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Semantic Segmentation Model for Remote Sensing Images Combining
Super Resolution and Domain Adaption

LIANG Min WANG Xi-Li
(School of Computer Science s Shaanxi Normal University, Xi’an 710119)

Abstract  The semantic segmentation method based on convolutional neural network rely on
supervised learning with ground truth, but it cannot be well generalized to unlabeled datasets
with different sources. Unsupervised domain adaptation can solve the problem of inconsistent
feature distribution between unlabeled target domain data and labeled source domain data. This is
due to that remote sensing images are often come from different sources, they are variable in their
spatial resolution and are influenced by different imaging regions, imaging conditions and imaging
times. Even images from the same region may have large differences in spectral features. The
generalization of the semantic segmentation model relies on the reduction of these inter-domain
differences mentioned above. Therefore, unsupervised domain adaptation methods for remote
sensing image should not only reduce the differences in features between domains, but also address
the problem of different spatial resolutions. This paper designs a new end-to-end semantic
segmentation deep network combined with image super resolution—Semantic Segmentation Model

Combining Super Resolution and Domain Adaption, which can reduce the spatial resolution difference
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and feature distribution difference between the low spatial resolution source domain and high
spatial resolution target domain remote sensing images, and accomplish the super-resolution task
for the source domain and the domain adaptation semantic segmentation task for the target domain.
The SSM-SRDA model consists of three parts one is Semantic Segmentation Network with Super
Resolution (SSNSR), the second is Pixel-level Domain Discriminator (PDD), and the third is
Output-space Domain Discriminator (ODD). SSNSR consists of a semantic segmentation network
and a super-resolution network, which share the same feature extraction network. The super-
resolution network generates a high-resolution synthetic image with target image style from a
low-resolution source domain image, which can eliminate spatial resolution differences and style
differences to help the feature extraction module learn the same features between the source and
target domains. The Feature Affinity-LLoss module enhances the learning of the semantic segmentation
deep network by the feature maps with more detailed structural information obtained by super-
resolution. The pixel-level domain discriminator is used to reduce the pixel-level feature differences
between the high-resolution target domain and the synthetic image of the source domain. High-resolution
source domain synthetic images with target domain style are generated by generative adversarial
learning with the super-resolution network and participate in the training of the model as additional
training data. The output-space domain discriminator reduces the feature differences between
source and target domain images in the output space of the semantic segmentation network., Through
the adversarial learning of the semantic segmentation network and the two discriminators, SSM-
SRDA aligns the feature distribution of the source domain and the target domain at the input and
output stages of the segmentation network, and can be applied to the target domain datas of more
different sources through domain adaptation. It is a practical and more popular model. Experiments
show that SSM-SRDA is superior to the existing domain adaptive semantic segmentation methods
on four sets of remote sensing image data sets, and the intersection ratio is improved by 0. 7%,
1.7%, 2.2% and 3.3%, respectively.

Keywords domain adaptation; remote sensing image; semantic segmentation; super resolution;

adversarial learning
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64—16 E—— 160+16—88
| ReLU ]
v | Convzd (9%9),88—2 |
| Convad (9x9), 16—3 H JENN S
I s ]
H bRk )

a3 EI T R

P 4 SSNSR_I ¥ 2% 454 (7 9 o B A o g 23 R A B

M 1/4, 2 05 M3 — 2 bR FE 28 R AE B 2 3 &
Oy PR H AR B K. B4 PixelShuffle )2 J5 # —
A~ ReLLU W% sRE . 18 43 W e B B R AIE 18] 58 18 %002
bk 256,64,16,3. s FIBLHALHE = )2 B FZ Wk
E 5 6 43 9 3R A5 B X6t N7 22 1) R AIE T R /N A T S A
— 2 L2 AT 3 Ao L M A7 (L 1) e R A T
02 51 5 18 43 R AR Bk Rz J2 0 A A TR RN i
Ji P38 3 — > SoftMax 2 i 000 i 43 #1245 3, I
FRAIE [ B F AR ol 320,176,882,

SSNSR_1 45 2% Lsswse 1 BT 3 FIHK L.,
V50 R 43 PR R Las R E B3 388 0 88 43 BRI R L ar
PR b PRI 4 IR Lo, B PR AT A —
2 VS T 5 ) 3 0 0 235 R R HE B SRR IS 1R A 2
TR 28 SURR L 2K 5 — 02 N SR AR IR 80 43 B G 19
53 WG P2 A0 0 I 25 45 21 1) 43 ) 00 25 S5 A0
L E SRS B bR 25 I T B 0 28 SR K. B BRI
T BEILR Loz by EAGOE 53 B3 G00 me ) 2 s 1Y
Y5 iR 22 3 R R BT . fh T TR SR R I A X I Y
1503 B UG AR 25 WOAR SCR AR R L, W
FERARR L, W IBCR R T5E Lis » BT 2R 1
H AR T 5308 23 B 5 1 AR ORI bR 1 TR R AE A
LGB ERZE 5 € SR I B2 LA RFE
S BRI 1 FELAORD Dt 1] 4 A 3 1 R AIE 25 . LA
AR FRIT

Lssnsr1 =al g, +,8( Lir+Lis) oy

L., =L.,(SUs) AAH+L.,(S(YRUIs)) AAS)
(2)
Liyr=L,.(R(yIp) Ip) (3)
Lus=L,, (R(I) AIO+0.5XL, (1)

HA,S.R FIE 43 | 3R 43 FIRL P O 3 HE 0
LRI PR B A Iy 43 R OR EOoRFEFIR
RAEEAE. Loy 28 Y38 U 2% L L, R8BI {H
T 25 Ly 2o LLARUERLR. o T B FoR1E L7
AL 0 3 AR AR AL A 1
3.3 4F{EFEMUE FA-Loss #&E 1R

AHE Tt o I, 6 3 P 3R e 4 A 3]
(R AIE £ 2 B S8 I A5 4 15 5L BRI 5 1 AR E A A
P ok 5 By s 15 S A i A s R AE 1B A A5 1F .
=6 PR, Ly, B2 0 H 102 2% 218 o PR 5 4
A e R J2 AR A AH DU S B 2 ) ) B o IR B
AN A L A i 7 L) E B R 3 B AR T
F o3 R e B2 B B 4 E 09 45 4 15 B2 ALY 5
PRBS R, AR L 512K A 09 o B A R AR i SR A
Mot 2] 43 B A 52 WU 2 R AIE 1) 19 45 4 15 5. A 21
PR A 3R R 3R 2 TR A AL G &R L a2 (7D B
R H A WX H BoRS YR, C, FoReE i R
B R ZIA SR L CF R il Sy H R HRRAE ]
(0 AR B 2 B CF5 2705 8 4 9 SR R KR A 1] 19 4 4L



2626 it 23 Hl 2% 17 2022 4
PR, 3T W X H XC W ER F .58 5 5 15, HAB SCAE Y S AR 25 TR RN A ey AR B A AR

PR R Z R RLE R B RE & WH X
W' H 36 3% % , 5 8 e w4 4 (2 S () 3 3014 A
IOE R Z 0. AU/ 5T i TR 2 B R — )2
FTE Loy B 2% 55 — 2 B RRAE 18] B3 xR R
AR LS. 2 bR B A b FE T3 L 52K Z2 01 X Ha
A BVRRAE B R AT T RRAE 48 BE 1 28 4, il 1 X1 B R
J2 .BatchNorm #l ReLU JZ4H i%.

W'H' W'H’
1

> 2 la=cilh

/2 ’2
WiH A S

F, T F
=1 eT)

B AE AR RIPE FA-Loss Bl fin A SSNSR 22 J5

(45 % R R
Lssnsr 2 :aL_wg "‘ﬂ( Lir+Lis)+ }/I‘/u

Y 3R L AR IR F
3.4 BEFRHHHE

R IR b AT AR A A AR At PR 3R A ke 11
SN AT R SRS Y A 25 5 AR SCHR 9 SSNSR
THBR T IR IR H bR 32 ) oy HE 2 L A b
A AN A 388 22 Sl SC B L B AR L BT DL R
PDD 35 ] 51 25 2 45 X6 Bt 2 38 B 27 > 2k Uk /) 358 1)
1 JAUHS 22 5. PDD ASEEL ) H 1 S I8 58 EE 1 = 4y
B E BRI G 0 KRS S B R Bt e B E bR S B
A5 14 1R 43 9 2R UG R IS S 43 B 3R S5 45 31 1Y 78 43
KB AE R PDD % A PDD ) 51| &8 4] W7 4 >4 %
o [ PR EL H bR Ak SSNSR HH) g8 5 3% 48
g5 RN TC A T AR R W R, ORI R
H RSB AR AE B 00 55 1548 GAN ) 51 28 1 %
TER i — X A e A 1 2 i ] 1 DA (L B
B« S5 v T R O 1 B BSR40 1 Y Patch-
GAN 12 PDD H 5 #% , PatchGAN {ii F 3 FUK: i A
WISt Sl NN 9 S R B o B S AR AR e i A LG o
1 — B DX A Bl T 5 A PR R AR B 2 R FE R
fiE. PDD 4525 Lppp & LT

L, =

(6)

D)

(8

I[S=R(I) €FH Vs (9
Lrpp :EISN/)AM(,‘(IS) DOg( 1— Dpdd ( Ig ) ):H_
E[TN/,M”(IT) Dog(Dpdd <I[) )] (10)

Horbr, HOAN W 227 8 20 B 30 H A 3 BT 45 10 w85 J3E 0 558
JE + P O FTR BRI 73 A1 B O 278 7377 R R 1 22
{E » Dyaa /2 PDD 3 I oy H AR 70 B R (9 [E1R L 1
TSR3 2 o 8 43 H R R 15 31 11 i 3 % AR
3.5 Wy = E A B ER

FEE BN L eI ok H TR 2 H AR

FRRARLPE S K 7 T/ 1) 3 % X B0 AT B A 55 T VR E AT
NS s ) J8] [l 480 A K S B h ) 45 55 X
FEAG 2 25 1) P R A7 X6 0 388 B AN A DA 90 sk 151 4%
1 E AR EMG B 43 B T0 25 e Ps R Py 59 FRAE 43 A
TN AT L PR X 43 EI R R SoftMax J2 F B 25 1)
HE AT OO B S I 2% 2 ok el N ] )RR AR 25
ODD H5#RH 5 M HEREN AX4 B KK 2 HEM
JE LR, FLE B By 64.128.256.512.1. ODD i}
9% L()DD/—\’_EX;Z[]—F:

Ps=S(Is) € FH"V=e (1D

Pr=S(yI;)ERFMV=C (12)

Lo =2 (1=2)10g(D, (P1)) +zlog (D (Ps))
e (13)
Hrp Dogof& ODD #88e, H F1 W 3RR 8 43 B B A
Sl EAG 0Y ves BE AN BT E L C IR 2R 58 1 S IR R H
FRik G 26 28 43 ) B B SoftMax 2 2 J5 1 Tl I 4%
B PsHPAEHR ODD [ A, 8% J5 il 12 ODD 3 #
W i A EAS 4 3828 R R AR B0 L A SR HE A R A
AR == 05 QSRR AR B 5 W] == 1.
3.6 SSM-SRDA & 2! B R & £
AL F A HE 1 Az BN B 9 2% o SSNSR_2 4
M S - PDD AL ODD 1 S 30 51 85 L %t I 25 1 #
ZHM A (1) /b 2R il g SSNSR_2
14 3 B 45 2 R 43 B AR S [ B A KAk B bR 380FE H)
Hl%% DO S PDD Al ODD) 5 1 51l S 5055 14 4 2.
giﬁi,?zm,?“‘s“s“ + Lop T Loop (14)
SSM-SRDA #5711 2 B 1) {4k I A= 1 4 i )
B B A B o 2 [ AR A I S 8
Ossnsr_2 A% Fie KAk PDD 1 ODD i 2% ek %% % 1 4k
FI ) 25 0 S H 00 5 SR ) - T 00 25 00 S50 00 L I I
/ME SSNSR_2 451 2% 1117 45 2| Osswsr 2. 38 18 3¢ 5 1% AR
IG5 s e 24K B R T7 1 458 2 1 5 a3 J2 A U2
P AU F BRI S8 00 BN Ossase_» HBAS FEAE 1L
SSM-SRDA #2743k B SCIR A I 2 4
B THER T SSM-SRDA I R 25 iz 2.
Bk 1. SSM-SRDA R {1l 2k I3 i 2.
Y Gad -
A UEBREHE 4 R Ts BRSSO 4 % T F IS
BB SRR A
et LA L SRR F 6 4 B R R P A TS F AR
B 1 43 B A 2 A
1. JH ik SSNSR_2 11 43 HE 5 R4 0 46 e 43 30 15 3]
Ay PG A SoftMax 43 25 H
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IS If=RUs,y 1) € RTW
Ps,Pr=SUs,{Ir) ERT W
2. 152 H AR5 0 AR % K
Ar=max(Pr) € R*"V*!
3. AT PDD S 51 25 X 53 8 43 H R i d8 2
Tike s Liwe = Dypaa (IS s Ip) € RV
4. 3@t ODD 3 H0 ] £5 X 43 Sof tMax iyt iy 3824
Pre s Pie = Dyua (Ps , Pp) € RHXW X1
5. SSNSR_2 55 PDD il ODD fy % i ¢4 Y1l 25
W= (14) i 77 3@ 3 SSNSR_2 5 PDD #1 ODD 1958
BINGEIEAT On T Ossnsr_ B .
W R BT SL.
W 2ot 72
A HAREERE ER I
iy 3« H AR IR 04 43 B B0 bR 28 Ar
1. Bif SSNSR_L 18 43 B 232 R 43 BB P 53 5043 2 =
I3 PR R A SoftMax 432 i i)
I§=R(yIp) € RV
Pr=S(yIp) €RIFWHC
2. 152 H A3 0 AR 4 E
Ar=max(P;) € RHIX*WxI

4 XWHERSHH

4.1 HIEE
4101 IR oy EI R S

{#i F} Massachusetts Buildings Dataset, Inria Aerial
Image Labeling Dataset DA 2 WHU Building Dataset
=AW B R 5 4T Mass-Inria fil MasssWHU
PA2H 52 30y S 1 P[] — A A A 48 1Y T8 e 5 90 4
AR JoHR 2 H AR B e 46 » LLBEUE SSM-SRDA
RREA )z A RE ) - 5 ) HE T RE ) fd T DLIT A%
M Z A A8 53 A 1 B bR B 43 #0455 38 Dy 52 B
BT K.

Massachusetts Buildings Dataset By 151 I 43 [a]
GYHEREN T B I DX A A G A R B TR
AT SR BRI R AN 5 2R RS . B iZ 3k
PN B, 78 Mass-Inria SCK . T Mass 5
Inria $04f 4R 09 25 6] 73 B A0 22 S KA 3. 33 A&, B
PLFF Mass @50 9 I 25 5 G FBR 28 3057 O 114 X
114 AR ARG 5 b5 2 B A D 380 X380 KV/Ih; 7E
Mass-WHU 225, T Mass 5§ WHU B4 1
20 7 BEAR 22 5 O 4 AL BT LUK Mass #2500 ) )1l 2k
B MG FIARZE BT 128 X 128 14 K IR 5 ¥ hr 2 18
HH{E M 512 X512 K/,

Inria Aerial Image Labeling Dataset [ 360 IF
250 7 BEAE N 0.3 me A &5 (R84 ) A e 4 it
TPIANE SN AL EFR T 1 35 i BRI
A6 B 36 ZH BN R B i B 4R I 2R AR L
g H bR JF R A D AR B IRk TR
o> R EE. 8% Tnria S Y)EE 26 KR A AR 45 &
Y 380380 1 3875 BRIk 4E K 4 A 1600 K
IFEE SEEE S

WHU Building Dataset J5 1425 [6]43 #£2%0.075m,
Sl Ji AR NN BRI Y R R A S 28 [ 4y R
S 0.25m. /N R 512X 512 14 8189 K IE A, ¥ %K
AW U ZR Ay H brde, Hovb 5773 5k T I 45,
2416 5K T4k
412 ZRAEE RS

(1) Vaih-Pots

ffi | ISPRS £ fit 4§ Vaihingen il Potsdam 7
AT 43 2R B AT 22 2 B I 1 S 4y B S
BN EUREAA 6 DI A B KT B
TRAERBE AR TR%E T 5

ISPRS Vaihingen 2D Semantic Labeling Chal-
lenge %45 5 AL 48 33 5K K /N A [m] 1 18 J& B R, =
6] 73 B30y 9 em, 3 F3 7E [E ) Vaihingen T . ¥ 1% %k
e P AL Ah AL RN gk e 3 A I B2 Y IR
YE R I8 8. ISPRS Potsdam 2D Semantic Labeling
Challenge dataset {4 38 Tk 23 [A] 43 HEER M 5cm
1) 3 SR KR A B, 7 55 1 #E [E Potsdam 7. 52 5% o
PR M 2-10 3] 5-12 /9 19 i@ BHRAE 246 L
fib 19 i R AE R R 4. SE58 b, B F RIS B bR
I 1) 25 6] o3 PR 22 20 2 A ILIORE Vaih i 4R
FUSRFIAR 23T 2 180 X180 15 3 K/, ¥ Pots %
PR EEF T 360 X360 RFE K/,

(2) T Js B 4 TPD_S-TPD_T

TS A ¥E 4£ (Tibet Plateau Dataset, TPD)
PRI T TR SR IX 1990 4E A 2020 4K R[] 44 B A
FOER AN [F] 23 [ 3 B 32 08 SR AR

PRI A 45 46 TPD_S {88 A 1990 4 by X i 08 ] T2
& Landsat 5 145 177 98 1 J5t A< 8 AV 4 1 o 35 IX
A PIBK 8192 X 8192 4 F K/ iy i B 4, Ho=s (]
S3BERRA 90 m. SRy A A T X A A U N Rl
JT Hhy J 21 AP BE LI £ A B £ B4 AU RGB
EHZ. R 4R el i N T/ AR Bk A Envi f#f
P 23 2675 20K 41 10 b5 2 508 L 3500 4 28,00 5l o
A R 7K A At

HAndk TPD_T {8 J§ 2020 45 ph X st WL 0 &2
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Landsat8 7145 Y 7 7 /=1 B i X — 5K 5083 X 6454 {4
B RU/NE R EMG  HA3 (] 4 B 30 m. B A
FBR AR T 19 B B 5 IR ). SE g0 il TR S
H AR 25 8] 43 B 25 5 O 3 A% o TR s D 3 )1 2
MR FNPR 25 BT O 86 XX 86 1R = K/ 4536 5K &
1B SR G H A 2 A Bl 256 X 256 /. K H AR5

L BT 75 3] 400 5K 256 X 256 A 24 B4, LI & 100

EIQUIER e SESE 8
4.2 EMIERTMIRIRE
4.2.1 PRTIEAR

(D 58 Hf Lk ToU

TE B R o R, ok H 28 3F e ToU (Inter-
section-over-Union) ¥E i £ ZEPEM F8 b, Hog LUNTF «
P,NP,
P,UP,,
Horp, P, oy W00 53 FIE, P, N HSAE. mIoU(Mean
Intersection-over-Union) il i T8 £ 1~ 2538 L 1Y
- 5B R T Al A5 R RE.

(2) F1-score

IoU(P, ,P,)= ‘ (15)

__ precision * recall

F1 (16)

precision trecall
F1 53 80(F1-score) , # & X NG precision

Sy (1.8,10,80.3)

L] D b25,10,80.1)
M<2.s,10,71.6>

65 x¢
(5,10,55.3) o)
RGN S
55 &
(5,10,45.2) 45
45
10.00
9.00
6 8.50 B
8.00
- Mass-WHU - Mass-Inria
O VLB @ =iisH
i 5

5 RN IR A5 K Al F i, SSM-SRDA fii
) 1 1) 2 BOBCELTE A [) 1) B8 52 B REAS B LA 1 45
R AEA FEAE G X S BT O W RS A T
I mIoU,HmIoU B3R AR 0. 5% , Bl A SC
75 1 SSM-SRDA X} 28 & B A HU. W7E Mass-
WHU sz8i, [ vy 0.5 F B4 10,0 B 1. 8 I Y
mIoU AL o BL 2.5 BF 42 0. 2%.
4.2.4 XA E

S R F Resnet-101121 45 44 ity 15 X 43 1) /) 2%

A B recall W)W A 2980 78 2 5 AT 55 1
AT AN precision F recall , 15345 H )
F1-score {H , %R J5 BCE H{E 15 3] Macro-F1.
4.2.2 SCWRE

ASCHE 24 GB WTE 9 NVIDIA GeForce RTX™
3090 GPU LI Je PRI 5 J HEZ PyTorch |5 B3I
257 2 SSM-SRDA #ERL. i A Adam fEL 4%
BN 0. 9. FE PRI Zhid 72 b, 4 Uk 52 30 4 4 3
FEARYIZR 100 P HIF 50 YK LA 2 X 10" [} 2% 2] 28 %] A5 71
HEAT ISR, JG 50 A2 2] KB B I8 H 228 0.
4.2.3 UK R BB (IR

A o f Ty 73 5 s i ok IR i
PEARBIHFN FA-Loss #5551 2K B B AL O FRAIE AR
TR R P o ol % A Bl 453 2 (L ) IDC (LY R B AR —
BOAE 2 BB R S T M IR B o« 2.5,
10,y 0.5, 78 2 28 5 H KU 5 S0 vh W iR A
« H5.8 4 10,y W 0.5 Faxt aup Al y #4F B
J&i » SSM-SRDA 1 MW H E i 4 F i) mIoU N 5 By
NS E y 0.5 A ERIEE v A e I BAE
P & o i SRR [R] L 76 B b b s 7 A 4% A B 42
WG 2 BAE ARG e mToU {8 A 0 2 5.

*(245,10,79.9)

mloU /%

8.00

- TPD_S-TPD_T @

& YIS HEN R RAR S8

Vaih-Pots

A TFIAS B 445 450 2R BR A A SSM-SRDA 76 U 4 B4 48 B i mIoU

fE Jy L2 B, 3 NoAdapt. A~ 6] F SSNSR_1 fifi /i
A PR AR R & T IR IR R 43 BE R, NoAdapt A %)
YRS BR300 23 (] 73 B3R 22 AR AT AT Ab B, AU
R SER 4R I 2R S E A TR RN 2, SR U T L A 3
AT IR, SSNSR_1 i F 4% 25 ASPP [ 4511 4
AR B BCES . H S B8 /N T Resnet-10171 (4 1/2.
AR SCBEE TSA RS NoAdapt fil SSNSR_1, K
UE 8 3 J S e () 4 ] s SSNSR_1 fil SSNSR_2 J
SSNSR_1+PDD+ ODD #1 SSM-SRDA (SSNSR_2
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+PDD+0ODD) 4 2 52 55 . 30 4iE | FA-Loss &)
YE ] s SSNSR_1 fISSNSR_1+PDD. % 4F T PDD f#)
£ 13 SSNSR_1 #ISSNSR_1+ ODD, & 3F T ODD
AE HI.

AT BT v fife ke 1 SRR PR RS [ Sl ] =[] 3 B 30
25 5 MURRIE 22 S 1) AR D IRATEFR DL T =4 H
A AT LR A T TR Y T W B X Bk BGE R vk R AT
Hb# . AdaptSegnet'™ \FCAN'™ F1 SRDAMY . A& F
AdaptSegnet £ 1 S 53 FI145 Y 1) it 2 8] AR AT 3
FI 8% o A SR SSM-SRDA TEAR R GOFn i H =5 ] ok
FH T RCE A 548 FCAN J&— A4~ 5 [y BE A X 26, S ]
CycleGAN B I35 5145 5% A6 S H AR XS 1) B 58
S o o e M U i A I FH 140 1 I 4% 1 e )2 R Al
UG A HM UL 22 57 T AR K 43 B 238 60 e 42 1 30
Sy Y AT 2 B A RS 1Y R B o B
P8 PR 8 e e 5[] — > R E 2 0 9 2% 3 5 o
/N T B B FCAN J5 3k I % 8 43 B 25 (K15 A
S FENRE LI S (OB EE X 4T M 3800 i 4. SRDA
57 P OBUZ A 4 1L 19 5 6 F 42 1 15 301 0 B 38 AR S
8 S R R A AR AN R L S A AR R
BRI I FA-Loss BB (i 45 45 3 2 451 e 452
B3 B 4055 B 2 o S BB O Sy AR SO
BERVA AT LM, X 22008 T R 43 PR ) jL Y Adapt-
Segnet Fl FCAN J5 354 FH b /N SR AL J7 200 55 U
SR H AR S (8] 43 B 5 5 AR HEAT SE 5 OF HLAE S
FiA s T SRDA [ il 5 i 2.
4.3 HBHRMIWERRSW
4.3.1

Mass-Inria $¢ 4t &£ F A9 SSM-SRDA ) % & 14
Al S A5 R 3R 1 Fr R MR AE R OR B o
K B b i D 32 1] Oy B A 0 5t 4R b A gk
F18) DU B I 7 TG S8l 07 1 T 3 s A X T 2 Gy
HER 22 5 1 NoAdapt J7 i 14 I 0 P 3 155 e 1y
SSNSR_1 77 ik i # #2 & T &M W 2K 1 ToU (A
32. 70 B 37. 8% 4 T 5. 100 AU T
T3 T 4 5 EGOR 73 BF 3R 00 A S0 Wik i
7 SSNSR_1 Jy ki 2k 15 B 73 P 58 22 S AR 15 1 1 45
SR T FoRAE DRI AR % 5] AR 22, 768 77 BF
BRI IE o3 FIRBL YL g m FA-Loss B35,
SSNSR_2 (i @t 52 ToU % SSNSR_1 # & T
0.9% smIoU $£ 5 T 0. 4%, 1t B ¥ 43 P 2 15 2] 1) 410
REEISEIRYE T DINER TP IE B @ N0 ¢ W
SSNSR_1 i3 fith 1 43 in A PDD F1 ODD 3] 51| 5

Mass-Inria

FR 4% SSNSR_1+PDD #l SSNSR_1+ ODD [ 52 B
SEBL LI H mToU %5 SSNSR_1 43 B4+ 7 4. 7%
2. 4%, F WAL 3 FI 0 40 1 B0 Hie 46 v L 2% 20 8
ANE PEREAE 77 1 PDD 9 4E H b ODD B K. £E
SSNSR_1 [ £ AL PDD Fil ODD R /NI 22 57 78
SR AR T S 4 BSOR B SSNSR_L Y mIoU
PET 8. 1%, Ik H4 i PDD & ODD 7£ mIoU 4§
B AR T 5T 3%, Fl-score $8 4% F2 T 7%.
B4 FA-Loss B85 (1) SSM-SRDA B8 1 fe 45 1)
mlIoU{H (71. 6 %) & Fl-score {H.(69.2%).

F 1 Mass-Inria ##E & + SSM-SRDA #3% & & s £ 16

Ji ok EHNY BWHE mloU  Fl- S W
/% /% /% score/% HE]/h o W] /s

NoAdapt 32.7 83.2 58.0 49.1 18 0.15
SSNSR_1 37.8 88.4 63.1 54.8 22 0.13
SSNSR_2 38.7 88.2 63.5 56.0 26 0.13
SSNSR_1+ -
PDD 45.4  90.2 67.8 61.1 29 0.16
SSNSR_1-+ "
ODD 42.7 88.3 65.5 59.3 28 0. 15
SSNSR_1-+ - - -
PDD-ODD 52.1 90.3 71.2 68.5 35 0.18

SSM-SRDA  52.6 90.5 71.6 69.2 39 0.18

4. 3.2 Mass-WHU

Mass-WHU %454 | SSM-SRDA 1432 4 {4 i
SCEGZE AR 2 . 2% b i 03 e ) S a4 o
gk LA DU SR T TG 3803 Rz F) 5 3k v 1 P R 40 B
Z PixelShuffle J5 1 1 B 4 ¥ % 2% F ) SSNSR_1
BERE T mIoUN 69. 1 %048 &3] 73. 7% & T
4.6%0) LB T 16 IR e rp 25 6 US43 HER I
ROPE. HH T SSNSR_L (i RRAE B2 30 45 S 5% 25 AS-
PP PJgLO B 8Bt /N F Resnet-1015 W 4% ,
UL R SSNSR_T Hr 3 fin 1 88 43 HE i b, SSNSR_
15 NoAdapt (133 isf ] Z A A1 [7] (0. 15 ). [ AR
R 1 PR AR TR IR H AR (8] 43 B 25 5 0/
Mass-Inria $t## 8 b, SSNSR_1 % izt I [7] (0. 13 $)
/T NoAdapt B E] (0. 15s). M4 SSNSR_1-+
PDD #l SSNSR_1-+0DD 5 SSNSR_1 [ 52 & 45 5 %t
PRl DR B A PDD )50 8% 5 2 251 ToU 2
TET 4.9% imA ODD H 5| 2% 5 @5 ¥ 251 ToU 2
F+T 1.8% .4 SSNSR_1 | 4E /% PDD F1 ODD Ji5 , %f
HEFY A U 4> BIRCR (64, 120). 9 Jim FA-Loss
Bidtf) SSNSR_2 5 SSM-SRDA (SSNSR_2+ PDD
+ODD) [, SSNSR_1 4 SSNSR_1+ PDD+ ODD [
mIoU 43 12 T 0.8% . 1. 0%, 42 THSC R B L i
B R 73 3 A i B R AIE A IR S 43 1A A ik
1 H.
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Bl
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it 2022 4F

%* 2 Mass-WHU #[#E £ I SSM-SRDA {3& & i Bt L 16

i BN TE mloU F1- IITE=R 5
W/ /% /%  score/% Bt]/h B /s
NoAdapt 46. 8 91.3 69. 1 63.7 18 0.15
SSNSR_1 54.2 92.7 73.7 70. 3 18 0.15
SSNSR_2 55.7 93.2 74.5 71.8 23 0.15
SSNSR_1-+
_ - ) . 9
PDD 59.1 94.0 76. 6 74. 6 19 0. 20
SSNSR_1+
g 56 4. 2 2
ODD 56. 0 94. 2 75.1 72.1 19 0. 20
SSNSR_1+ .. o B ‘
PDD-ODD 64. 1 94. 4 79. 3 78.3 24 0.21
SSM-SRDA 66. 0 96.7 80.3 80. 2 27 0.21

K 6 WoR T Mass-WHU uda 46 & A5 1 i 52 56

(e)
SSNSR_1+PDD SSNSR_1+0DD

IR o3 o3 FI 25 R B 55— 512 WHU I8 52 i
BG83 R AR . A 491 43 il & SSNSR_L,
SSNSR_1 + PDD, SSNSR_1+ ODD, SSNSR _1 +
PDD-+ODD L) % SSM-SRDA (SSNSR_ 2+ PDD+
ODD) 1y 7 I 43 #1 2% S . w] L g€ 2] . i A PDD
1 ODD J& , — S84 15 4 B 45 2 7 2500 3 bR 34 m
FA-Loss HH 5 () SSM-SRDA 43 %1 45 & (1) 45 # 1
AN PEA BT R BT peoh, mT AR 05 B 7 % 4
T Tl 52 56 w0 2 R ) A A R RS B /N L B
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between source domain and target domain is not serious,
some researchers ignore the resolution problem.

This paper explicitly considers the difference in spatial
resolution and feature distribution between source domain
and target domain of remote sensing images, and proposes a
semantic segmentation model that combines super resolution
and domain adaptation—SSM-SRDA, which can implement
super resolution and Semantic segmentation simultaneously.
In the design of SSM-SRDA, we use domain adaptation
methods to improve the performance of the model from low
resolution remote sensing data migration and application to
high resolution remote sensing data.
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