through a detailed analysis of the prior
information in weakly supervised instance segmentation tasks. The specification of prior information is achieved through the box—mask
projection consistency constraint, pixel discrimination difficulty representation function, center position prior constraint, neighborhood
visual consistency constraint, and gradient consistency constraint. This research can enable MPD-WSIS-Net to complete instance segmentation
tasks without pixel-level annotations and provide high-performance and low-cost prescription for fine-grained interpretation of optical and
SAR remote sensing images.

Key words: remote sensing image, instance segmentation, fine-grained interpretation, weakly supervised learning, priori information,
driven system, target contour, annotation cost
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