1007-4619(2025)12-3609-17

RS EXREE RS SHERSBRETY
& M i BT i

WA, Fmk', AN, HH>, Xt

1P RER2: HERRL= 505 B B4R, K Vb 410083;
2. S SR S I E AR R A TG L, KD 410000,
3. WIF B S —IZL B, K70 410000

B O WERINEEGE SR R T A R, EAEN g (EED SINKEE (H bR
SRR, AOR PRI 2R AR B B 1 0 A bR s 2 2 1 35 R e o At S st b RO 3k vl LA
SRR A A 22 5, SR TP R BRGNS AE BRSO RE Jy o T U R B E R bR 45 R IBOHE
BER . AR R, HLYHT T 2R BT A0 R A S AN A R S A B — Bt A R [, AR TR AR
ALE SRR B0 T BRGSO S BGE D R IO s o, SRR R TSR L. Harris 557712 A SR ICH B3
AT A, TR EBIE S g R R AR A S &, VA PIERIE IR ER G R ARG, BT
e ST A ) (7 B S I R AR IR ¥R L AR OSMUX G RN ISR 282 X 52 43 Sl e Ay WU it o B S B 15 L s s
I BRI AR e g5 S T R % eR A, [m] A2 P80 22 504 B ARSR (N 2R 290, B XU B S (5 BAE N
IS B IGE E A SR K2 M 4R A, FE BB SRYE R, B TR 2T 0 SR A el R i U
B AU_AdaptNet, Z55FRH] . A ERY ToU 845 LU R 283 B N7 Y BRI AR 5 1 15%,  HERESInSE s (5 551
FEEGE AR R T 6%, HAE HAREIC OSMEEIT, [URSERSCH 5 B 5 | St RE S v i SR 4 17 B JORS
£, TE AR OSM Budls 58 B MEBAR A AR T, o mT 500 P o o ek AR 285 ) M R S 17 5 VR AR AR AR
KR AR, BEEN, BEGEE, EREE, OSM
HESES: P2
S AR BB, AR, ERA, 205, ML 2025. BREMNELREFES I SHERSGEAYIBIE RN % EBEER,
29(12) : 3609-3625
Zhao S X, Zhou X G, Hou D Y, Guo J and Liu H G. 2025. Domain—adaptive building extraction method from

remote sensing imagery that uses shape and position priors. National Remote Sensing Bulletin, 29 (12) : 3609-3625
[DOI:10.11834/jrs.20255067 ]

Al o= o JEHR, SE A o A SR G RE RR AL
=1

National Remote Sensing Bulletin & & 5 4

23 B 254

Hi T ST IR T B S B EE N A —,
YA iff 4 BUHE S0 300 5 S % 3 T R o B R
PURIEASG . AN SR B L (1
{7, 2018; Z:MfEss 25, 2022). ik, B
— H B B AR R A Oy ) (FERR
2020; XL 45, 2023; BRiad 5%, 2024).

FF 18 GG S S B U 1L AT DLy R A
G507 VR R BE 2 2 7 o AR 5 ARFE TS LA

Y is B HE: 2025-03-19; FRENZAR: 2025-08-23

FRAE DL R SO E S, 256 B XA @ RHER
HURBEAY ) ] (8 53 F) 5 A AL (Cote 1 Saeedi,
2013) . MW RE (V& E %, 2017; Wang 5%,
2015) SFIBAS AL PR A SR I, SR L 5
T A U] SR R, — 1 e OS50
BT AR IUE 1, 53— J7 T il PR A 3.
VA e LA S B o B A SO, R el R A PR
R SRS AR HIR I, R e R 3 1 1 52 )
PR (XI5 45, 2024).

E£TH: BRELSUEIT (45 2022YFB390420501) ; 58 5 = 4 g & 5 1 H AR W 79 4 TR 0F 50 b o0 IR O (2 5 -

3DRS2024Y4)

FE—EEE N WA, W 10 18 B8 Ref# 1. E-mail: zsx2020@csu.edu.cn
WISEE T BRI, WF5T 5 10 Ry ik 2s Bdliks 2 A2 88 S HFE 347 . E-mail: houdongyang1986@csu.edu.cn



3610 National Remote Sensing Bulletin

ERCEIR 2025,29(12)

AR, 38 G 15 HE ) HE A 7 S A
TARAE IR o 1) Bds SR s e R R (B WRE 4%
2024) o BRI A E] L S A E R B A )
B R AR o3 o e VI 2R B A IR 2 T AT DL A B4
AT B b RAEBE ) B B R R HARRE (FR&
4 4, 2024), AN, JEWRZLEF (2023) 7E UNet
Al b3 it D-UNet #EA T @509 9351, Zuo 55
(2025) FIFHIE X435 25 1 22 [ B AR F AL 8 55
R A SUYIRE A M4 CFF-Net, [A, 35024
HTE TR A 28 0 445 SR FE ety 15 | A LA 24 R S5 4%
G T ERRYFRER SE AR, B RUR A 1 5
PHESR . XA AR AR AR AR R T 1% 58 7 B il
fEREPEOL 3, Mu oy R T UR B 2% 5 1 &2 A R 1IE
MRS Fln, 23R4 (2023) FIHIEA2:)T
VRFIEY 70 i o3 i B S A5 S, A A N )
HIRERE . Yiming 45 (2024) 454 8546 ER T
T IR I R T HE A HE I

SR 3 SR 0 s 25 R BBOHE B R L A AR
HAZ KR A RS L FAER A 1 45 8 2 A 2 [m)
S, Y ZRREACE LS8 4 B 55 T I L A A
RPYIRmeA GO 53R A5 (HrED)
] 23 FEAEAS [ ARG o0 A, S B0 B 2 > AU A
IR AR 2R LA A R 3 DX SslORS B2 22 B
WE IR, BT, S RNRAf LR B {hh]
R B, HOE W S IR S E bR S
] Y AR AR ALY, X 5% XU A R 43 A, S B
PRI TN S HERE (T 4, 2021).

S8 3 R AT A4 T MR RN W vk . o
T Wi 3 17 2 B X R A AR AR AR S . H bRk
TREARRRZE 5, I, Tsai %% (2018) HK:T-%ii
2Bt AdaptNet, i P IORE AN 2R R 2%,
XoF S R SR A S0 285 S A i 1 43 A 25 . Shi
& (2021) B TR CycleGAN, K %
G A 423 B AR BRI R R 3 A, 42 T
— P ZE B8 3 G R R G B A SR R 4%
Peng % (2022) 454 WU H AR 7E BIG . FFAE
g i) 2 290000, Bt T 2 RS R N 4%
FDANet #F17 S B0GE R ER I, SR, BT Hiw
B = W AR R, VRIS H bRk 2 R 0 B o A
AIREAEAE R 22 0E 5 35000 W Bl 1oy 0
AR, HL YT MR Sl 0 AR 4 U 1 K g
F0 43 I ST AR G A RS RN H bR e 0 S AR
Tl B AE X 55 o 2 W B R 0 A H AR A

T RARERIRE M EAMY M EER, TR
B AR 53 A5 X 55 . a0, Basak F1 Yin (2023)
BT —Fh e W B R B 1Y vk SSET, 1 4B iE
i 7 Sl SR 1 2 S 1 P 2 RS A8 B R A )1
Pt g, RG] 109%—50% it o) A H Ak
FEARGLAFA . Yan%5: (2024) 421 T —Fpf
3= B3 I HE 4 SS—ADA,  [R] B 9 J5 A 2 A
25% H5 e LU A5 A H AR BUREAS B E B AL 1)1 o
T ONPRZE i . Yang 55 (2024) 7€ FE8h2e > 1
N, DN H bR B IR SR AR 43 A B S 1 R
o IR R, VR B AR R 2 T AR A
AT NS . bk W Bl iy 4 e 1 H bRk
Y PEIOE B, HHA RO T B AR R
AEE B S iR, JF /D SRR AR Rt 2
5 SRS G, AHT A RARIC R .

et [0 |
=] —>1

= _I\V )
% e
RO e

DY £ 4
HEsER A

RELSUNl<
T TTTLTIT e

SR 7Y

—
; I
SN

SR NG

F bR 5 H bR %

B A JCIE 5 iR R R U R (R R RN
IERRERIG L1 AR A s S O R R Tk )

Fig.1 ~Comparison of extraction results with and without

ERZRCE IS

domain adaptation method (White indicates correct extraction,
red indicates false decetion, and green indicates missed

detection)

PR b, AR A B HEHE R B AR LR
2 5T WK 18 AR U b FEESCHE T AR 7S (A4 5 AR AT
F0 A5 A IR A Y A TR L o BTN Kang 5§
(2018) F1 Zhang % (2020) #] F§ OSM (Open
Street Map) EHa 5 B N TAREREA , BT P B4R
RIS T FRA A S 42 B, Cao 1 Huang (2023)
TE B bR 2 58 A i = 5O FRVIESL T, 15 B AR
A R R A S R B S . ATy



RRLRET 25 TR G OB et 5 B 7 3 A TR B AR L S s 1 S Uy vk 3611

AU AE BB ) 4 SRR B 17 AR 105t 4 40 )
A, ORTE RS S AR IBOT I . e Ah,
ARPREAE S v] REAEREAS RS | R MR i DX
R 2S5, SEOCE ST RIBI i B S
B (Viana%§, 2019).

T, AW E R R SRR
Rl T SR A5 GE R AR SR R0 AR TR b RSB 25 S 5
R, R IE RGBS R IEZ e, b
PRBUTE ) BT AR SRR AN 2, R IE
ARG AL E SR AE B 55 A S B SR O 1
B, LA HESIYIEE. Harris, ZEBORIN A%
LSD (Line Segment Detector) 25755 H sh#2 i H 5
BOZAR S A, JT A G IR SR 2 A n i)
P s, 53508 B H PR REUE R e 5015 B
SRIA Bt T AR B 4 T vk 55 AL AR e
FAER SR . BRI Ak — S L A7)
FIAREE X G2 A0 H AR I OSM AT G2 5 o il R s 5 H b
B E SRS . SR, R TR ) B G

_____________________________________

XL S S HUB R

fr BoE5
o 9 e i

£
Y

(DAt s
i e

—
Epyo

SO, R IR RS (5 B A AR pR L,
DA o 7 A 258 JC s B R A ) A sl il = S SR 24
UM Ly W B LR VA oL v RSN (A T
Wi SE BRSNS, D AR
fHE.
2 W5k

AR SCHR Y BT 1 T AL A U AR R R
B, e 0 B R RIS 02 ) S U 34N
BARER BRI 2 fiis o Herb it Sy fy s S IR0
Hegp &R S5 80 . Harris Fl Stephens (1988)
S A B9 H AR O ST A SR ERR IR
S S ST BT X E AR IR OSM XS 2 F R 8 b 45 vh
EHLGIURC SARY/DOE e S - ST SN R | AR
BRBCIEA T AR e 4, TR IR 2R i A % A o i
XS T > 8 BORE LK £ s R0 3 2 451 % ek B A S I
MRIEHAF B, w0 BRI AR A s
B, A B R 2 B IE] 5 | AR 25

%2

PR

Fig. 2 Technical roadmap

21 ETARSMBSZHERKERESRRN

BB AR P B RS AR YA
Ze5 (R0 2, 2023). ERAYITEREXT LR . ML
WM &I AL M i 25 55 T T A W SRR AR o AR SCE
S STV RARE , PR PRI ST A a5 A0
SR GAT AR SR AE B

2.1.1 BfriEESRYRESIRE

H AR kSR ST A s O S 22 ST H 2L
MBI (Morphological Building Index) (Huang F Zhang,
2011) AR BAYIEROR R HREZ G
RS RSB R TRERS S, ML EUA
SLART LS HLE X P 7 S AR b B e ) R
R o AT HE— 2P AR S A O S S
M, TR RBRLEEER, AR M A

— oA K G RRYE X AR S R
ASCH BRI AR B Y A S0 B sk O BRI
K2 (¢) P, BARWT:

(1) IHHEIESFEFYIEE (MBD ., #1434
HIESEAEEWN, THE M IEREH 1 DMP,
AR
DMP,(d, s) = IWTH(d,(s + As)) — WTH(d, s)I (1)
A, WTH MBS ZFAEEMZER, s 35
FLEMELERT R I MR . MBIEEUTA A X
wr

DMP,.(d, s
2 D x s( ! 2)
K, S=(8,. = S..)/AS + 1, BB RIEILE
R EHTT R RERNER, H RS, 5 LRS,..
LA ASHE , D Rt S T B 8 7 1) 48

MBI =




3612 National Remote Sensing Bulletin

ERCEIR 2025,29(12)

(2) A s B EC . A Harris £ 80K T 2%
(Harris F1 Stephens, 1988) 7£ MBI &% b4 e — &
DS O, MR O K R A AR A
FERGARRAE(E, $RECRA ARRAE 5 A A 0 PR B
N W (Il
R=det(M)-k(tr(M)) = A\, = k(N +\,)° (3)
Ao, ROV SRR, MFoRE D ShaTE 1R
EIRFEAEIE W B A, det #7420,
FORMEREMIE, FRNAHRERZBFE, KX
WA — R BRI B R 0.05, N, N, AR M T
AN

(3) RN E BRI, A H Canny & %
(Canny, 1986) R ALH LA Bir,
W I B R B T ) R R (B AR B Sk 00 2% 05 LA AR AR
% EREEBEIR G G (2, ) RN T 6(x, y)
sl (4) A (5) e

Glay)= [H(xy) +V(xa) @
V(x,y)

6(x,y) = arctan 5

(2.y) = aret M) (5)

Ao, FIH EAROK BE ) — By T BOIR BRI
EADT 1, LLH (v, ) BRI S5,
V(x, ) RIEEE Ty FEL

(4) HEFY AL uE . Xtk g Bk T LSD
BRI (Von Gioi %5, 2010) #:4E, &idskBiE
. AT VGRS SR H AR AR H B
YRR B LR A B, B R4 A AR R
i ST AR R XRG04 . FE T 5 A
MENMERFYD G R RINA, ACER
FLER B ISy B ) 3 AR YE R v X, R b IX
3 AT B AR VR R IE A B AR e, 92 o XA
pilt EuRiiyi]o

2.1.2 RIS ESRYINSIRE

AP GME LA B A shfEs fE R, A
SO B 0 2 A 16 ol TRUUR 28 B 2R A, (AR IR
SAUNGR o BUS AR HERR 1) SN K 3 M5 3R 1wl
NI 3 MR R BN VR SR %, T
i 5 N D 2R Y 25 SR AR

ARICERE 25 1 H AR SR A R 5 SR
YL AR IEAR SRR A5 B, T ATE 5 SRR AR X 57
R S A AR A — D7 T T H AR

PO AR R 2 TR X SR A R, R A R X
5 YR 5 o5 — T 1 AR AR ) i 5 ) R S
A EIE A, e B A SR AL AL o X FR 7
FURB S A7 R0 5 S 17 199 2% X AN ] 504 3 o 30
WY SRR RIS B RE T

22 ETEHHHENCELSREEME

22,1 ETFHEANVEANSHEEEHR

BT OSM £ 45 7] GE A7 7E 1Y 28 ) J& M F i Il Rt
ARG LEBAR TR TG (2019) FEAR L U8 T7 1
TTEE OSM X R 5 A5 0 210 SRR B, BBk T RE A
TEHE IR A OSM %di .

Z PR T OSM - 65 B 7 2RI A e B ol 72
OSM 548 38 25 25 A7 A5 of B AW [ . AR T 4230
52 A A AN K T R B ) R SR
B (Viana 55, 2019). £HXF BaRmET, A5 A
e RWPIRLCAE RS2 B B E g, 2
B 0 R NPT BI4E B 2 RS AE 2 WIE N S £
WIE DGR ERE . R, BE5Y5 EY &
KN Y8 0 5 6 JE 58 S0 N R, L4200 X6 7 X B
AL . OSM B 7] REAF 78 A A7 B D % L 52
SURS N5 LR e 1ol il 2 DTN o R TS = S o
{5 BB IR 34 DR B f K P D0 (B 80 A
ME— (BN, FrifERE 0K N UIIRA TTES) ,
AR SR> OSM £l X G A fil H— A~ e RNV R
ANHEAME -, BT, ARSCHI RN
G B0 30 5] b 0 e 45 5B 05 B m i OC & .
Hodr S R P U [BRf [B 0 FE I X 42 bty TR
BRI E, DUIRLC ) (5] b AK 5 BT bR 2K
Bk, AR LA E R 0. HAkp
FRFRWMA (6) PR, FHad K3 R,

A=
0(x) == (©)
Kb, QFm OSMBURII IS LB, +%
R L PR 2 5 B B OB, - it
i OSM 448 56 i de R N UT IR R AR K BE, 4 =30,
o MENEHTPRE I 25, A NIERE B, fi pRAL
FBUETEEY RS [0, 255] BYGICIKEEILH .,

222 EXBREERES

A SCAE v 3T BRI BSORE OSML A S5 49 % s 5 40
e Ry 1 22 W 25 T gy T Ab B 5 SR BE IR, AR A Y
IniEE S AR &N, IR A B 2% AT I 2R




LR 45 - TR S A B e (5 B9 1 5 AR B (R S i

N RO 3613

AT LA B AR i — s i S AR IME B
WE 4 FrR . A EE X E OSM £t @ilA 1Y b
JINTE AR R AR A 00 YNZirb, P58 A X 7 B8
PR B A N, AR TR =X 5 5 A5 808 JE il
DAl AR TR ) ) B i AR

255.00
_,Mm 50’ / \

ffﬂ%ﬁﬁ%%
3 sy T S i el 2

Fig. 3  Gaussian confidence transformation process of

building contour

< b
S
K4 BhnE E Y flA 7=

Fig. 4 Integration method of additional channel

N T FEE T OSM Bl i S5 B, T ik
T d5 i 1 $ 2 R v 22 b SE A AL T 538t U 119 1
BT . ARG OSM A S K 55 5245 b o L )
AP IE I E &R, AL S H U o8
RS HER AR, IR 5 R o TR BN A )
M P e 3 208 D ) W OSML A ST 49) RS Y 35 2
W) 2 6] L] . BRI AT

Inter ( Areagy, Area,, )

> T, O]

Area gy

A, Areagey N OSMALER B XK, Area,, HHEHL
A S AR A X I, Inter 18 3¢ 28 45 DU L #24E
T, RARBAECEILE SR, T, BORE, R
OSM £ 40 DX 3 P9 A 7 A 0 e SR ) X Bk &2 . %
JE 2 OSM i T #4058 35 B8 5 1 SR AR AR
FVECHIE D #4455 £ () BRI oF JE Pk, A T, 08
0.8,

1L

(a) BEFR (b) fREFH
(a) High overlap (b) Low overlap

L BT S I [ NVE e

KI5 OSM %da & his &K
Fig. 5 Diagram of OSM data overlap

23 BT IREIEN RIS E

T Gk A IR EOE = B AR, BATR 4 E
PEMAE R RPN G, e R AR E B
AR R AR o XL 27 > B TE R WG 20 4 1 25 )1
YR Be A AR AR N SR B, A L9 e 5 00 2 R A
LA RE ST, B MR AR A s h i B 2k
IFi) A 5 K A VR Sk RN A 30 B AR LR . AR S
BTE T B TR 2T 1 50 B 4 R Y
AU_AdaptNet, HiAE s RS 0 25 P A3 2 . L
H, JrEIMZE AU_Net /AR AR, ST R 2 i
S PSS SR A WS I R, S £ T U U
5 HARIT A R0 oA — Sk

2.3.1 AU_AdaptNet S {kZ24#

A SR B I HE BB AU_AdaptNet 20K 6 fir
o H, o FOREEEE, o Ron H AR,
¥ g Ty e 3N N HEL ) I 5 B R TR 2%

T eomner T F oo 3 R 2.1 5 R B £ 05 R0 H 215
B, FL N BRI . R AU_Net H G 3
N, BREH DR, L, Fomxiik, L, &om
TSR R, L, Fom R AR, L, Fn
H AR5 A s o 5 3R A 50 0 4 R R 3 2 1)
TN EE S A, BAR HARIEUE R S 238
i, ARAOR S T RS S S XA T



3614 National Remote Sensing Bulletin

B 2025,29(12)

I AU_AdaptNet

Tl Losblnak Il High-block IV Mix-attention V 35laD
Input (Hx () Input (I;IX w=C) e %szvi/%{ljc) mi‘”
| IRZ4H5AE |
= % ‘ FEAL
(X IP1)
D L@] Relu
; e 12
335H P
Y RS
3 ER (1x1x0) G 1
% Sigmoid
Sigmoid
Output

Output (x%x20)

Output (FxWx %) Outpu

&6  AU_AdaptNet 551 4844
Fig. 6 AU_AdaptNet architecture

AU_AdaptNet (511 2552 B2 1T LA 434y 55 518011 45
A RSN 2R A I BE I AR EAR 3R . Sorh, P
JEoR BRI B S IE B B L Py R F BRI
RSB RE A bR w 43 B R SR O 75
fge, p(p)" " AD(P)" " 43 F R A
FRBR TN 45 52 phy S ) B8 B S SR . PO ) (1) A
P20y F A ED(P)" " RD(P)" AR5,
B4 15 0 B3k AR . K SCHLAE 26 I 2 11
ST 4 SR I, 1R A KR 55T
(LIRS 8y o 2 SR REIT 4 O Fry B i
SR, AR A KOS B AR . o 51
10 A3 AR FREE FH BCE #5125 pR A 148

S BRI B, 2 5 28 o A B
i, A R S Ly (P ) AR -

Ly(P.) = LRCE(D(PS)“"“‘), P“"“)(l)) _

> Stog((P)")

i=1j=1

(8)

540 2 ey A AR BB, T R
SR Ly (P ) IF
Lo(Pr) = Lo D(P) " PE)(0) ) =
_221(%(1 - D(PT)“"”)
TS AR SRR 45 AT — YA, 2
— R GERE Gt R SR Ly (P) A h

Ly(P)= LD(P%) + LD(PT) = _IZ,E(IOg(D(P‘*)(m) *

i=1j=1

)

log(l - D(P,[,)““”)) (10)
AR ZRB B, b Tl B bRl A AR 1
s S A A AR T YR, 15 AR X H AR
XLk L, anr
L = LB(:E(D(P'l')(hAVNV)vP(M)(1)) = —iilog(D(PT)(m)

an
A e X R P AR ) e A L 2 5



RRLRET 25 TR G OB et 5 B 7 3 A TR B AR L S s 1 S Uy vk 3615

T, H BCE# K sRER TR AT -

Lo, =—(7.log(y.) + (1 - 7. )log(1 - y.)) (12)
A,y BRI R A AT, %
NI ER bR 215 R H -

A Fir 412 A o504 T A S 0 DX 38k A B
BT A e R AR, IR R BUAE B AR 2k
AR, L., X (13) iR,

_ Sum,,,

Lo = 1 13
corner Sum l ( )

A, Sumy, FoR 1 2.1.1 5 F 9 A AR RO,

Sum,, #/% HE A H sk 0 25 5 56 A0 A AR
BEXF I GARR KB L, IR, RSl

BCE#iZk k%, =l (14) PR,

Ly =~{ 7t tog () + (1 = T log (1 = 7.0,)) (14)

R,y TR A E AR BN, 7., PR

2.1.2 A5 B LS S h S bR 4%

XFHU R L, S5 Ao B L, A AR
Lopors BGIK L., FHEE A B 2] FRAR R
PRI (15) 7R, Mg Nemes Neer Nos HAS
PRI A AL
il = Nl ¥ Moo Lecomet Netge Leage + Nty Lug, (15)
ZE b, XU ) MR H AR e ME AR R
H A, TR e Rk a0 g A Ay A Rk
U A A

232 HEREREWN

Fl5 T B I HILEN Y 43 FI X 2% AU_Net DL U #4 1%]
IR, ARERHARHE TS (Low—block) &
AR AR R 0 25 E) Ak B, ) B 185 in R A 3 18 4
WREG EFUER, mE6l iR, mZ2Rty
AEFHE R (High—block) %K & K% 123 ] 4
FEMATEE, WE el fn, BikERE S5
AT NHLH (Woo 2, 2018) M= HIRS
R (Mix—attention), UNE 6IVHEI/R., 25 4%
B A e AR AE 28 A S5 [ a5k, 4
WEIBEZG SHEH0ON 2SS, BEEAE
T ik A B VE B OSSR, s E A
AR, A AFEEIRA B, W REE A AL
BHERFEEMEZEIERGR, WmERY AR
SFAE, P 45 H bR S G SRR
T 257 B £ 2 J2am A, 43 ST g SR
IBUES 3ty 148

232 KFISELEN

B % S ST P B I BRI, R ) LR 55
S Xt A B R H R A H AR, AR ST
S ZR 25 S A RUZ AN, ECh 4x4,
Koh2, BIEEHHR {64, 128, 256, 512, 11,
briJa— 25, B EBUZ 5 mAA —1 ReLU
TG PR

3 SREESIE

AWFFEILBETT T 440528, LIPES A SO R IE
ARG AL E I AR BT | T 0 H SR el 1 e Uy 1
55 VA SER VAN 1A S5 R 1 U S v O
A, 05 H AR DG T B A B O R AT X
Foo 25242 i TR ARSI 15 B0 B bRt an
Pl R mY TR, JF R 5 A SRl AL 25
MRG58 3 S PEN T B AR M A
SR HERR BEE O, Sl R AR O TR A S
BGE N SRR T R ERE . 5 4D SIS AT L R
FelfE BN B bR S S A 25 ) 4 B VE
3.1 FMERR

N TN AR SO NG R, S5 300 I i <
(Precision) . ¥ 4% (Recall) . F & & (F-measure)

MAZ I ToU  (Intersection over Union) 4 %E & TF
WrAabr. & LBl .

Precision =‘ii%2?ii§ (16)
Recall = oo (17)

P R
oyt
loU = FP+—$§+—FN (19)

A, TP AIFP 3 5 27§12 HUAE SR P I B AR DR 1Y
BEMGR, PN FRRgastiie i IEF SRR Bt . FI8
Pt a MBI 1 (REFLAEAR) , Ron B4 2% &
iESSE RS ip A0

3.2 HIEENSA

AR B S AR AR . K, Inria
fit 25 AR b 25 504 45 TATLD  (Inria Aerial Image
Labeling Dataset) & — 1> [ [a] 35 117 2 57 4 G 0 1)
R B , BRESH PR N 03 m, I
180 3K 23 ] 43 HE 2 Ky 5000x5000 F4 11 £4: 1145 Fi AR i
BEHARCIEE (Maggiori 5, 2017), &7 (a)



3616 National Remote Sensing Bulletin

ERCEIR 2025,29(12)

=2
DR

iR . WHU RS AR BHRERL S T 2 S
P HL X AR SRR 50, 25 [0 BE% N 0.3 m,
HIEAGZ R RN R 512x51244 25, 3181885k (Ji

4%, 2019), WE7 (b) s, WHU BRI T
BEERERAZK A 2SR E IR, 175 204 5K
1R KN 512x51218 2, A4 3R

%, BEE

(a) TATLD %4 ¥ 52
(a) TAILD dataset

L i

(¢) Potsdam FHli4E

(¢) Potsdam dataset

K7
Fig.7 Examples of datasets

Wb, AT T s B S F KU 4R AISD
(Aerial Image Segmentation Dataset ) . 12835 8 1 15
FOAR . ZhnaF . CLRRFN TR AR A5 T Y A ] DX 4,
SAGOR B AT R T A A 2 1 R RS, bR R 58
42K F| OpenStreetMap #5718 I FIHF 5t IR R %
PR (Kaiser 5, 2017). AISD $di 4 iy
SR S R 25 B B9 20 (8 DX, BOHE s ) 1A 8
iANS

3

it bt
I3

n
=
N

F

(a) FHAK

(b) ZHE (o) B (d) 75
(a) Berlin (b) Chicago  (c) Paris (d) Zurich
Y mmiElE R

P18 AISD $dfi 47 fl
Fig.8 Examples of AISD dataset
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Fig.9 Examples of OSM problem label
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VR IR 25 Fh L 50% Lo A9 4 2 57 4 ket 42 5 3 &
GG, 8 HPREAR 2 il 0—50% L LE 41 Y
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A2 B B3R W AR B SSET I SS-ADA B 4% #k IR
Basak #1 Yin (2023) FlYan %% (2024) ATk, 3
75 HARBUE FH 25% I 2k GBS LA Y 12 T A
A (MG 43 S e A 48 rh 04 E A X IR
SR B A g B An B Rl A S,
[Fi] 45 5 1 (H g 5K AR 25 TP il B 0—50% BEAIL L 191 1 31
PRI BT A, 5A SO AT .

S ZE R ARE EAN 1 TR . AU_AdaptNet il
TR R 118 5 55 A0 FH U8 3 55 40 )11 25 D) 45 1) 485
R FLFEPRH 0.6921 4873 1 0.8120, &7 1 ik
12%, #E— A4 OSM B ¥i J5 FL A5 ik 3] T
0.8317, Jf HiZ S5 25 HUAE B Rl & 0—50%

LIS X R A B RAE R T, FE HArh
AT A7 B e g A5 B, $2 O8RS
1. PIRDTC W S N B ) AdaptNet A F1
TR AH L B W S5 42T T 0.05, CycleGAN H
TAAE B GGHAT RS 4, I R X H A RR A 3
TPXFSTERAE, KGR £L 2 M R, T b e
B AR I SSFT H1 SS—-ADA 1 F1 454543 51 1k 5]
T 0.84 F10.85, A SCHTIAR J L1 0.83 g &, fH
EATEN G R T B bR s B beA . Y
H br 3505 28 h d S A 2 50% 7 55 UL B
SS—-ADA JC kA PUAT Bt A s B i AR, F
FIToU $5 4584390 F B3 0.7542 F10.6213, SSFT R
H AR BRI SR, AT SRR AS 2 AR T RS
I T DR Bl I AR ) B T SRS UER, AR
SCHTIR I 1R AR A% 40 T W 7 A B RS B A Tt
5B iR b, AR SO T DR R R I
FUY 55 AR T AR, AR T SR
B I AR EA SR
F1 AXRHFESAELLEME LB EH
i bk SRIe A
Table 1 Accuracy comparison with unsupervised and

semi—supervised methods

s . iR
D5 R Ik A e
F1 ToU
IR —
N AU_Net 0.6921 0.5534
H AR i
CycleGAN 0.6879 0.5514
T Ty Ik
AdaptNet 0.7405 0.6058
SSFT( H bR i i it AR A ) 0.8403 0.7246
) SS-ADA(HARBk R FUEAEA)  0.8521 0.7428
e W ik B )
SSFT( H AR BT A7) 0.6138 0.5484
SS-ADA(HPRBALEAEA)  0.7542 0.6213
AU_AdaptNet 0.7726 0.6381
ARSI AU_AdaptNet+shape 0.8120 0.6796

AU_AdaptNet+shape+OSM 0.8317 0.7012

HAREF 25
MRy
TE - MO B AU B 7 i AR SOk R B R L

AU_Net 0.8937 0.8035

42 BREREFEERERMESLR

ARSI FHITAILD . Potsdam 1 WHU 4 4 45
SRR IR SCR B AR B O e s . PRI
SRARITE H An sl ks P53k i 5 A B bR B
R IEARSEE 5 2 (Source only+shape); PHIRKZE
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ML 837 1V 2244 CycleGAN Al AdpatNet; i & i1 2
IR AT SegAD 2844 (Zheng 55, 2019); CycleGAN Fl
AdpatNet B B AR50 A5 B 5 H brdsl oy Y11 25 Fni

F2 BHBEEERKERBERAMEIRESR

Table 2 Results of shape prior generalization across all dataset pairs

o ASTEPECE A 43 5 S U5 s A B A ek 044 52 an
2R, TR ME 10 E- 12078

TATLD—Potsdam TAILD—WHU WHU—TAILD WHU—Potsdam Potsdam—WHU Potsdam—TAILD

Tk

F1 ToU F1 ToU F1 ToU F1 ToU F1 ToU F1 loU

BN Z— BAsEU®  0.7027  0.5519  0.7238  0.5763  0.6271 0.4605 0.6536 0.4872 0.7037 0.5464 0.5709 0.4096

Source only+shape 0.7384 0.5630  0.7552 0.5894 0.6615 0.4927 0.7252 0.5760 0.7233 0.5641 0.6193 0.4429

CycleGAN 0.6916 0.5349  0.4976 0.3790 0.5846 0.4208 0.6546 0.4828 0.5644 0.3938 0.4512 0.2952
AdaptNet 0.7843 0.6248  0.7966 0.6559 0.7439 0.5916 0.8035 0.6417 0.7823 0.6211 0.6547 0.5178
SegAD 0.8002 0.6637  0.8229 0.6753 0.7431 0.6058 0.8109 0.6667 0.7844 0.6253 0.6514 0.5128
CycleGAN+shape 0.7251 0.5778  0.6665 0.4917 0.6218 0.4459 0.7058 0.5325 0.6814 0.5207 0.5606 0.4730
AdaptNet+shape 0.8128 0.6676  0.8213 0.6755 0.7848 0.6483 0.8385 0.6784 0.7982 0.6336 0.6649 0.5104

HFrs e fnimif  0.9218  0.8653  0.9194 0.8668 0.9075 0.8036 0.9218 0.8653 0.9194 0.8668 0.9075 0.8036
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Fig.10  Visualization of shape prior generalization experiment using IAILD dataset as source domain
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Fig. 11 Visualization of shape prior generalization experiment using WHU dataset as source domain
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Fig. 12 Visualization of shape prior generalization experiment using Potsdam dataset as source domain
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Fig. 13 Visualization of building corner points extraction using different methods
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e ST AR K, AR T A SR A A5 B I A
Ho KREZZ b IR AR 51 T3 30O T 5
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R 3t Py B 2 W0 o DAL 5 AR ARG 2 DA S n]
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Table 3 Comparison of building corner extraction

precision using different methods

1%
WiRZS TAILD WHU Potsdam
Harris 43.75 32.53 38.49
MBI+Harris 83.54 76.42 64.82
Harris+LSD 79.28 72.95 88.61
MBI+Harris+LSD 90.54 90.24 91.72

T LA AR A R
F4 FARARRRAENEFAMRNER

Table 4 IoU of building extraction with different corner

extraction methods

YIRS WHU->IAILD TAILD->WHU
Harris 0.4273 0.4416
MBI+Harris 0.6004 0.6127
Harris+LSD 0.5886 0.5834
MBI+Harris+LSD 0.6412 0.6758
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Fig.14  Line chart of extraction loU for buildings with different
grid widths
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4% (BaseNet) RYSZIGZESL, 55GHT HAREELA 0%
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Table 5 Accuracy with different OSM fusion ratios in

cross—domain extraction

Al el Recall/% Precision/% F1/%
0% 58.20 67.16 62.36
25% 62.51 67.68 64.99
50% 66.18 68.11 67.13
75% 69.19 70.12 69.65

BaseNet 55.39 67.19 60.72
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Fig.15  Visualization of building extraction with different proportional position prior information
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ZHAO Shaoxuan',ZHOU Xiaoguang', HOU Dongyang', GUO Jing*®,LIU Huaguang®?

1. School of Geosciences and Info-Physics, Central South University, Changsha 410083, China;
2. Hunan Engineering Research Center of 3D Real Scene Construction and Application Technology, Changsha 410000, China;
3. The First Surveying and Mapping Institute of Hunan Province, Changsha 410000, China

Abstract: Deep learning is an effective approach for building extraction from remote sensing images. However, when the distributions of
training (source domain) and test (target domain) data differ, the accuracy of a model trained only in the source domain substantially
decreases when the model is applied directly in the target domain. The domain adaptation method can overcome differences in data
distribution between domains, thereby improving the recognition of building information in different environments. It increases the
efficiency of urban planning, post disaster reconstruction, and land use management. However, the difficulty and cost of obtaining target
domain labels in building domain adaptation extraction are high.

Current methods do not fully utilize the invariant properties of buildings to provide cross-domain consistency constraints. This study
proposes a domain-adaptive building extraction method from remote sensing imagery guided by shape and position prior information. The
approach has several main components. First, building corners in the target domain are automatically extracted through the comprehensive
application of methods, such as the building index and Harris operator, and the edges of labeled buildings in the source domain are obtained
using image morphological processing. These extracted features serve as shape priors for both domains. Second, a Gaussian transformation-
based method is designed to convert the OSM objects in the target domain and the labeled objects in the source domain to position prior
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information in the dual domain. Finally, a shape loss is constructed using the aforementioned shape prior information, and training
constraints are provided for buildings in both domains. The dual-domain position prior information is used as independent additional
channels to superimpose image layers to form a four-channel input, enriching the building information in the target domain. A building
domain adaptation extraction model called AU adaptNet is also designed based on adversarial learning.

Experimental results show that the intersection over union metrics of the proposed method can be improved by 15% compared with that
of the base generative model without domain adaptation and by 6% compared with that of the domain-adaptation model without added prior
information guidance. When the target domain has no OSM data, domain adaptation accuracy can be improved by relying only on shape
prior information guidance. Under conditions with low OSM data integrity in the target domain, comparable results can be achieved with
semi-supervised domain adaptation methods by using high-quality target-domain labels.

The following conclusions are derived. (1) The proposed method extracts invariant features (e.g., corners and edges) from source and
target domain buildings as shape prior while simultaneously incorporating crowdsourced data from the target domain as position prior,
resulting in a building extraction framework guided by shape and position prior for domain adaptation. (2) When OSM data in the target
domain exhibit low completeness, the proposed method’s performance is comparable to that of semi-supervised domain adaptation
approaches that utilize high-quality target-domain labels.

Key words: building extraction, domain adaptation, remote sensing imagery, prior information, OSM
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