56 % 11 Moot 5 ot B o R Vol. 56, No. 11

2019 4F 6 A Laser & Optoelectronics Progress June, 2019

T TR B2 U3 1) 5 2 3 R R AR S Wl 5y 58
A, 0, ALY, TAK, BT, RS

VR MR R AR B VLR R AR 2100375
210 M 27 B b PR AE B SR BE , R BRI 2390005
ST W HE DR AR 5 I Ss TRR SR A, R IR 239000
W R 2R ER RN 2R S TR B, Y195 BI AL 210098

FE R AR T HUBGE N Y 0 PR R B AR B WS 2Ty vk . FITTR B A A M 4% VGG16(Visual
Geometry Group) % 2] 3 528 0 I BE R AE S8 5 ) FI X 40 2% 2J Jr i de /AL I8 4l 0 B AR SRR AE 43 A 22 5. A
RSI-CB256 ( Remote Sensing Image Classification Benchmark), NWPU-RESISC45 ( Northwestern Polytechnical
University Remote Sensing Image Scene Classification) F1 AID(Aerial Image data set) £ 48 5 ¥4 & J5 B8R 4 , 5%
UC-Merced(University of California, Merced) fil WHU-RS 19(Wuhan University Remote Sensing) Wi £ & 8 4F Jy
H AR SRR SR 04T 5250, SE IR S5 R R W, B 48 07 EE A8 A Sl BI85 bR A I 0T L BE S 4R e AR B X I R B BOHE
LMz IRETT .

KR B W2t RIE OGN ; SR E M4 A U T N %%

hESES TP753 XHFRIRE A doi: 10.3788/LOP56.112801

Deep Adversarial Domain Adaptation Method for Cross-Domain
Classification in High-Resolution Remote Sensing Images

Teng Wenxiu' ™, Wang Ni***, Chen Taisheng®®, Wang Benlin**"*

Chen Menglin**, Shi Huihui®
' College of Forest, Nanjing Forestry University, Nanjing, Jiangsu 210037, China;

2 School of Geographic Information and Tourism, Chuzhouw University, Chuzhow, Anhui 239000, China;
* Anhui Engineering Laboratory of Geographical Information Intelligent Sensor and Service,
Chuzhow, Anhui 239000, China;

* School of Earth Sciences and Engineering, Hohai University, Nanjing, Jiangsu 210098, China

Abstract In this study, a deep adversarial domain adaptation method is proposed for cross-domain classification in
high-resolution remote sensing images. A deep convolutional neural network VGGI16 is used to learn the deep
features of scene images. The adversarial learning method is used to minimize the difference of feature distribution
between source and target domains. RSI-CB256 ( Remote Sensing Image Classification Benchmark), NWPU-
RESISC45 ( Northwestern Polytechnical University Remote Sensing Image Scene Classification) and AID ( Aerial
Image data set) are used as source domain datasets, and UC-Merced(University of California, Merced)and WHU-
RS 19(Wuhan University Remote Sensing)are used as target domain datasets. The experimental results denote that
the proposed method can improve the generalization ability of the model for target domain dataset without labels.
Key words remote sensing; scene classification; unsupervised domain adaptation; convolutional neural network;
generative adversarial networks

OCIS codes 280.4788; 100.4996; 100.2960

Wi EHEA: 2018-12-17; €@ B HI: 2018-12-18; A BHI: 2018-12-25

“ E-mail: wnstrive@163.com; " E-mail: wenxiu_teng@163.com

112801-1



1 51 7

B A 4 BR X WL 2R 8 1) AN W e 5 3 Ml
PR EE B AR IE g3 AT =7 G A ] 43 B
R OGTE Ar PR CE R4y PO A =27 (28
B 2GRS 2 A D BRI AR (9 % b UL 5
BAAE T 2 0 N B i A 0 A R
P, o R ISR o S B B 1R R %
() — T AT 55 . 1R YR A ) 4r BE R 2 D
T o Bl 32 SO bl LI Y RUE s /0N RUBE F 0L 0 Ao 2
BOEAR BB S S e A b R A (E B W R TS
SRR BT S BB R T AR IR SR, 1 R
ERNGBREEBERRNUSTHYIEZEE, ARk
Xf A e R N 2 AT R 3R DRt 1% G2 0 ¢ T [n]
PR BT [0 0 57 1 53 2 O 1 TG 15 il 1 G 1R
LA RS TR S (A 5 o I TR B2
SRR BGYARAr ER R T ORTE  IF B U 8
U — A0 BR B9 AF 58 PR

VTR JLA I 1] 3 567 19 38 B AR o3 K05 vk
AHARHR L A0 T 50 S0 IR IR 5 IR 2 R AR 1Y
ST TT IR BT D 1) 4R TR R e T A AR
1 2 AR 5 43 2RO iE Y DL R T IR B AR AE 1
MR R ITIEE, ETWRELBHE M4 8 &
AR S Ay R GEAE 2015 AF R 5 AH4E B, IR 7E L
A Y 2 SR 4 T U T S R L g
KR PR S BR JETT s — 2 AR T R ML [ AR 5
AR I 2575 3 1) T B A5 Rl 28 ) 2 5 10 1 e i &8
PO N T8 G AR 5% 4 28 Penattd 1
T YRR T 3 3 Aol 44 I 4% Ak B 75 3328 SRk b B 0 2
(R, K R AR 52 A5 Bt 4 b T 25 1 T8 B ol
2 W 2% AT #8 2 E IR BUECHE 4R L B T Bl T 4%
Hh ] J2 B0 AR A O 37 5 A RV R AE 0k U T
G G SRR 5 38 A S R AL 5 3 5 R A
5 R IEBERIERE &R e R A R e iEEZ
FrERBE BTG 5, ZEETAIFNEREZR
Y s B AR IR IR — 3T 1 6 Bl e 2170
Basu 455 B T WA/ RUBE 38 J8% 5 15 3 57 B0 4R
WA [6) 3 B2 Y £ B Rl 28 1 4% 43 2K P B s Zhang
SENOHR T S B S Y A B 22 I 45 A URE R
FEF AT UC-Merced 08 S VI 251 4 FhAS [6) 2%
A F18) A5 R Rl 225 [0 208 A2 20 ) 328 SRk [RTAR 7 S i AT 40 26

R TR 2R — AN Bl AT L, LA A
T3 B AR B I 25 K5 0 AR X %5 30 <7 1) 40 A L 2 ) 2k
Bods 5 R 22 18] B9 K8 o3 A A AR 22 S i B R

PERE MR TR . B XS BAAS 45U 43 S AT 55 B3 1Y
W2 2 AP AE A ) . 1) A [m) 18 R s 4R 2
] 738 ST & AL RS AT A B L B AR
() %) 22 57, 8 B[R] — 288 R B b ) 7 AN ) 1 Bl 25 S
FLOR X0 BRLAS QR 114 43 258 T 1 %o B85 Bl 1 s 4R R
AR SRz R s :2) MBIk
221 3 H AL R 3 B M v U A AR OK B Y AR e AR
A ZIT B AR I BN TAR AR XE R [ Y Fi 52
BRI A R ) S AT 55 95 B B HE B R A X I
[0 e vl = N = (1 0 S o L L A B
KW B 3255 . MHLER 2 T I BE R & X
T 5CHIE B2 A% 0] AT L3 5 3 % 2 ) O R R R Tk, A
A Ry W BEGE B (UDA, faf R 380E D) , B A
T 2 U5 Sl RN JE bR 2 H A S5l A B8 R L AR 1 U5 R
H b 38 1) 288 531 223 [) FRRAIE 25 18] — 350, SCRRAE 19 43 A
ANTE] s H 8 S 3 ek el R 7 2 2 2 B SO AR 1 R AE
TR BB RIZALRE J) . L B IR BTN 8 G
QAR i KA AR IR X AR Ak RE ) 455 1Y R) R 4
o) FE 43 R T 2o 25 19 0 RS 25 0 S B T kL I
Iz A RE B WA AL o B R R 1 A
{18 A A I R ) A

AT AR SR, B0 )R B T 5% R 22 B 0 LA BdiE
NIV /TR R S REE S € 2 €T S I €|
SRR AR BB BB R 27 L 6 A
SR R A 068 N D7 v B ] TR B AR EARME RS
BHFHor RBOR . A — 26 06 T 18 SO R 1 B
T3 B BB XS PERT ST A SCER (25 ] v 1) 980 )1 25 AE A
) 3 AR AL o 1) P DR IR 1) 52 SR 2K | fe R B M
22 5% (MMD) 3ol A R 38 A1 A B0 19 23 A 28 55 5C
FR[26 1 e i A 6 FR 1 E 0 JZ Ab 3 BHE B A% ) L
It 38 3o 15 B SR /N a3 A 1Y 22 S 0 43 B o T R 4%
BCEE , T 32 5 208 00 0 R S BN £ L X BRI Y R
2 U0 B A v i A B 0 28 0 e AT AT Y BT — 5
F Jay FR 1

BEOOF 3 Ta) R, R SCAR Y — b B T B R B
TN F) R 3 R R RS Wy T ik . MR
BRI E M 4% VGG16 % > 3 552 AR 10 IR RRAE 5
F XS 4027 21 O ¥ ds /M IR IR B AR BURRAE 23 A 22
St ABE S BB B AR SR 73 S PR RE s O T BRI T £
F A Ml Al RSI-CB256 ( Remote Sensing
Image Benchmark ), NWPU-
RESISC45 (Northwestern Polytechnical University
Remote Sensing Image Scene Classification) #1 AID

(Aerial Image data set) B £ ¥4 8 U5 38 B0 4 L #)

Classification

112801-2



Wt 5ot T o R

H UC-Merced (University of California, Merced)
1 WHU-RS19 ( Wuhan Remote
Sensing) PI A> i H] % 98 5 VE o B Ar 08 i
PEAT S5

2 JRHE 5k

2.1 AEpXT I & R IR

A 2 BT 46 5 A (GANs) J& Goodfellow
SEUTLAR Y — b A RS, T A D 20 R AL
P8 45485 P B8 AH DG AT 55, 0 PRI AR A= i RTS8 o3 Bt
R TRWE T W E¥IULKBRE 6%,
GANs BBEASEAR IR A A8 0 — AN FE IR, |
— ™ 4 B A% (Generator ) 1 — A~ H J #%
(Discriminator) 41 A% , Hoi 5 Xt it 2% > ) 7 itk 47
I B A 2 A 00 50008 A A B W T 40 A1, 2B U 1Y
BARAEA

N AT J5 0 0 A1 SR R R B AL 75, O g A 2
A . AR AR AT R HULA L S EUHE BY 43 A LA B
1 5 0 000 4 1) i A B 95 L SR A R A A

University

A LR ABRE A A B 43, 40 531 s DU T B X0t T
PRI AEAS Az G R ) A% 5 18 a AH N T B R
AR B TR B) A T, R 2R A BR A2 U
B HL ISR B o3 A A R T SR AR A A1)
e X B R B AR AR L 2 B B GAN
(458 2K eRBCRT 2R 7R

rr}in m’?x[V(G D) ]=FE, pu.olog X

(D@ 1+E. p.,log{l—D[G(=)]}, (D
A JoR A EIHAG A P o () B E TR
= AR AN P CORRFEMR T 3G (o) R B Y
KIZ s log RARIRIM R BGE . o[ f (o ) IERIR MR
BofCOTES Q TR, AEld G i
i DLG (o) JIe RALHEAT 7 2T WA 8% D Jd i £l
DG () Jl/ME#EFT 25, AR 45 (1) U4 1 ny 4t 2k
PR B A AL AT 7R R

G* =rrzin mglx[V(G,D)]o (2)

XET 5 0 R G O 1 B8
max[ V(G D), A e P 2 i id 72 0

V(G.D) =E, p.olog[ D) ]+ E, p logl1—D ()] =

{jpdmu> . 1og[D<x>]} de + {JPGu) . log[1— D(x)]} de =

x

J{Pdm(x) clog D(x) + Ps(x) « log[lfD(x)]}dIo (3)

1 (3 AU KAE X T4 B W) o BT K, TR B8R G IRTIR T P ()5 Po () # AT
NHEBL A a b kTR M EKE alog(D) +blog(l—D)RF D W KENa/(a+b) . H k3 5] #5695

s b

Dée (1) :Pd“m(I)/EPdﬂm(I) JFP(; (I)]o (4)
@R A & D AR G DT RRA VG, D) T4
max[V(G.D)]=V(G.D" ) =E, p_ 10g{Puu(a)/[Puu(a) +Pe(a)]} +

E_I.NpGlog{P(; (2)/[Pagulx) +Ps(x)]} :JP(W(I) e 10g{2P 42 (2) /[P o (x) + P () ]} dax +

JP(;(I) N log{ZP(;(I)/[Pdm(x) +P(,(I):|}d1 -

—2log 2 + KL{Pgu(x) | [Pou(x) +Ps(x)]/2} + KL{Ps(2) || [Pow(x) +Pe(x)]/2) =
2 ¢ JS[Pou(a) || Po(2x)]—2log 2, (5)

A . KL £ /8 KL #{ E ( Kullback-Leibler
JS % /& JS ( Jensen-Shannon
Divergence) BUE . i (5) & Al Al 7E 4 & i AL 2 3l
ar D AT GANs 1426 s 055 M T /MEE
SR P g (o) F P () Z 814 ]S BUEE 2885 0T
B AR 591 s R0 A A B S O3] g o T O A A A

divergence ) ;

AR S P () B P () Z 8 Y TS HIRE Bk bk
AN BV AR G 24 foff 0 SIRCHE 0 AR OB 1 43
fidEw B . N GANs W JEEE AT LA A4 sl 48 Al
) ) A BT U1 S R 0 X6 5 R A S0 AL Ol it
FEXF BT 2] T 51 N o PR R G AR Bl 2R
B /IME TR I AN AR SRR 43 A 1 22 5

112801-3



ot 5 ot

BT o it R

2.2 zl:ﬁcﬁ;%'

AU A 25 E — DB n DARIC IR X, =
{(x; »y;)}n;:l*ﬂ#/l\ﬁﬂﬁ n' AT H) BRI X, =
(G Vi ABERT9T 355 (5 0F 2 A [ 0 28 31 2 i 220 A
LRI X =X, H Y. =Y, AEE R H bR i B AE 2 A5
LB P (X, YOF#P (X, Y), Hbr 2 i /e
PSR H AR IE 20 A (P, F P 22 6] Y 22 S48
AL~ 2] 2% 2] BB A8 1E A 43 28 H AR S A REAE M, 1) X

PR IV 7 % B B R0 F A S e B 9 2 AL RE )
AR 75k BRHEZRANIET 1 fros . K RS ke O AR 3 5
ORI S A D IR X A R A AR 2 R 2%
VGG16 2 > PR B TR E Rk M. I ) A I sk K
3 14 5 O R 00 0 A — > TR B2 BR A 22 X 2% R T X
YU 2 7 8 e /M TR IR B AR S A 30 AR AT o A Y 22
S bS] AR TR R IR M. 55 M M, Fig)
et C M IohRid: HARBIEFT 7026

CELEL

gl TR T TR
EENENENEEN

TP

@ 224 X224 X3 224 X224 X 64 \

labeled X, 112X 112X 128 13015 1094
56 X 56 X 256
- TXTX512 =
et £ 4 &
. ||
— ) = 3
Tnax pooling max pooling fully connected layer
k input ~ convolution /
labeled X, ——— \ junlabeled X; UC Merced
' v | (80 1
1X1X512 o
- LIt | R T
______ 1 <
beach tennis court river - m | target ! E
) . i DCNN | g
. NN | 1O I — 8
— . C > -
discriminator - . . .

unlabeled X,

/) \_unlabeled X; WHU-RS19 -/

BI1 R TTIEMERL . (o) 8 0 3 TR AR e 4 5 (b TRUR

R L 25 AR 22 I 245 5 (o) 0 M B X 0 S 17 5 (D 3B IR 37 5% 43 26

Fig. 1 Framework of proposed method. (a) High spatial resolution remote sensing image dataset; (b) source deep

convolutional neural network; (c) unsupervised adversarial domain adaptation; (d) remote sensing image scene classification

R T 38 A TR SRR B 2R TR B s AR 22
P 28 FR BG4 L 27 ] I SO AR IR B R IR KR, B
PRI 2845898 VGG FBAE TLSVRC 2014 (ImageNet
Large Scale Visual Recognition Competition) 4 1, %€ 1
PR 16 JZRILE L5 . X T IINZR40 5% R Hbm v 1) 1
BRI WK R A A
K/{ni?Lds(XS Y =

K
_E(.rQ.yQ)N(IvaQ) Zlk:yg{log C[M. (x) ]}, (6)
s s s

AT« y RN — DR R R Softmax 432K
.l e )RR — DI IR KA I {true} = 1,
I{false} =0,

LT 2.1 719 R AR RO BT R 45 1 4 S 20 AT, AR
i VA ) 5 AR X T2 2T B 6% X 5 RS S0 A,
R OB X BT 2] 5 R BN O R E O AR B B
I3 EBOMETR B SO AR H AR g R R
FRAEJ3 A1 22 5 R U X 027 ) 5 i g m B AL X H
b R S Rz AL BE ) . TE X BT AR 2] bl B R

112801-4



Wt 5ot T o R

e/ AR O B8 % R U 2R I 45, 0 T RE B A
Ao o 19 Fr /N % PR BOUN 2 A A CH b S TR T
GBS, B §2 07 158 A O B0 9 45 1 43 2k
PR R O A A A ST R A G PR — AN T 2R A
T3 — AT AR A AR B A O e R R A
AR A A BB R S TR A A AT 4B L 1B R
9 458 9% o R
min L., (X XM M) =
—E., —x {log{D[M.(x)]}} —
E, x {log{1—D[M (x)]}}, D
nbin Lade(Xs,Xl,D) =

t

—E, x {log{D[M (x)]}}, (8)
16 AU B 45 % BRI ERCRT LA B2 8 P e 1) A% 5 RN A
BER R R AR 45 . AE S0 0 B B VR A
IE AN 2% 20 H bR B R AT S B AR BRI 2% (1) 2 )
T3 2 B B S AR o3 A [ g 1 AR B A Y 5 A1
VT C B FL AL AR A A b, FEXTBTAE S, S
H B 385 190 265 10 Ak 0 500 1) %, i vy ) 331 ) % o) 5 4
B 5 SR B AR S XA BE T 4R T E 0 R 2% A
A B AR R 25, H s 35 R 285 0] 1 A% 3 Gt A B
XF Bt B R AR e /AN IR IR bR S8 REAE 2 A L B
ZIRF| A, b T B 20 H AR R
fiE s B bR SAS 3 =2 503 1) 2 550 AR JH IR 2 o)
(AR R RN B N SR A € TR SR V6T R
1) 3k 0L T R
N T AR R R B, B4 J7 2k Adam A4
BRI R B I A5 436 o B S R S 40, Adam fRALBE 1%
S MBEHLAR BE T Kk (SGD) B3 &, 7F Ul 2k il 72
T . SGD X i A A AR F #R PR HF — A B — 1 22 o
M Adam B K 3 5 RMSProp (Root Mean
Square Prop) AL 5 VA A 45 &, F B B2 19 — B 5E
A B A AL T A R RN GRS B A ) R
283 i TR ST L B — IR 3R AR A T AR R i
Rl (45 2 507 B B0RT LR R 6] B 2 80T 5 R ]
() R 2 S R, BRSNSk N Bk
N

W, =W, *a,mdw/ va “+e, 9

bo=b, . —amy/ %dh +e, (10)
K w, b, va, A ¢ RAEAR B A B | D A
MR sy R g, 53 50 AU S i R D 22 2] 1E

B[00, LD, 583 RRLG 5 0 8 1 5 25 20 1

RMSProp ffi ;¢ H Adma B3k )25k,
3 ST

31 EHBBENA
311 RIREAEEAME

H T R /D 5 e A s R L 25 BT R ik R
UL A £ v (1 /0 38 3 28 S0l 0 Uk Bk 1 A RLrE L B
AW R R, b 1A R0k B 8 5 3 8k
AE . F 28 B AR 37 57 0 28 B AR A D IR
5 ImageNet #H [t it 8 77 F5 1 1Y 3 J8% 5% 18 804l
PRI, SR T S 30 B 3 JRR B 15 B B0 4 1 4 ) BRAR
T — R, 0 RSI-CB256 (Remote Sensing Image
Classification Benchmark) ™, H#] Ff] A& £ ) OSM
(Open Street Map) i POI (Point of Interest) ¥ #&
T T 42 3K Y L P 0 R B A 0 SRR AR AR s [
Hu A IR 73 28 2R 5 ImageNet 1 53 J2 73 R AL
LT RS 0 B R IZ B L 35 2K
Ha . 36 36000 MR AR B 12K 690 IR &
B, B s >k I8 F Google Earth fil Bing Maps, %5 [8] 43
PeAh 0.22~3 m, 5 HAb 3 B EHE 4 A 1 RST-
CB256 HA & B i 2 4% M A R RUEE S5 18 £ B3
By LT R KN E S A 4, Al UC-Merced
(University of California, Merced) % #% ££ #H Lt . {X
A H iy 13 28, 38 1 X H BLA Y i G R
R EE A & B, NWPU-RESISC45 ( Northwestern
Polytechnical University Remote Sensing Image
Scene Classification) 1 5 RSI-CB256 H A 14 2k
30 AN E & L F1 RSI-CB256 A A7 R 5
8 AN L O HLZ BSOS B 2 RN 0.2~30 m,
o6 XA 6 4k 100 ZAEZABIX .

A3CH NWPU-RESISCA5 A A Y 30 4~ 51
WmE| RSI-CB fE42 b, Hirp RSI-CB256 #f A [6] %5
FERY 3 AP E R IXA IR 1 A R IX TR 4
SR N IR 2 )l SNl R U S I A N
RSI-CB256 #y J B X dls T 30 30 o0 28 AN [l 2 B2 9
RIX, wmEHHZE~RGZ 0 HE0.5~8 m Y
AID(Aerial Image data set)®U Ei g2 gk — £ ¥ 7
BB B T AL 2 R 2
DX 38l R 22 28 531 1) U5 B IR AR W 5 g B 4 L X
BAREAT 6 MR 71 ATk 69087 5k 5
WAz, BRI GERmE 1 R, HikEs N
NWPU-RESISC45 Fil AID 4 78 2 RSI-CB256 4L
P20

112801-5



Wt 5 ot 7o o R

Table 1
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Dataset category for remote sensing image scene classification of source domain

Large class(six)

Subclass(seventy-one)

Construction land

city_building, container, storage_room. pipeline, town, baseball_diamond, basketball_court, golf_
course, tennis_court, ground_track_field, church, commercial_area, industrial_area, mobile_home_

park. palace, stadium, thermal _ power _ station, dense _ residential, medium _ residential, sparse _

residential, Square, Center, Park, Resort, School, Playground

Ultivated land

green_farmland, dry_farm, bare_land, circular_farmland, rectangular_ farmland, terrace

airplane, airport _ runway., avenue. highway., harbor, parkinglot. crossroads. bridge, airport,

Transportation

overpass, railway, railway_station, ship, roundabout

Water area

beach, dam, hirst, lakeshore, river, sea, stream, island, lake, sea_ice, wetland

artificial_grassland, sparse_forest, forest, mangrove, sapling, river_protection_forest, shrubwood,

Woodland
chaparral, meadow
Other desert, snow_mountain, mountain, sandbeach, cloud
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Fig. 2 Sample images of UC-Merced dataset
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Table 2 Deep convolution neural network structure of

source domain and target domain

Output size /

Layer name Layer type
(pixel X pixel X pixel)
Input 224 X224 X3
Convolution X 2 224 X224 X64
Map pooling 112X 112X 64
Convolution X 2 112X 112X 128
Map pooling 56X 56x128
Convolution X 3 56 X56 X256
Source /target )
Map pooling 28X 28 X256
DCNN .
Convolution X 3 28X 28 X512
Map pooling 14X 14 X512
Convolution X 3 14X 14 X512
Map pooling 7XTX512
Fully connected 1X1X1024

Softmax IX1X18/1X1x21
ESR I P I o)

Table 3 Structure of discriminator

Output size /

Layer name Layer type
(pixel X pixel X pixel)
Fully connected 1X1X1024
. Fully connected 1X1X512
Discriminator
Fully connected 1X1X2
Softmax 1X1X2
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Fig. 4 Classification confusion matrix of UC-Merced dataset. (a) Classification accuracy of source domain;

(b) classification accuracy of domain adaptation
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Fig. 5 Classification confusion matrix of WHU-RS dataset. (a) Classification accuracy of source only;

(b) classification accuracy of domain adaptation
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