1007-4619( XXXX)XX-0001-12 National Remote Sensing Bulletin i & 57 4R

EhE CN’%.%C[CI‘%nsformer 5 5 b %\ &%@é\\/
o N% P W s BAR BY w» \g&“‘%\ﬁ
P
S
dEE, TR, BEE, BRE, dwE

1. WP E BB s RAs B AHTTEBE 538 B0 FH TR AW & fhots, L5 100094;
2. E BB R AR S I0AE TRER2#BE, dLat 100049

W

HE., LML (Convolutional Neural Network, CNN) Fl Transformer O 8% 12 W FH T8 43 PE%R 18 B2 19
HSYPE TS . SR, CNN 7RG R 28 23 MR I A E PR AR, BB U A S A AR I 2 T ) L5 i
Transformer 754 #2725 [i] )R SR A0 1 RAAE EAFTEA L . 355 S BOR YL SR R NS T i I ks . o M ke b3k
()R, AR SCHR T — BT Y AR UL ) 26 A5 T s 0 B R R RS AR A RS R I, 44 4 TLGS—-Net (Network for
the Integration of Local and Global Features Stream) , JZ#EELKE CNN 5 Transformer tH45 6, RAIZ 2R REh-4)5
FROEmL GRS, SCHL T X A 0 R TR A Y AR IE 5 2R bR SCRHER s ARG o [FIRS, 78 B AR B SIS
PR PRECA R R 25, S T ST BB E RORS B TE’I‘E%%ﬁ@ﬁ%ﬁﬁ%iE"Jigﬁ%%\‘fﬁﬁcﬁ
IR R A X R TR, PR T 1%, $“ .‘ac”
N%

%%ﬁxﬁﬁﬁﬁ TN SRR A R
STk
-S}"“‘ v, ARG, BR BRI , X7 . XXXX. B4 CNN 5 Transformer @ﬁ%i&ﬁ&%f?ﬁﬁ%ﬂﬁ%ﬂﬂﬁﬁ! .
1 2R, XX (XX) : 1-12
AN

e
LIU Yuxin, MENG Yu,DENG Yupeng, CHEN Jingbo, LIU Diyou. XXXX. Integration of CNN and Transformer for
S\ﬁ High—Resolution Remote Sensing Image Building Extraction: A Dual-Stream Network. National Remote Sensing

1

Bulletin, DOI: 10.11834/jl‘s.20243307]
e DR TR 2R B AR ) B O 5 B al AN A
1 55 .
A ) £t
R S BRI B VI TR L TR A B 2

AN Wil S U LA T T A0 R (Zha %5

2017; Cooner %, 2016). IT4FEk, Bl & HER

AT LB AR R R I 42 3B A 19612 [ 4

RF D FRTE, N AP 55 H 4 T 0

PEAIF-F 6 0% 25 H R AR L AT U e

Tﬁmm&om$§§@%u%mﬂﬁﬁmzﬁ
1%

@,%ﬁwiﬁgﬁ p e SR B 125
St ZSE T ST, W4

7=

%%%%Lﬁﬁﬁ%?ﬁ%ﬁ,wm%ﬁﬁﬁﬁ
PHAE, AR R S ) S0 B AR ORI i 5 67 3 AR R
PRIAE . DRI, A S 4R U 1k o 2 U S N
P F 245 ] 20 75 R OF RS R B 25 40 A SR R AE - LA

iR B 2023-XX-XX; FEIAR : XXXX-XX-XX
HEWB : FEZRE LS ATTRIEE(2021YFB3900503 )

(Convolutional Neural Network, CNN) A& 7E 4 557
P42 AT 55 h R B L S PEBE . Long 5§ (2015)
IR B MA N LA (Full Convolutional
Network, FCN), Z#Bf I AUZ B CNN i
éﬁ%E,&ﬁﬁﬁT%%%%Sﬁﬂﬁﬁ%%
71 . Ronneberger %5 (2 &3} %%X_ﬁ ZEARA
IZRTLR] TR R RPN LA WSRRE, JF
it 1R B R 1 T
IS SRR RGBT IR A Chen
4 (201 T T 23 3 2 1) 2 Bt AL 4 7 PR A
He (A%fous Spatial Pyramid Pooling) & WAL &
MR R R SCfRE . MRS (2022) Sealf4s

F—EFR N XFE, W57 N B IR R fEf# 1. E-mail : liuyuxin213@mails.ucas.ac.cn
WASEE T dati, WFFE 5 18] g B (6] 5 50 43 Br 3 gkl AR T . E-mail: mengyu@aircas.ac.cn
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fIF 4 FE M4 (Feature Pyramid Networks, FPN)
(Lin 55, 2017) AIALALARR K (g #1535 (Non—
Maximum Suppression) ¢x (L4 7  Mask-RCNN
(Mask Region— $ fnvolutional Neural Network)
e 3, MRET) . 2R (2022) f2
N 2 i 2 T A M KR BT
NI 2 )2 R IE Rl 2%, DL 244 R 4
SUSEE S50 0 o A R At ke A AR B2 BT R /DN R A [ 2
VFIEARSE (2022) R T T T3 WL 51 B2 19 2%
RS AR T DG U S MR L R R I K YRR AR S
Mz frE . B x 4 (2023) ff A ResNet,
ASPP fl UNet++ A8 45 & 09 )7 20, 42 H) Res_ASPP_
UNet++ 88 . A CNN BE % 2 24 45 R F R
1B iy T4 PR i SR AZ B RS PR, CNIN L3 42
FME I 2 JRHFAE (Strudel %, 2021), FEUHRIUY
LS AT AE A A8 22 T AR 38 s 5 ) At
Transformer (Vaswani 55, 2017) ERTHE
BEHLE (self-att nti ) P 25 ) 2% AR
E*%‘ET?MQ FHE . Dosovitskiy
m\ sformer (ViT). %fE7l
h@ &@%ﬁy S, HFEG%. W
‘@%UE% wma%(mm)fvnm
é@ B o B RS 45 Mask Transformer, 32
TSegmenterE‘éﬁ_Jo g3 EAN L N E LR
R, LindF (2021) k51 AR O IFBR 65
TRy 42 JR SCETE 1831 T Swin Transformer 57
2T Swin Transformer 75 45 #p i 52 AL G0 AE 55 1Y
A FEI, YuanZs (2021) FlChenZE (2021)
AR Ry g B A B | B A SR 4 BT 55 o
R YET AR NI A A ) Wang%
(2022) itk Swin Transformer [ N BB, IFHEH
BuildFormer # £t | LJFR{EH‘;‘Z*FUEALI‘IE%%%?%@
W%@Eﬁﬁﬁﬂﬁﬂﬁﬁﬁﬁ ﬁﬁ' 5 CNN A
I, Tranbforme f?ﬁﬁ%jﬁ BT AT FEAE S
7 Eé’kA psWAL N E R N EE- A SR e
i 1%3?@%2}%1!3”2 B2y, K
ﬁ%ﬁﬂ%ﬂéﬁéﬂiw1 BB RR i, SR
B 50 A AE 30 S B 1 () (Xiao 5
2022),
BuF LB R, AR AR — Fl AR T CNN
Transformer Y #£ 30 %) #2& B AL A (ILGS—Net,
Network for the Integration of Local and Global

, BB A K, BRI R

Features Stream )

ANTRFAE S A TR T B9 4R BT SCRAR A9 e 2l

& . B, RH EfficientNet— b3,éf% Tan ﬂl Le,
2019) #11 BuildFormer & 3?' I—J
S T B R fH E K,

BT 2 Q%% R
(Local and Globa F@{)}é Fusing, LGFF), LIflé&
E%#ﬁ@éﬁ SIEL B, BT LT
RE MR (Context Aggregation Decoder, CAD),
KRG A RS 5 AR, LASRAS e 2 i 4R K
SEM S T AERIAY T 0 b O T ) I R AR AE
TE H AR sRBCP LA T30S %, LIS IO i
HOFESiiRY/BUR TS 2 S D ON =/ 7Bl St A
FESU H b A i R B

2 WS IE SR I

JRi BB =4 R R AE XU A BORE Y (TLGS—-Net)
JRER AR (Local Feature Stream, LFS) ﬁ}z‘l’fﬁ
fiIE%E (Global Feature Stream, G, S ESGLES
ﬁﬂA&ﬁ(MHOE Egékﬁﬂ%UMm
H AR, AEAIZER

¢mmmﬁh%mﬂﬁrmm LFS 1) 4%
RE A IR 2 )2 R 23 () 4055 P, 3% PR 25
HH TG E N R ZOE | S ERUIME R . GFSHY
FE ) He RSB R T A R I B RO R IR, AT
U iy 3 i A ) 2 D) ) A A R R A R G &R
LGFF B 5 15 2 %0 Rl )= 8 e AR R4 Jm R AE
DV =35 (A3, CAD B 7 AR 40 il & R i 24 fie
AL s TR SE R, IR R 45 2R

2.1 FEMFERLEH

R MEEEIHEZZERZ . W)z

DL S — SR e MRS R AL, RIS IR R P Y R
#RAs A | QXIEJ%[H%%E e R
(A G PSS g 25 ) 4%
LR G Ib: % % I |
FEAE$E HURE %"i\

e @ﬁ% AT
CNN 1‘% EfficientNet-b3/E A LFS,

EfficientNet % 45 11 2 > & 19 (8] 5k 22 151 Bk
(MBConv) ZH A% F)FH MBConv #5k H (1) 38 8 7 &
FTIHLHI A — RN AR T o B TR, AR RS
12 BN T BT 8 T 3E o 32 R AR R AE .
EfficientNet—b3 J& EfficientNet i — 28 (AL A
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T3 AR SR AR A ST UL £ HURE Y 3

BT EfficientNet-b0, & EA KA ML 5RE . IR
I AP A R L L GRIR 4 M
I, Bffcien et @&*AnAM& %
T AR Y N

<

MBCony Block

E(Hllé, W/16)

v

MBConv Block

ZE (1) MBConv BEHHE B MK o 4> MBConv B h
ﬁﬁﬂ%%%imﬁiﬁﬁfﬁ&%g GOR S

T 1 6. \% X

«f(\

RRIFRK + cheﬁ* nBIRK

= D 3OER
I BN+ReLU
RN T
{1 O i

>

FERARETR

>

LGFF

141 -
18 -
1o}

BN SEIk
3x3 HiR :
BN |

RelLu :
Dropout

a¥E BuildFormerfAgie

[
HI
el

Stem | StemfRBtR MBConvi#3k |  LGFF

A5 EREE

| 2m-mamsmemm

1 JRfB—4 R SO Al A TR B AR S5 4
Fig.1 The overall of ILGS—Net

22 ERBIEREN

Transformer F A58 1o H N ER 00 £k AT E T
BL L 7EAb B4 A B R BCHs i 30 25 b ok A B R
By

PC AN ] B8 T AL, X AR B B A A 4R
IZI@EPKIEH_LEE/J%%, i%ﬂﬂ?kﬁﬁ%&iﬁ?*ﬁ
KR A I Iy A CARm, b T ARR
Bz B GRHIE, WX RAR PR L,
i R BRIP4y 7 46 A
TS AT fg e 0 A A B T E SR T R, A SCfl
Transformer 2 ¥ BuildFormer /A GFS.

BuildFormer & — 4~ 2 #F [ A Swin-
Transformer, & FEHH T H AL A 7 0
SEHBRMITE T, B AR 1
DL 3 — 25U 7D Swin Transformer 1) Z%8 . WK 1
fr7n, BuildFormer f & A i) 45 i B (BuidFormer

Block, BFB) . Kl Htix A JZ (Patch Embedding,
PE) FlE 4G IF)Z (Patch Merging, PM) 2% .
PE 197 FH 25 J5 b 8 53 i 22 A B & 1 181
o PM I H R RAS 290 42 Jm T8 7 T RRAE
e 2 fiR, BFB EEALE Aﬁt?“@mﬂﬁéﬁﬁ%
Sk HERILH (W- LMHSA)AﬁH eI
HIHLE (C-MLP), 7F oﬁ‘err% LMHSA
¥ 255 PE JZ fF %D FExF
AN 1P 0 @%%&ﬁﬁﬁﬁ s
:Aﬁ%ma@@#ﬁ,ﬁégfggﬁm%
Al LARE 3
MHSA(X): Concat (head,,*++ head,)W, (1)
Hop X 25 AFREm &, 0K AEE LS
. W, e RV BE—IHGEMET R, D2 ARE
fE A e, N5 AR ST o B head #BAR
TN BEEENEAE, WTRE R
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E/Vi«' + v
Attennon(Q K, V 2)
qqﬂggq[
«« Q=XW eR" 3)
K=X,W, eR" @)
V=X,W, eR"™ 5)

X, e m Ak AR Em 5. Q, KMV
SR query FFAE,  key FRAE LA value $71E, EA15r
B AR W, W R W, S AR [ i
AR o 2 m Kk MYEEE, d = Dih.

LB ZZ APl (C-MLP) 1 H /Y2 hn i
HZ BRE RS H, HEZ R PAE L IS
— Depth—wise TR %

BuildFormer 4R31R

Y

€

h
BN —»W-LMHSA—>{] BN —» C-MLP >

9

[BN] #ita—t [W-LMHSA| BOZESLERANS) m BIRASRREN

@\)%ulldFormer i B NS
S\ﬁqug 2 The structure of BuildFormer Block

g@
23 BE-=RiF R a R

LES I GFS 43 51l iy 1 PR 0 J5y 5 F1 4 Jmy P AIE
B/ B e IR K T A AR A ELAR B A
TSR E R R BRPE, JET CNN 9 i it 75 Xk DL
XaJm bR OFE B TR, Mk, T
Transformer [ 2 ith £ 76 & BUE IE 25 1 F SUE B
T ELA SR, H AR AR AR BE 25 (R4 AIE T A
TEANE . B, ASCHEH LGFF Kl A X Lo 6] 2
Ky SRR, U?EﬂﬁﬁwéWTXT%Eﬁﬁﬂl
1. N L efrr LA SR f s 2 1
E’J GFS? ﬁﬂl LFS $& B JRy i e ik 4 7

3TU\

%:LH, R T 5 GFS b PUAS 42 Jay REAE 1Y) 38 18 1
ATVCHEL, B SeXt A LFS Fh A5 21 /% DA Jeg il fik [
RSN 1 ERIRE. 205, T HgsR=s (Al
IS 1 I AN A DG DXCH, % Ry SR REAE £ 25 ()
E= WAL N i/ PEEN N X (DR POES SRS R K i
AT R ML R YAk, SR 1 3 A Ak
TEHEATPRE, Zad—A4% 2 7 1946 BRI Sigmoid

0 PR, A 5 B ) Y R R AR E AT M IR B e B
(Hadamard Product) , b T #F— %?ﬁ@i? A4 /s
RN ES LS %ﬁ”

KE S b

E%%WWT §@¢ EEFER
ﬁmk&%@k ﬁymmmmm
(Average Poolin Tﬁﬁ i 3L W A B R
Wﬂ?g@ﬁ-m%ﬁLﬁ FHEMIRL. RJE, 2
s Sigmard T BEUR 5 550 10 4 JR AR AE HEA T A
HIRR . BJG, TR A £ 05 KOR

BRI IR I, S SCHE A 25 (6] 75 2 0 Jm S ARk A
A R R R R AN, IR e AR 2 R

ERSCRE MR, AT 2] 5 20 7 B 45
AR AR T AR

2FEFHE JEEBHFE
& '
BAHL |
I IXI%%,E! | | 1X1%*/|:! | ?ﬁx;ﬂ’:{{ Sﬁiﬁjiﬂ_’,{{
ReLU ReLU
| x5 | | x|
FHIERHE
Tx7TETR
Sigmoid
Sigmoid

X5 ‘m‘ X

K3 e if-a R R A A AR AT
Fig.3 The detail of LGFF

X; = L'OSA(LY) (6)

X: (;@CA( )@\ (7
E¢Lﬁ%ﬁ%i@ﬁ%’ ﬁbﬁ%%%
X %E

DAY

FEAEIS |2 A ek SR A
wﬁW:LF@mQﬁﬁ%ﬁﬂéﬁ%ﬂsﬂﬁr
f\lﬁﬂ&é% . CAFUREEEZ ALH . O
R, @RS

24 LFTXREHBEEE

R TR RIS R, B 45 LGFF
5 B ) A R AE AT D . AR SOl S
FPN (AR il 5 SR W o % FE 21 FPN 6 45 44 1A
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T3 AR SR AR A ST UL £ HURE Y 5

i e J5 — J2 1 8 AR TR A O A g 11 R AR, AT
ﬁﬁ/z}%%ﬁ%}:'ﬁﬁ’]i?)’(m AE, AR SCHAD
X g2 4 ?iﬁﬁﬁ%‘ﬁ:ﬁ AE. B EC
m%:ry%ﬁgék G SRR R
FLI I, LR R S P S el LIS N 1 S
HOE, XFgeid LOFF B G J 0 UASFRAE A T
A H#tHd— 4k (Batch Normalization, BN) #1 Rel.U
OIS REU B RUZ B, DI — B X e
FHERRAERE S . HIK, N THEAFZERZ T
FEAEAE I 18 b3k i — B LA E TR A, fl R AR
) ) 45 R VR AT AR AR 4R B A 4, SRS, AT I
FAEBRAEMEAN R 2 9 Z [0 R AR RO — B, I X
X2 RUEEAH [A) B RRAESEAT AT . 2ROk, X% )2
ANE PR B R SCRE AT A H— 16 F1 ReLU
/;?ﬁ{ﬁ BETERE, DS —& BRI REGERE
B a0 AR A N ok S A I A R] Y & 2 2 1
SRR TR ﬁhﬁé/\iﬁﬁ(ﬁﬁﬂ%qjﬁz

I8 &2 SN O(‘% % %&—

25 e
ﬁT%%@§ EOKATIE . (B FIHF
%é@@%%hﬂ%%Aﬁﬁﬁﬁ%% K
S BB 0 LK B
ﬂmxlﬁﬁ%\mmﬁ%ﬁm%ﬁ%ﬁﬁ,ﬁ

e CANF
L= aCE(Y, f/) ‘ ,BDICE(Y, f/) ; yBCE(Yb, Y, )(9)

Y, = Lap(Y) (10)

CE( f/):—%zzy log (P (a1

DICE(Y IA/) FP + ; s ;ﬁ vy 12
BCE(Y Y, ) [ é@‘\(l - )1og(1 -

| ﬂ%?’ (13)
«L@C‘ﬁ, a. BRIy 43k = AN 4k BB F

R . FEARH, BRI E N 1, YRR
A5 2% Yﬁ%‘zﬁ;&ﬁﬁ Y%HY%E.% U

-1 -1 -1
[—1 8 —1]5’]3& FR T L (Lap) (Fan 55,
-1 -1 -1

2021) J& FTAS 2] Y T S5 0 0 S A B SRR
CEACRZE U Bk s %k, H iy 2l B A RE A% 5 4

WX Y BREMT FRER, ,ﬁ\qﬂ NARFEA B

B, MoAZEE, fEASC %il
#ZIKE’JZERﬁE%TK % @b’w

ARk j:'Jé%ﬁU@c m PREL, H
Eﬁmfﬂf%ﬂﬁ%qﬂgﬁ YNGR Z [aA]

ﬁf%%%;@%%ﬁ ﬁ%&&m P
LRI, S BCE 51k i B
mmm&%ﬁﬁ%m,@mﬂrW%ﬁx&L
WA %

3 g S

3.1 SLIGEIEE&E

R E BT Ok B A R
BRI

(1) WK EFYEIEE (WHU Building
Dataset) (Ji%F, 2018). ZEHIEALEE =S [B] 435
HH0.075m, T 450 FJ7 2 H s i

» W= ATT

EL AT £ 22 7 42 B8 ST B 4R " X 35l o 5 7
2% Christchurch, %% %J%AE/ 2% (8] 43 HE 2 pk
TR AREF 0.3MNJ )43 8189 K X <F ke /Ny

S12x512 8 & 5% %IEU# H oIl a1 4736
gk (130500 BEAESR ), BIEAEAL S 1036 5K (14500
JE A ) DA KD AR A 2416 5K (42000 JEE
HH) .

(2) Inria L% G PR EEEEE  (Maggiori 45,
2017) . ZEEEHRAD B 360 HAS 4 (A 23 1B 14

KA X Ik B 5 A3k T (Austin,  Chicago,

Kitsap, Tyrol, and Vienna). H T I 40 45 A9
PR T AT AT A, A S0 H P it 4 s 46
FERCE TR o, BRI 1- SE'JIEI}#?ﬁTJEﬁHj
1’57@9"1E%Wﬁﬂ?5’]ﬁ5jﬂw[é§% WL
TS 7R ok RSE 2R 500 X@ E’J@T%?'J
5120><51201%<%?%F %{%? BT

EE e i%m% H PR

ﬁ%ﬁ)\?@ﬁzﬁfo 'Jl%ﬁET 9737 kIl %k
R 1 1942 a@@&

(%ﬂ})@éssachusetts @I}L%ﬁ%% o ZEHIEA
SRR E W M AR, BRI R
S 1500150018 K, A3 [A) 73 BEA Im. Hda 4
Wk oy =y, Hrp IR AL 137 5%, 1
IR E 42 A, MBS 10515, A
WEYF Wang 5 (2022) XUt A 45 o b BRI, i
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%—%ﬁﬁﬁﬁ%%WWEEﬁmﬁﬁﬁﬁ%L
— Y5 TGS, FF%@f4M%W

%, 43KEIER ﬁm% o&cw% R
32 % @mg%‘
«Z’K AL (ToU) , KiHf%E (Precision) |

A3 (Recall) FFL/E0 (F1) KEIE

PRI PERE . ToU SRR BUNARZE rh R R

SEIREREFADBENESBE ., Precision £/R

W IE B WU (00 2R SR A5 R 5 T AT 0 Sy i SR

RIMHAE. Recall £ IEH TN A SAMG K 5 H

AR A YR R A . F1 R0

A BRI A, Bkt EA XA (14) —

(17) B

TP
U= pFp + PN (14)
Prectsw% < TP (15)

-%L (16)
Ps\ &;

ﬁﬁ@ﬁﬂ@ﬁﬁ
geidudddc

2 X Precision X Recall

Fl1 = - (17)

Precision + Recal

TP B Y EL S W S
1 2 HhL FP%%/W~ 47% PN
@ﬁ%éﬂ%%%@% e, ML
Sk e %%}5 Bty FNFR LS
m%ﬁﬁ@%ﬁ% LS Z R

3.3 TLENEE

S A7 AR il FH A 7 5K NVIDIA RTX3090
GPU IR %5 %5 . {81 ] Pytorch TR 2 STHEZR, JFR
i 2 g W B 2 T 9 O ORI RS . o T I
IR i AdamW D £k 25 FI1 4% 5% 2 ) 0 380K
W&o TESEATRIRIINZE Z A/, X (0 FH BE AL ACE |
T E B DL RO — A0 S R B R R o XTI
RAFRE SRR, BRI R E N 255, %
MR E R 0.001, HERK/NEE N 16, XT?Inria
F1 Massachusetts B046 5, i F 7 587 é
zﬁ(%E%LE’J%MII%ﬂE%ﬂ%& ;ﬂzﬁ

0.0005, Fkulléﬁiﬂm

&

=

¢ WHU Building dataset

ﬂ]@ SegNet, DeeplabV3+,SwinUperNet, STT F1 ILGS— Netfﬁ&j@tﬁ% % \QT/%%
wﬂ Visualized results of the UNet, SegNet, DeeplabV3+, SwinUperNet, STT and IL e 0

J5L & #7345 UNet SegNet Deeplabv3+ SwinUperNet STT IL&%

34 EFYIREL

T R T PR AR A R, AR SCTE iR
NEARY 3D NI RAEEE b, 235K B g th 7 vk r 25
5 H TS 1 — L SR S IO AT L .
X 26 J5 ¥ 4 F5 UNet (Ronneberger 55, 2015) |

SegNe% (Badrlndrdydndn 4, 2017) . DeepLabV3+
(Chen %, 2018) . MAFCN (Wei %, 2019) ,
SwinUperNet (Liu &, 2021) . MANet (Li %,
2021) ., MSST-Net (Yuan 4§, 2021), STT (Chen
4%, 2021) . BOMSC-Net (Zhou %%, 2022) . B-
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XN F28% 45 . FlG CNN 5 Transformer [19 15 73 HE R 18 SR 1% S0 9 U $ U 1R 7

FGC—Net (Wang 45 2022) . CBRNet (Guo %,
2022) . DCSwin (Wang %5, 20QR2), H ' UNet,
SegNet, DeeplabV3+ . et., B-FGC—Net #lI
BOMSC—Net +& (‘% W H A JE T Transformer
ﬁﬂ««ﬂ
1 KINKEFZHYEIRE FSREHFTENITLE
Table 1 Comparison with SOTA Methods on the WHU

Building Dataset

Jitk ToU Precision Recall F1
UNet 88.48 93.27 94.51 93.89
SegNet 89.28 95.14 93.55 94.34
DeepLabV3+ 87.67 92.94 93.92 93.43
SwinUperNet 90.34 93.61 96.28 94.93
MSST-Net 88.00 - - 88.20
STT 90.48 - - 94.97
B-FGC—Net 90.04 95.03 94.49 94.76
BOMSC~-Net 90.15 95.14 94.50 94.80
ILGS-Net o1ss 9% 95.41 95.59

35 )
#2 Inria ﬁé% ; ;‘g%ﬁﬁ_%%ﬁﬁﬁmﬁ bt
Tabl@&t\;&\@m h ethods on the Inria
Q\ {)i@ﬂfnﬁe Labeling Dataset

7'?@?)0\) loU Precision Recall F1
&S\met 70.78 85.18 80.72 82.89
SegNet 76.32 87.64 84.09 85.83
DeepLabV3+ 76.80 87.35 86.40 86.88
SwinUperNet 79.53 87.55 89.67 88.60
STT 79.42 - - 87.99
CBRNet 81.10 89.93 89.20 89.56
B-FGC—Net 78.18 87.82 89.12 88.46
BOMSC~-Net 78.18 87.93 87.58 87.75
ILGS—-Net 81.66 90.52 89.31 89.91

u>ﬁmﬁ%@ﬁ%ﬁﬁ%%ﬁ%uiﬁ%,
S e RO O S L LR
SR ULIE 4 T e YW DR vk R L R PR AR
mﬂ@ﬂ% 75 SegNet 45 41 U 45 S
D?eﬁLabvswﬁ RUPR B ZE 5 . SwinUperNet 42 BU 4%
R STT #E R BUEE UL KA S ILGS—Net #5576 11
HRZE G . LTRERRIC T 4 BRI B4 5t oh ) B0 0
E25 . AHTFRIC AT AL, 45T WoR A4S ORI EL
A T W R S AR, 5 AT R AR SCR
UP AR E T B S R AT, 5 = AT R A
PEORAT BT M A0 RS, BR AT R AR

HERYRE 5 B AR A AR R 1 I, X5
3 UE WA SC I S A6 TR0 ) 56 R AL , ARk

S e 2 e 59 0 BB BTt b 0
ﬁmoM%rmgﬁ@, X AR SR ToU 3%

#] 91.55%, Precis@&%@i&%7%, Recall 35 #]
05.41%, FIKFIGEL, & TR HL T I
SwinUper MR Al 7 7 . UK SwinUperNet
E Recall Fghs L BURAT , {E L2 At )7 1
ASCHE R ORI AR . AR SCRERIAE ToU . Precision
Recall PL J2 F1 I 430 B DL - fie 4F 19 CNN A 7Y
BOMSC-Net Z & 1.4%. 0.63%. 091% LI K&
0.79%, b b L f&% 4 B Transformer £ 7Y
SwinUperNet % /5 1.21%. 2.16%. -0.87% VL M
0.63%. IARXS AR TR, A SCH HAY ILGS-Net
B AR AR B T A8 A CNN B2 5 5% Transformer
FERI) Ik o
3 Massachusetts #3558 _E 5 & 5E# AR
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BuildFormer 90.31 94.91
EfficientNet—b3 89.97 93.64
ResNet+BuildFormer 91.03 95.32
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ILGS—Net 91.55 95.59
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Table 7 Comparison of model parameters and inference
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w Convolutional Neural Networks (CNNs) and Transformers have emerged as plvota?‘t%)ol @(gé realm of building extraction

in effectively modeling long-range spatial dependencies, often leading to complicati

tasks within high-resolution remote sensing images. While these techniques have seen wides e@@
extracted building structures. Conversely, Transformers exhibit limitations in E

1cation, challenges persist for CNNs
as the emergence of internal holes in the
g spatial local details, potentially resulting in the

production of blurry building edges and the oversight of smaller structures. In response to these challenges, this paper presents an innovative
dual-stream network model tailored for building extraction in high-resolution remote sensing images, denominated as ILGS-Net (Network
for the Integration of Local and Global Features Stream). ILGS-Net is designed to capitalize on the strengths of both CNNs and
Transformers. The model incorporates multi-level local-global feature fusion modules to seamlessly blend intricate local details and
expansive global context features of buildings. In tandem, an edge loss function is integrated into the objective function, contributing to the
refinement of building boundary localization precision. The proposed ILGS-Net endeavors to address the shortcomings of existing
methodologies by efficiently combining the unique attributes of CNNs and Transformers. Multi-level local-global feature fusion modules
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play a pivotal role in striking a harmonious balance between capturing fine-grained local details and incorporating broader global context
features of buildings. Simultaneously, the inclusion of an edge loss function serves as a guiding mechanism in model t%‘ij augmenting

the precision of building boundary loc@n Extensive experiments conducted across three high-resolution build consistently

demonstrate the supcrlor crfogaggo T the proposed ILGS-Net compared to benchmark mcthods 0 thq\;d otably, the
proposed method ach %%werage a remarkable 1% increase in Intersection over Union (l conclusion,
ILGS-Net em roundbrcakmg dual-stream network model expressly designed foftk w t %)-I‘CSOIUUOH remote
sensin; B seamlessly integrating CNNs and Transformers, along with the implementation ocal global feature fusion

MUsmn of an edge loss function, the model adeptly addresses challenges associated w@\&) 1al dependenmes and local details,

resulting in a marked improvement in the accuracy of building extraction. The experime 1@2 Its underscore the efficacy of the proposed
method, positioning it as a promising and influential approach for achieving hlé %on building extraction in high-resolution remote
sensing images. The confluence of advanced methodologies and innovative technlques within ILGS-Net marks a significant stride forward
in the field of remote sensing image analysis. As technology continues to evolve, ILGS-Net represents a pivotal contribution that holds
promise for further advancements in building extraction accuracy, providing a solid foundation for continued research and application in the
realm of high-resolution remote sensing imagery analysis.Looking ahead, the success of ILGS-Net prompts further exploration and research
avenues. Investigating the potential of similar integrative approaches in other remote sensing tasks holds promise. Additionally, refining and
expanding the current model architecture to accommodate varying scales and complexities of urban landscapes is a logical progression.
Future work should focus on translating these advancements into tangible benefits for decision-makers and stakeholders in urban
development and disaster response.

Key words: building extraction, deep learning, dual-stream network, local-global feature fusion
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Fig.1 Visualized results of the UNet, SegNet, DeeplabV3+, SwinUperNet, STT and ILGS—Net on the WHU Building datase

© GEFKFRY



