1007-4619(2025)08-2658-13

National Remote Sensing Bulletin i & 5 4k

ERERAGTBEMZRERERIRNIINS
52 T 4 7 BN ) 4%

R di, B g, ke, Ee

1. = K R TR L OE 1

WA TS LI, H S 443002;

2. W THRALS (R, T 443002
3. =ik SedEIE L, LB 443002
4 RICK: MRS B TR F R T A S5, 2R 430079

B OE: AR Z AR SR BOR S e P R ST R BORERT, 2t —Fh Al A oy A 2 UL
SPBA SRS P 2% . B e, AR AR, SO —Fh BRI G 3, AR U
S EARFLZARAE, WoRxr S Y SRIERE T . S5, BTG WAy s S AR b,
Fy g — MR 2 RO AR AR MUY 32, SRFE/M R BUR R R EE R S ARAE . fed, 5 B I AR BB AR FIIL 2R 4
fiE, 25— AR AL SRR A A B B iR 45 pR K, DRAE I 28N ZRad o WL T T SR 4 O 4 1 1)

LY ARRY], TR IS BRI AT AT A

KB : EEGEAR, PRI, WEE S, U-Net, ERAGHE, Wik, ZRE, BER

FESES: P2

SIMtEN: RES, 8, 803, KRG, EIE 2025 EME R DL BN S RERF BRI NS @AM B RFHR,29

(8): 2658-2670

Song B G, Shao P, Shao W, Zhang X D and Dong T. 2025. A two—branch building extraction network integrating
main body and edge separation and multi-scale information extraction. National Remote Sensing Bulletin, 29 (8) :

2658-2670[ DOI:10.11834/jrs.20253549]

1 51 7

fE R PN S W ga e 07 N1 B g U= R N4
RS i i B2 SRR S0 6 3l T R L E SRR L ik
FAHURI . b A R A A HE R
o Bl AR AR R R, 3w G R  HER
MOk R, R BRI IR LB W R
FIANFEZRB AR, w5 T By 3R
PR BRI . 2 LHAEREE, B
VF 22 18 B S B2 WO 1 RS A e 1l (Li 5%
2022; Luo %, 2021). A4 {d HH LIS AR,
BT VR R BT R4y o W, AR e SR A R IBORD
TR B2 2] @SR I

5 5 38 R S B B R I T A S
WL SO, R, RREE B N TR RIE

rfm HEA: 2024-01-08; FENZR: 2024-08-04

S (LidE, 2015; 259h 45, 2023), SRIMTA Lk
THRFIE XTS5 M R AERE T B85 . 12 Ak A I AN
S A% Gt R HUY) PR Ty A R S5 DT AN R A
FRAR PR ISR

BEE TR P S BRI P & Jg, Hoplks | A %iE
SRR, AR TR = T R
PHRBOTEMARE (Luo %5, 2021) . i EREHY
PEIBCA T 1 — Pl SR S5, BRI R
FZXaohEsy (R SdEEsMY (s W
o MTREE 2% S BOR B R SUFIEE S B B 45 a5
Hg, RIS P I AR AE LT PR PR
(1) AR EZAR | S5K R 5, SEEHY
PEWCA BRI SE R, BN S 45 5 st e
(2) MRBUE RN R, RERI TG

EETIR: HEARBAIES (95 :41901341) ;91404 A ARLF#3L4 (45 : 2024AFB867)
E—IEEE N RE I, U5 o i & E A B . E-mail : songbaogui@126.com
WISEE T #IE W55 0 R i@ R B S AL B . E-mail : dongt@ctgu.edu.cn



RETT A R G538 TN 22 NOEE AR B BB L5332 S B B 2 2659

N REEERAE, (BN EERS ZR, B
T S R B BORER . B TR 2]
FA) A SR 2 BTy 1 22 0 DA 4 4 B 428 D 245 2Ry Al
BEXF F 3R PR SR B B A T I

EEXFHE — APk, Zhu 55 (2021) 42 5 —Fb
Z P AR I AT 2 BT $2 BN 2% MAP-Net (Multiple
Attending Path neural Network ), 3 15 X} 55 2% B 42 15
AR PR, RBGERNZREFE. NA
BELIZ R FY), Sheikh 45 (2022) J@id
B 231 25 18] 4 - B LA H S U-Net 25 B 42 1 —F
iy 2] 3y 1 SR BRI 2 . Zhao 55 (2023) ALl
FH 2 RO RS2 BF R AIE 2 B 2 F1 22 B AR A 2, 42
Hh— B T 22 RUBE RS2 Y A A AR I 4%, ok
Fe 4 $E WO S Y 2 ROBEERFE o Tian 55 (2022)
Pt — b T AN R O S R 2 R A
SN 4, G TR BRER I T A S AR E )
#i e CBAM (Convolutional block attention module )
KARI Z R RAE . BREZEAE (2023) 42t —Fh
X3 SCHA 2%, e AR B 0 3 A 38 Xk
TE Rl BRI G 2 ROBETR SCRFIE, 7225 A5 B 4
S b e AR s I A ARRNER S ] 03 A AR AR IR
B2 RS [ AFAIE, SE IS i A R

EEXTEESI FARIBURME, SundE (2018) H45E
o)) 56 5 HE I8 S B 28 (M 4% CNN - (Convolutional
Neural Network ) £54, 3455 XF 4 58 4 11 A 1 4
B . Jung %5 (2022) 1Sl i B i B i 20k
M HED (Holisticaﬂy—nested Edge Detection) 3K Mg
TE G i i B B WOGL R IE SRS FH 0 S o e
P fg ey st S . Yang %5 (2020) 42
Hh o i 38 0 OUAE 55 A U 4R IR R 2%, — M55
AT RIS, — L5 H TR 5 7+
3 3 VAN 0 300 A AT 55 ok 8 n % A A 0 S 4
PR

HAR BRI 2 4 B3, HRgE
A R e U SR B BT 55, (HIX SE 7 i
% S A W B IO A FE PP — A, —E R
JE s 1 BEIORCR . O [ e figk o 2 S 4 4 Y
22 RO [ A ) A, Lin % (2021) B2 RUE
il U-Net, DXIUEETS 4 130 2% 200 o) 24T 55 X 4%
ARIRAE L, RS 0 A ) PR A MEBE . Zhao 55
(2022) R Z2 R FFAEIIAUR e 15 371 5L 39 i A e B2
B, b 2 ROBERRAE AR & FiE Ui 4
SRINZE, AP IR B

AR EA D5 AR R 25 B S 3 B 2 R
JEE IR AEUAN 1 B RIS, AR AR SR TS A AE R D B B
HBUA X B8 T5 35 R A0 SC M S 28, A [R]— A
P 4 73 52 [a] Bt i BOR A5 22 RUBE {5 2R ik 2 50

Yh FHE R, BHEAEE T, —ERE L
i £ S P

BT BRI, A SCHR A AR A A 2
S MBES (Main Body and Edge Separation) F122 X
FE(E B IRIMIE (Multi-scale Information Extraction)
MRS 32 (Two—branch) P HEHLN 4, iC/E
MMT-Net, MMT-Net >R B> X484, GL4G— 1
FERD %5 B4 % MBESB  (MBES branch) Fil—4~
2 2 ROE A5 B 42 B0 32 LMIEB  (Light MIE
branch) . MBESB 73 3 56 T # REAR, A HDEHAG
THHOR X @S RRAE AT EAR R 50 85, ok
XFERYE B RIERE ST, FRRE NP IN%E
B o LMIEB 73 3B Bt —Fpid 2 o 2 RO
& P B AMCM  (Attention—enhanced Multi—scale
Convolutional Module) , #R 5 ¥ H: 1 FH £ X 25 i1 2
NEY, ORI PO ] R i SR . Ut
Hb, A BT R A S R IO K R, A
HB 7 FEACRN i SRR A B3 5 A 01 2K PR

ik P s I A S R R A 4R Inria
(Maggiori 5%, 2017) M WHU (Ji%, 2019) Ik
A 3C 7 B MMT-Net 19 201 o ¥ H 5 ENet
(Paszke %5, 2016) . SegNet (Badrinarayanan &
2017). MMBNet (Zhangf‘é"fr, 2022) . Refine-UNet
(Qiu%s, 2023) FIMAPNet (Zhu%, 2021) 57
JPESEAT X . SEER AR ARET, TR i MMT-
Net B A 4 U Y 1Y 2 RE L& E R, 78
FEPEFE B D7 T T 5 AR L T %

2 ARIOT

W R, BT A A SR 4R I £
MMT-Net f145 3 > 25> . FARA LI 850 32
MBESB. #2452 2 ] A5 B4R L) S LMIEB L
AR G R AR B B SR A 4k R, Horh
MBESB Al LMIEB P> 73 32 B4R il U-Net 2244 .

MBESB 43 3¢ S6 F i B AR, @ e i Al -4
ARIEAT FAGAGARE T8, R4 TS H S B
MIPERE . AR AR BT B2 RGN RS S
PRI, FERRGEN AR (M) Z [E) i AR
Mo HERY FRML GG BARS RN,



2660 National Remote Sensing Bulletin i & 54k 2025, 29(8)

AR B EINE S, ANRF KR 0
e, Rl e @ sy i X 3k . MBESB 4357 P3¢
ik (He %5, 2021) %5 Ay ek U-Net (Improved
U-Net, [U-Net) RpFEhi, 381 P45 H A% 1 HGE Jik
AR ESFWRRE (B 1) 5 144 R At
FRAE PR BOER AT, 2R 5 TU=-Net R 25 A1 [ 1 4 2R

16x16%256

- >NV @Y > -
eirerse o I - Y > -

32x32x512

“Haw

64x64%256
32x32x512
16x16%512

32x32x512
= > HdEiim —=> WREERE
bR [O58 4+ SE+1x 1 4548

- ) .)I!I. -L
6464128 ~atial |
------ tg AMCM B -»m >
128X12SX64i I
——————— ELUCCREg

]
~128x128x128

= REASEERE
b RFE R 1< BT

A HESYIRRIE F, o 55 2 S48 0 AR S0 B 1%
e JE R A AR A3 SN FH 2 i A B 5 3 AR
402 B4R S ZERE, TN T A
NG5 B H MBESM (MBES module) , SZE X}
SUYERE Y BRI 2505

3
64x64x128 ¥

256x256x3zi

L}
128x128x64 \ F.

3

]

]

]

! Ni/1%

POERL 5 S B

- Heksi o o
- > .':

]

]

A 256%256x64|

@ BGEEMN
PR+ 1x 1+ SR

Fl1 MMT-Net BRIk
Fig. 1 MMT-Net model structure

LMIEB 43 323 o # e —Fh 2 )2 G 2 R ) 2%
KB WOA [F] RUBE (R SRR AE Py 5, AR
ANFROEE Y REAE, T — i i 1o 2 RS 4
FUBEH AMCM 5 £K J5F AMCM L FH 31 1) 45 2 1 A
B G Z 2GR, SRR R] 2 GURHE ) 2 R
FERHIE

JIT 25 4 3 R R 300 25 R AU 2 B 34 i A 2 R R
[l % JE 3 S RUERAE . S HSWERIEF,, . H#5
Y FEAFHE F,, AUV SFHIEF,,,

2.1 FEiB%5HESH MBESB

o TAEg S MR L b, A5 i U2 1R A
TEEEA, FEERERYA RIS A A
g PRAE . BEXT LRI, AR SCHR TR AR L A

AR TR (Li%%E, 2020), B FIRNZ%5E
43 3 MBESB X £ 30 9 R A U6 AT F2 AR R 3 2% 40 89
85 Bl 4 29 J5 8 300 25 R OE 1 5 X 2 S0 40 30 2 117 42 B
BH . MBESB 23 % A IU-Net (He%%, 2021) 4%
o I ok VA S o R =7 & 1] P = e 1]
SUNTRE ST AV AP ING A SLX I L I DN
51Ok 256x256x64 2R 1 )2 RAFEE s SR )5 4l Y
TR RAE, MRIRAF RIS R 128x128%128 . 64x64x%
256, 32x32x512 Fll 16X16X512 (Y55 2 45 5 )2
FRAE o B8 Z g i 4 75 (5 BT = WL SCHR (He 55,
2021),

WAL LR A R RCRFPERR KRR AR 4 )
N BN FTAE RS 32 AN 4)2 (HLALSR 4 2 4FAE
g b RFEE RS S 2R AREE 4 2R R 445 5]



RFEDE A LMD G 85 22 RO AR BRI X3 SO ST B I 9 4% 2661

FIFTRRAE ) . 55 4 2 F05 S 245 0E, el
HORM A FARD 0 BIAL I MBESM, 52 LA SR04
RN . MBESM ASEHR (1) 4 A A 2 A A 4R 2 %
(L5 4 )2 A 52) MREIE . BE 2 9URERY
23 [A] 4 WER AR, AL 3 2 AR SRR, Xt
AL B 22 (R G2 AR A, BT DK R R 2 R
FAEVE AR 05, 48 B BUERERE . o5 4L
®, BERPAHEICHEF,, BUARZ R IECEF,.

WME2 R, FARD %5 BB MBESM 158
FIRDGRAR TR, 5 B w2 GAFAE Fy, 2R
BARZ YRR F 0 ERFEAE FL s ARG E XL F,
MFL NE2E, ERF, NG REFL,, BIF. =F -
Floo FHPHMLBUEEAEFEL . H=4, L=3
8 H=5, L=4.

F, i i %}’
! A
1
' JiddFlow
Fy "m HxWx2 HxWxC
H2xW/2x2C
- > HUEvI O FBEHM
i TSR P3ERIIER

K2 FEfkhgor ek
Fig. 2 Main body and edge separation module

AR MARAEAE FL, (L=3354) i H kAR
T () HRE R F,047 FOREE, IR L
R RS JR PR IE 5 B2 GURHE F AT
Bo (2) MEBDGHRAMTHHEAR, 3T 9K G R4
I Flow. Flow 78 51 _1- i 1 X0 2 /) = 4EHE
FE, 28 a4 RS SRR FOA R, PR 38 18 4 B 1Y
BRI R BRI MAER R MR E, (3) R
3 Flow X AR )Z HAHE FL T8I (Warp), 4
BF, () FRAE FLL o AR % 3CHR (Dosovitskiy 55
2015), RHINR 7 UL Flow:

Flow = Conv3x3(C0nv3x3(Cat(FL,Up(FH)))) D

o, Cat F#RHEL, Conv,,F/n &R N 3x3 1Y)
BRL, Up R WL LR A, 5 Sk
(Dosovitskiy 4, 2015) H Iy ikt b, A SCA A%
Flow (725 B 2E GBS B9 — A~ 3x3 B2, U
EAEGIRRAE STl G 5, P A R Flow
13RI Flow J5 , Gl B H 45 YR R Ui

e BXTRIE R 2751 %, @1t p+Flow (p) ¥4
P 1 25 ) A% ) o g A7 B 14 05, p WSS R0 0 ps
SRIGRAS Li%E (2020) AR 7 X6 84K 2 e
fE F TSI (Warp), A2 gl H: R ARERE Fro:

Fl,(p¥)= > w,F,(p) )
)

peN(p

K, N (p) FoREEp WAREL, AL w38 28 i 4k
Flow " )% .

MBESB 43 3 4= i S AN 2 RAFAE, BIASZ R
FARKHAE FL, M GARIEFL, (1=3884) J5, i
it 2 SR AR X RIE A T I A (1 1) . 55 1 450K
1 Ry B A i B A4S, RIS TU-Net A [F] 1) #21E ,
BT SAZHFEA A BRI RE F o 5652 450
X FRFDGRE AT ER . EeEEX (3)
XA 2 FEARFRE AT G, AR A Ak
FRE F, body &

Fi = Up(ConleI(Cat(Up(Fsody),Fsod,))) (3)

A, Up R ML MEH(E L oRAE, Conv,,, RnE
U R IR, Cat Fn ik, RAMIE B4
B, BT R RFL AR A NEEF,, .

WE PR, 38IRG FAEEE F,, i S8
fEF,,Jo, dEat PR TR, ARG 5R
WAYRBGCE . (1) @l (4) HHEE, £
BUE & RGAE B BAYRHE F,, AR A
A @R YRR F 0w (2) T F, HF,,
Az ol A SR T R T R 23R ] R s SR 4 0 % T A
RE, TR TR 5 OROR 3 % R AiF 4 Bl 1 5k
P R AL

Fy=F, + F, (4)
22 RERZRERFBERINS X LMIEB

TSR RE 24, JH R — Ry
fiE, ANBRARLF M DA R I SIS B . I,
AL TR B 0 2 RE B AMCM,
SR I A S S 31 U B 2K 1 I 3N 2SR, 4R H
— RN N AR BRI 3 LMIEB, LMIEB
B I AR P T SE B 2 ROBE {5 B (1) 7E
AMCM H i 3 Ff 43 1) 556 1) 24 1) 26 R 3R 3 v )RS
M5 B (2) B AMCM L £ LMIEB #9214~ 40 5%
29, PWMEAN RN Z R R, LMIEB &
BLUE A 3N SR AR 1) RS EEL,
KRR B/NOTRIE Ty B FL,  [R R F FRAR
FEAE 8 8 FOR D B R A B, 2) 7E AMCM B3R



2662 National Remote Sensing Bulletin i & 54k 2025, 29(8)

L, CRAFE R/ ETERL. 3) o AMCM
B B4 0I5 3 2R, AERTA SAZ
%o LMIEB 4> W EARGN T W E
WE 3 o, AMCM BEH 1 Se i i 1x1 45
CEBABCN 64) JEHATHE R, A iGmEHCh
64 [FFAE Fy HUGE i 5400 32 0 BT F kAT ik
M {2 S ARA BGEEE R I E W, 534
I3 SR 3 PR AFIE D, . D,. D,; SRIEH
WEFEE Wk AGENIE D, D, D;; &5
XSRS AR AT RS, AR SRR AE R I
B WA G FRAT
W =38(GA(F)+ GM(F)) (5)

HxWwxC

|
|
|
I
|
|
|
I
I

== Hliiin —> Ix1HBH

) migzmmm

A, CARRER AL, CMERLRER
WAk, 83K Sigmoid FUE PREL. 56 i B R IV AFAE
KD (6) 158, i=1. 2. 3:

D, = RL(BN(A Con(F))) (6)
A, ACon, R & BN 3x3 23112 Ky i 19 25 il
B (BREAECN64), =1, 2. 3; BNE/RitE
PRUEAL, RLFE/R ReLU BT BREL. RS H1E F 92K
BULFRIR -
i = Conv, . ,(SE(Cat (W x D, W x D,.W x D,))) (7)
A, SE KR 2 Y B Fe 3 ah 8 E R T
Conv,, F/R IX1 A, Cat TR gk,

A
I
HxWxC
OFIt spk

K3 R RE BT SR

Fig. 3 Attention enhanced multi-scale convolutional fusion module

ANTA] T 25 iz ] 4 57 3 Ak fD 23 ) 25 () 4
A S 2 ROEEREL, PT 4t A9 AMCM #2358 o
SUAGETE = I HLE], R 58 6 22 ROEERRAE 1 42
B ERCR . FIEE, LMIEB¥: AMCM B H 2% 3 2
5 EFRE, DA St PR B Fh R A S
B I S A ) RO 5 i e 4

LMIEB 43 32 A= 1l 3 1N 2 i) 2 OB FRTE S, S,
S, s (8) X IHFh A5 2 al A 2 R FRE
S (E1).

$ = Fuse(Cat(Up,(5:). Up,(5.).5,))  (®)
A, Up, /R AU AR AR VA% LoRAE, Up, R
WG E P L RAE, CatFTmgiic, Fuse Jyfl
e, Bikgimst (9) Fis:

Fuse(x) = RL(BN(Conv, . (SE(x)))) (9

A, SE R 2 i B e 8 0E T,

Conv,, T/~ IxX1 B, BRENECH C (55 3—5%i
)2 C FEE SR 128, 256 F1256) 5 BN %
AHLEPREIL, RLZFEIR ReLU 75 pR %L,

RN E 2 RS 5, SRAS 2 M U-Net
R, K AR K S LMIEB (955 2 )2 156 12
LAFESATALS , MRIREGE T I E el
SYFRIE Fo SRJGH F, 5 MBESB 43 37 28 il i 42
FYRHEF I F,, RS (9) ME I XdEtT
g, BB EERYEF,,; &EKF,,
253204 B2 A1 Sigmoid FT BRI B84 E SR A
MR,

2.3 FERFN D ST 5 Bh 1 58 15 5k oR Y

ZLi%E (2020) Jo Ak, ffBh2.270 Ay 4k
FRAE P, RO ZERRAT P, 5T 18 R SR 3 L,
P M — 3 ART 3 SR A A B B 5 A0 361 2K R ER,



RETT A R G538 TN 22 NOEE AR B BB L5332 S B B 2 2663

R AUAL E L) 4 U 2 1 Sk B o BT 4R ) i
K PRE Loss B4 3 &8 41 . B T R ALY FHE F,, 10
VR L, FET @AY ERFE F,, 0 E IR
L., M T @MY h e P, &k L, B
= (10) P

Loss = N\ Ly + NyLyy, + N5 Ly, (10)
A, N NAINE 3D R, HOE NN+
N=1,

BESRP eRB BRI, SRR L, L,
L, 4738 3o 4 B —. 70 4A¢ A% BCE  (Binary Cross
Entropy) 1 Dice P22 HL451 2k pRELTT5

L, = o, Ly (Pr;, Lab;) + a,Ly,.(Pr,, Lab;,) (11)
P, TFhri=total . body 5¥ edge; Pr R
BRI, Lab 28 BEARZEE, L Pr,
PR EERI S AR EL, Lab,,, Ko 2
S EARTE I3 B FLAEFRAE 5 Loy F1 Ly, 0 01 8 —
TCAE AR A Dice 151K PR s o, FlT o, 2278 P E
2, HI R o +a=1

3 SERAURS

3.1 ZWHIESIEIGIT

Shy S VI i 2 1 8 SR ) i O £ MMT—Net 9 1
o SR T AL AN T 8 SR 18 ORI A 48 2R 47 5
, D Inria 504l (Maggiori %, 2017) F1 WHU %%
5 (JidE, 2019),

Inria ZCHE AT A B, 45 180 K BAT
{EAREE AU ZRAE TN 36 5K AR ELAT BB FRZE A IR 4L
B FAZ K /N K 5000500018 %, =5[] 4y HE R K
0.3 mo A 55 A [ 30T DX, (46 N 1 9% 4R
FA) L B KRN AR X s 2 1 e Ll B, B 35 X
R AN 810 km® AR S HAT FAE BR 1
YII 25 48 XA A E 7 U ol ik, R FE 5 AR
[A] B4 Hb X, B Tyrol, Austin, Chicago. Kitsap Fl
Vienna, £ # X 615 365k B EH R Z
WAR

R T 43 B MMT—Net [ 4% (14 47 2800 F & 4
PE, EEXT Invia 2008 19 050 AL FE I EE 4. 26 1384y
XF Inria 5/~ Hb DX BT A BCR AT 5256, o 155 5K 5%
BAE RIS, 25 Tk ARVE MR AL 5 2384y
5 B 3 A~ $7Y 3l [X (P Tyrol . Austin Fl Chicago)
Oy ISR, BB IX IR B 31 Tk 1%
MR ELHE 5 K215

o>
[y

\
=

WHU #8645 P Fh 2 g K 48, B2 RN
AR B S . A SCRA G & AT 500,
5 8188 5k K/ R S12x512 18 Z A 1%, Hip
Y (L5 130500 A5 ) . WUF4E (A4
14500 22509 ) A4 (445 42000 4~ 2 31
Y1) 4y B4 HE 4736, 1036 12416 5K 1% . WHU
BRI PG 22 DX, B i DU
1 FUR 450 ko S2AZ R U6 25 8] 43 BE %4 0.075 m,
BARSEHEE XRLG AR A T R A, HRAEE
B A3 HEEH 0.3 m.

Z I8 H] GPU BRI, s i A 5215 J0 1 B 3R 35 1
2565256 14 G X Inria ¥ HPEA%, B
A D O FRAEKG HA™ B 2 5120x5120 18 K/, SR
JE AR . FEUEATUNRRT, KA Y
FAG P 5

SRR R Y 25 A R R B i — 3, X
JT i R T AR R 0 G R Al B 1 5 453 2K R A A
ZHIN. N Ny o Fllay, 7R SCHE T WHU %088 48
TR UEE YN 2545 2, IE XS Inria A1 WHU £ R
FHAR R BTS2 5, BIN=0.5. N\,=0.3, \,=0.2,
o, =0.8 Fl a,=0.2, XEZEN . Mo Ny o, Flo, 1
THRELSEE 20 3.3.275

KA S FRECCHR (Cai F1 Chen, 2021)
B0 4 B0ORS BE 48 bR E AT i T, BIDRS A R
Precision, 43 [A]3%& Recall. F1{HMAC I oU, f&
Yk (Cai Ml Chen, 2021) FXFHLSEH 445
K, BT X HAEE . (1) 52 ME S 5E W
2% ENet (Paszke 55, 2016) F1SegNet (Badrinarayanan
%, 2017) SEAFXTE; (2) SRS ERY
£ B ™ 2% MMB-Net (Zhang %, 2022) . Refine-
UNet (Qiu%¥, 2023) FfIMAP-Net (Zhu%§, 2021)
HEATRFEE

18 3CH P A S50 36T Pytorch HEZRSZ B, i FH
i) 5 NVIDIA GeForce RTX 3060, %5 H>
12 G YNt i, SEAQREORLE R 200, PIih2~
2 #%°610.0001, 1)11Zk Batch Size b4, H3IF Batch Size
WE N2, it Adam PEALEREARIILI K pREL

3.2 LWERHH

3.2.1 Inria#IBLEER DT

P 4 253 13 Inria 2080 Y 5 20 SR ST S B2
K. K4 (a) NEIEEAR, K4 (b) HEEARS,



2664 National Remote Sensing Bulletin

#EREFR 2025,29(8)

K4 (¢)—(h) %35 °A ENet, SegNet, MMB-Net,
Refine—UNet, MAP-Net f14% 3 J7 & MMT-Net f 3

A5, S

(a) IR (b) HAARRSE

(¢) ENet (d) SegNet
(a) Original (b) Ground- (¢) ENet (d) SegNet
image truth label
RS S w—T

SV PE A SRR, o 206 IR R A R R
2R DR AR R I R R

(e) MMB-Net (f) Refine-UNet (g) MAP-Net (h) MMT-Net
(e) MMB-Net (f) Refine-UNet (g) MAP-Net (h) MMT-Net

B X Tk

4 Inria Zda g EANIR] R0 25 5 Al ML LSS
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ENet(2016) 0.8537 0.8434  0.8485  0.7369
SegNet(2017) 0.8559 0.8580  0.8570  0.7497
MMB-Net(2022) 0.8630 0.8668  0.8649  0.7620

Refine-UNet(2023)  0.8740  0.8636  0.8688  0.7680
MAP-Net(2021) 0.8877  0.8581 0.8727  0.7741
MMT-Net 0.8001  0.8889  0.8894  0.8008

TE: MU ARRIEARAE i R BT R AR

22 2 45 O [A] J5 35 7E Tyrol . Austin #1 Chicago
34 b X S AR S R AR bR, R 2]
AL, XT3, ASCEE ) MMT-Net 75 4 P 1F
Wrigtn LB R 45 R . ki, MMT-Net 7£
Tyrol, Austin Fl1 Chicago 1 X K ToU {H 43 %l &
0.8299. 0.8117 F10.7444, L H Al 7 143 5 2 /0 42
5 2.4% . 2.29% F11.58%.
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Table 2 Comparison results of Inria dataset by region

. Tyrol Austin Chicago
RS — — —
Precision Recall K1 loU Precision Recall F1 loU Precision Recall Fl1 loU
ENet(2016) 0.8833 0.8653 0.8742 0.7765 0.8659 0.8605 0.8632 0.7593 0.8068 0.8367 0.8215 0.6970
SegNet(2017) 0.8840 0.8755 0.8797 0.7852 0.8751 0.8750 0.8750 0.7778 0.8201 0.8379 0.8289 0.7078

MMB-Net(2022) 0.8984 0.8745 0.8862 0.7957 0.8801 0.8705 0.8753 0.7782 0.8370 0.8491 0.8430 0.7286
Refine-UNet(2023) 0.9016 0.8789 0.8901 0.8020 0.8751 0.8790 0.8771 0.7811 0.8325 0.8406 0.8314 0.7215
MAP-Net(2021) 0.9024 0.8828 0.8925 0.8059 0.8875 0.8764 0.8820 0.7888 0.8417 0.8244 0.8330 0.7138
MMT-Net 0.9035 0.9106 0.9070 0.8299  0.8955 0.8966 0.8961 0.8117 0.8568 0.8516 0.8542 0.7444

T OB AR AL, R R S AR IR

322 WHUHIRSLIGZE RS Net. Refine—UNet. MAP-Net D\ M A< 3 J5 3 MMT-
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B ES ) BREG. HS 1) yrgris ORI SREHTORTTR.
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(a) Original (b) Ground- (¢) ENet (d) SegNet  (e) MMB=Net (f) Refine~UNet (g) MAP-Net (h) MMT-Net
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Fig. 5 Comparison of different network visualization results in the WHU dataset
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Table 3 Comparison results of WHU dataset

WRES Precision  Recall F1 IoU
ENet(2016) 0.9399 09455 09427  0.8916
SegNet(2017) 0.9386 09410 09398  0.8864
MMB-Net(2022) 0.9452 09450  0.9451  0.8959
Refine-UNet(2023)  0.9487  0.9439 09463  0.8981
MAP-Net(2021) 0.9493 09501 09497  0.9042
MMT-Net 09581 09553 09567  0.9170
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AT X B 4 S B A3 2% 53 2 4 S MBESB
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25 WY Rl S B 45 S 0 Baseline 8 He 25 (2021)
25 A TU-Net P2

XFF LMIEB 4332, 4t Xl 3R 4 g 147 RS
2ATHYLE AT, LMIEB 43 3¢ {8 15 i 45 4 % 2% 7
Inria Fl WHU W 2550854 1 F1E S 3142 55 0.77% F
0.58%, loU fH 73 il #& = 1.23% F1 1.06%, 1t B
LMIEB 73 3Z e A 254 FHE Y (1 14 e
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Table 4 Ablation experiment s results of MMT-Net s structure

Baseline LMIEB  MBESB Iﬁgﬂiﬂ%{%ﬁ% Inria WY
Bl A K PR AR Precision  Recall F1 loU  Precision Recall F1 ToU
N 0.8759  0.8745  0.8752 07781 09487  0.9444 0.9466 0.8985
N N 0.8791  0.8868  0.8829  0.7904 0.9501  0.9547 0.9524 0.9091
N N N 0.8864  0.8784  0.8824  0.7895 0.9563  0.9471 0.9517 0.9078
N N N 0.8710  0.8849  0.8779  0.7923  0.9544  0.9520 0.9532 0.9106
N N N N 0.8901  0.8889  0.8894 0.8008 0.9581  0.9553 0.9567 0.9170
TE AR R A
XF T MBESB 4332, il XJ Hb R 4 e 1170 332 BSEUERKR

W5 3ATILE ST, MBESB {845 4 MTEMHEARTE P
B LA P TE, Bk 1% SR A AR -
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PETHERIMERE, Hhan, FTEE PR R ECEE Inria £iHiE
AR L AHAS F 1B ToU {E 537 42 55 1.15% F110.85% -
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MBESB. LMIEB DA K 3= 44 Fi1 301 2 ¢ A 4 By 38 5 4
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Fig. 6 Building extraction results from four typical images
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Table 5 Ablation experiment’s results of hyper—parameter \,,\,,\,

Inria WHU

M h M Precision Recall F1 ToU Precision Recall F1 loU
0.4 0.4 0.2 0.8825 0.8934 0.8879 0.7984 0.9508 0.9582 0.9545 0.9130
0.4 0.3 0.3 0.8847 0.8900 0.8873 0.7975 0.9496 0.9581 0.9538 0.9118
0.5 0.4 0.1 0.8898 0.8825 0.8861 0.7955 0.9528 0.9579 0.9553 0.9145
0.5 0.3 0.2 0.8901 0.8889 0.8894 0.8008 0.9581 0.9553 0.9567 0.9170
0.6 0.3 0.1 0.8847 0.8853 0.8850 0.7937 0.9516 0.9569 0.9543 0.9126
0.6 0.2 0.2 0.8881 0.8853 0.8867 0.7965 0.9520 0.9576 0.9548 0.9135

T TR IR LR

MERSHHL, (1) BSEN . LMANWBTEXS TR LI EA —ENEEE. (2) 4
T4 H R 2% MMT—Net [ 52 %5578, 22 MMT-Net A=0.5, N\,=0.3, \,=0.2M}, MMT-Net 7 % £ ¥ $f&
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Table 6 Ablation experiment’s results of hyper—parameter «,,«,
Inria WHU
. “ Precision Recall Fl loU Precision Recall Fl ToU
0.5 0.5 0.8822 0.8888 0.8855 0.7946 0.9553 0.9531 0.9542 0.9124
0.6 0.4 0.8889 0.8854 0.8871 0.7979 0.9580 0.9530 0.9555 0.9149
0.7 0.3 0.8844 0.8876 0.8860 0.7953 0.9551 0.9548 0.9549 0.9138
0.8 0.2 0.8901 0.8889 0.8894 0.8008 0.9581 0.9553 0.9567 0.9170
0.9 0.1 0.8895 0.8803 0.8849 0.7935 0.9567 0.9529 0.9548 0.9135
s AR B
333 HESHRESH 4 2 i

AN AR M TSI g, K7
2 Hh AN ) 19 285 14 2 B i FIE s 55 B FLOPs
(Floating point operations) . [A] B}, A &7~ LMIEB
Or SRR R RO, R T Ay T B R 4%
MMT-Net P5-1>43 32 2 B0 F1 FLOPs .
KT FRFENSHENZREERY
Table 7 The numbers of model parameters and floating

point operations for different methods

WiReS ZHEIM FLOPs/G
ENet(2016) 0.35 0.57
SegNet(2017) 29.44 40.14
MMB-Net(2022) 54.47 24.67
Refine~UNet(2023) 14.28 19.34
MAP-Net(2021) 4.08 37.78
MBESB 28.54 61.66
MMT-Net LMIEB 0.92 2.34
EEIUN 29.48 64.85

MR TAHL: (1) A3 75 MMT-Net 1) 24K
oM 29.48 M, 5 XF Hb 5 7 SegNet #%31 , & T
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FLOPs }12.34 G, %y MMT-Net 19 1/28.
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A two-branch building extraction network integrating main body and
edge separation and multi—scale information extraction
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Abstract: Building extraction in Remote Sensing (RS) images is a key research focus in RS, which plays a vital role in various tasks, such
as urban planning, illegal building detection, and natural disaster assessment. The rapid development of deep learning technology has
facilitated its use in building extraction in RS images, which achieved significant extraction effect. However, building extraction in RS
images has two main challenges: one is the difference in scales and shapes of buildings in RS images, and the other is the difficulty in
accurately extracting building boundaries. This study proposes a two-branch building extraction network, which integrates main body and
edge separation and multiscale information extraction, to address the aforementioned challenges. Both branches employ the U-Net
architecture. First, a Main Body and Edge Separation Branch (MBESB) is designed for feature decomposition based on the decoupling idea
and optical flow estimation technique. MBESB generates the main body and edge features of buildings separately, which enhances the
ability of representing building boundaries. Then, a Lightweight Multiscale Information Extraction Branch (LMIEB) is constructed based on
dilated convolution, depth-separable convolution, and attention mechanism to fully extract the differently scaled features of buildings.
LMIEB introduces an Attention-enhanced Multi-scale Convolutional Module (AMCM) and integrates this module into the last three stages
of the U-shaped network to harvest multi-scale information from feature maps at different levels. Finally, a loss function enhanced by main
body and edge features is presented with the help of the features generated by MBESB and LMIEB to improve the training process of the
building extraction network. The loss function consists of three components: a global loss based on overall building features, a main body
loss focused on the building’s body features, and an edge loss emphasizing boundary details. Experiments were conducted using two
datasets for public building extraction, namely, the Inria and WHU datasets, to evaluate the performance of the proposed MMT-Net method.
Moreover, to further validate the effectiveness of the proposed method, extensive comparative experiments were carried out on subregions
Tyrol, Austin, and Chicago of the Inria dataset. Five deep learning methods (ENet, SegNet, MMB-Net, Refine-UNet, and MAP-Net ) were
used as the comparative methods. Quantitative analysis of building extraction results was conducted in terms of four evaluation metrics,
namely, precision, recall, F1, and IoU. For the Inria and WHU datasets, the F1/IoU values of the proposed MMT-Net are 0.8894/0.8008 and
0.9567/0.9170, respectively, which are superior to those of the five comparative methods. Additionally, visualization results are shown on
both Inria and WHU datasets. The findings indicate that the proposed method outperforms other five comparative methods in terms of both
missed building detections and false building detections. Experimental results on two commonly used datasets for public building extraction
show that the proposed building extraction network is feasible and effective. In addition, the results of the ablation experiments indicate that
MBESB, LMIEB, and the loss function with auxiliary enhancement of the main body and edge features proposed in this work can
effectively enhance the performance of building extraction.

Key words: remote sensing image, building extraction, deep learning, U-Net, main body and edge separation, two-branch, multi-scale,
lightweight
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