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T =

1 AR A S R A Sk T R L A b A
AT W I S5 U A Y M (Zhe 55,
2017; Cooner 5, 2016), MT4K, B &7 HF%
H DU F AR AT K J 3 B AR 1 23 (] 43 i
R ERT, N ERRY P IUE SR AL T R
S SR My AR I E I VR = SO AN TR UKo S
BPREL . TR N ER G AL A T ) 2R
R R B AR P B A RN 2E T,
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I R, JE 2 4 B 22 W 4% CNN
(Convolutional Neural Network ) #5175 & 57 9 i U T:
SR FIERE. LongZE (2015) HJciitili4:
BHA N5 FCN - (Full Convolutional Network ),
ZAE RV S BUZ B CNN R i 2422,
BA THBERPN 05 2567 5 B8 JJ o Ronneberger
4 (2015) 4 UNet I ZEREAL, AR HI T R
R G % J2 S BOBR J2 0 SCRAAE, Il i bR A A
JZ2Hs BUGA SZ BN I 6 /D, TR) N o 5 2 38 e AT
MG TARZ M2 HRE. Chen5E (2018) f2 il
el 23 1) 23 [A) A5 R AL 4 P RS B (Atrous Spatial
Pyramid Pooling) 2 HCHIER G4 AEAY 2 RUE FF 3¢
H R MRIRAE (2022) BCHERRAE G55 W 4 FPN
(Feature Pyramid Networks) (Lin%§, 2017) Flfifk
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AR K AE I B (Non—Maximum Suppression) ,
PA3458 Mask—RCNN  (Mask Region—based Convolutional
Neural Network) 7E&SUYHE BT H RS . 82
25 (2022) R —Fh & 2 A BURL S B
PRS2 B R E SRR 1 22 2 UORRE Rl 5 P 285
DA A2 i i B0 S50 400 AR e ke 4 FRURR A2 B R
ANFRT R, VRIEARSE (2022) K= AL ]
AEHE 2, (ARSI OCHE  E R . R &=
KRR =S [ E . B4 (2023) ff
F ResNet. ASPP Hil UNet++HI 45 & 0907 2, 42
Res_ASPP_UNet++# Al . JS 48 CNN RE % 155 2 12 B
JRERERIE, H TR RS2 B RGT R, CNN
HELUTHHE R A 2 JRRFIE - (Strudel 5, 2021), &
FUHL IR F SR A7 A PN 3 2 31 38 e 25 [ A
Transformer (Vaswani %%, 2017) X T HF
B IHLH (self-attention) ¥4 2[4 F 22 X) &% A 151
R S 7E TRESHHE 2 )5 1N SCRHIE . Dosovitskiy
5 (2020) 42 H vision Transformer (ViT). %A%
W RS s P81, TR 26, BT
L BT, Strudel 55 (2021) FE ViT Y3
il b5 AGE SOOI 5 4% Mask Transformer, $i 1
Segmenter 7 . hy T HEHUZ RO Y 42 Jm ik {5 B,
Liu 55 (2021) i3 51 AFEZ)E H IR BRHIE A9 42
JRy R FFE L, BT T Swin Transformer FAY . % F
Swin Transformer 7 4% Fh 31 5 HL AL 58 AT 55 A0 P
FI, Yuan M Xu (2021) FlChensF (2021) H¥fi%
FREE R A e | AR S UL 55, A%
fifttk 7S N AR A TR R, Wang 5§ (2022a) 24
P Swin Transformer B N #4544, I3 H BuildFormer
Bk, DR AR LA A 3 1 23 388 B AR I Tt
S EECR RIS . 5 CNNASE], Transformer
BB LA AR S R B oe AT R AR 7 ), AR AR
SRE =LK EiiS S SN SR e ST U5 3 E [
T B = R R B 20 o, TR B o 4 1
BB R, S EBERI dR Y r e
R ERT (Xiao %5, 2022) .
BEXF LA BRI, A SCHE S —FPEE T CNN
Transformer [ 4 35 #) 32 BURE AU ILGS—Net  (Network
for the Integration of Local and Global Features Stream ) ,
e — 2K, SCBE R R AN AR S A T
B4R R SCRER S G . ok, R
EfficientNet-b3 5% (Tanf1Le, 2019) FlBuildFormer
BB OB T 4, 230 F T4 SRR 1 )

PRI A A SR AL . Hk, BT T — M 2 R R
JRi 8 —4= SRy FRAIE il 5 B8 LGFF (Local and Global
Feature Fusing) , ARG Jay #f A AE FI 42 Jm FRAE o 5
W, Wit 7 —A B SCR A RS 4% CAD  (Context
Aggregation Decoder) , >k 2 & FF 65 @A 5 1) 4R
fiE, DIARIS ARSI R . O T RRL B 2 ¢
TSN AR IE, 78 B br B oA T 0%
e, DABRIBCTE SRy v i ) i S 0 A . B
XA 25 T IR ISR U H bR i A HE S

2 W SR I

SRyt —a R RHE XA BUR R (TLGS-Net)
JRIE AR AL LFS  (Local Feature Stream) . 4= Jay FRAE
it GFS (Global Feature Stream) . J&iB—24 KRk
AR (LGFF) Fl LR SCR G i 4s (CAD)
A, BRI ANE 1 s .

AKHLY A R 2548 HA AR FDI6E . LFS Y 3%
DIRE A 2K 2 2 W 25 R4 Rk, X BRI 2
TERTIEEN WSO HSFEMIMER . GFSHY
FE ) He RSB R I B O R IR, DA
U by B i A BT 22 18] Y AR A5 R KA R OG &R
LGFF B3 5 15 5 R fil -5 Jm AR AE 142 Jm R AE
DVE R =38 AR, CAD B 7E AR 40 fil & ¢ il 24 fie
etk N 1N B EFS IS & TH R Vi [

2.1 BEMHERSH

R AN T EZZEHZE . i)z
DA — SR 2 M T R, REAZ SR IRANR T i R
RS IA] SR AR REAE o T AE R A R R
B AR5 SRS, AN A A B 25 0 2% A5
RIS ECMTF B R . o T TR RCR A
FRAF S HURE J1 2 AR LA, AR SCRERE T — iz
4L CNN #l——EfficientNet—b3 £} LFS.,

EfficientNet [ 2% t Z2 A~ S 19 18] 5% 22 B B
(MBConv) #H % . #) ] MBConv 5 H F ) 38 18 7
BEHHLHIF — RPN R E A o B B R, B
RE A% 70 58 /N B T F BB TT 85 8 78 40 32 BUR) B AR 1IE
EfficientNet—b3 J& EfficientNet it — NS AR AH#
T EfficientNet-b0, & HA T KAWL IR . REEF
A R, B R SR R M AR A R
J1o EfficientNet-b3 S HAL 5 9B B, B T2 —1
i a 1A BN, 2 2 2 8 B BE i 142 MBCony
B HES T AL, 4 MBConv #5558 B ] 43 55 4
BB R ST N 380S, B kAT 186,
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23 AL AT DL SO
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Fig. 2 The structure of BuildFormer Block

2.3 FEf—= BRI EER

LES Fl GFS 43 51l iy 14 PR 0 Joy 5 F1 4 Jmy AP AIE
/AR E SO IR X B AR R RS .
THEREAERN R RYE, FT CNN 1Y gRidamif Lol 4
Jay R SUE BT, AHLLZ T, & T Transformer
1) B 25 A 4 BRCE BE B9 T SOf 8 T AT
PR, (B FE R AR AR EE 28 [l RRAE D7 TH AR FEAN 2 S
I, ASSCHRE Y LOFF R il 3 S8 AN [A]JZ2 1 118 Xy
fiE, DIRTHEIRIXT BARXT R AR EEE 1. MK 1
AILVER], LGFF YOG Z 429 11 GFS $EHUW
2R FFAE AN LFS SO Jry SRR EA T Rl o AR 3
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PREN, I A 5 ) B R R AR AR E AT RG IK 3 3R R
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R 2w s e, AR AT A AL
FLAREAEWTS . B, X Rfeiedess ) 4e 5 ik
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Pooling) #fE. #:%4, Hid PG REAEX &
AL 5 B RE AT R IR IR . SR )5, 43 Sigmoid
POE PRBUGE 5 W) 0 A2 R FRAE R AT IG IR D I A .
B, AT RG2S B s A &
FE, 7R SCHERRRG 2 0] [ ) Jmy SRR AE 3 1 1
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Fig. 3 The detail of LGFF
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M2 B R SCRA MRy, HopZe g 2w
FLAY FPN 254, A7 st Z b . Bk,
B, X LOFF B G 5 1Y 4 DS FEAEHE 4777
AHH#Ht I —14L BN (Batch Normalization) F1 Rel.U Ji
TR B RUZ A HE, AR — 20 35 1 ik Se Al &
TEMIRAERE J7 . HR, R TR R 290 0] 1)
AEAEIM A b3k p— 2 LASEAT RRAE A, AH R
A& PR E A TR IR e ARt . SR, (T ok
FELRAVE AR 2 902 0] W RRAE ROBE — 2, FF X)X
S RUBEAH R A RRAE AT IR, 3ok, XT&EA
A RUBE 19 T SCRRAE #4745 A7 ik U5 — 6 AT Re LU 38
TR B S TERAE, DI — & 2 R FRIE 4 B
fe e, 38N RT R AR R S A B A [R] B A 2 9 L
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2.5 HKREE
NTEEEBMERE NI . R EFKF
5 LA S ih A8 RIS 2 A it i A, A3¢
o I A 100K sREGHEA T B AL 5. %K A 102K R
B A2 SRR . Dice #0K Ml iR AL, H
TE AF
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R Mo
CE(r.Y) =—%22Y¢ log(P,) (D
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N 2xTP
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(1—ﬁﬂ%u—Pﬁ (13)
A, o« By 23R 34T O pR Y - DR
EARSCH, B E 1, YRR,
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F PSP TSR (Lap) (Fan %8, 2021) J5rfs 3|
1 T @MW G M SR % . CEARER A U
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GEM AR E, Hoh NIEREAR BB, M 2014
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3.1 SRIHIESE
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(1) RBK¥EFYEHEE (WHU Building
Dataset) (Ji%, 2019). &R 55 M2 0] 50 9
FH70.075 m., K 450 km® AL ZS 54145 PR B
()22 J7 Z2 JE MR ST SR, R B 1 X IOk B O 2
Christchurch, 2 $HE 4 I 4R 52 18 25 (0] 43 HER BT
RAEF] 0.3 m, I H DI 4 8189 ik R~F K /NNy
SI2XSI2ME R MG R, Hp g8 4736 5K
(130500 s 50 ) , S0 uEAR A2 7% 1036 5K (14500 &
A LU A 2416 7K (42000 JFE 5 .

(2) TInria it = AR AR EEE L (Maggiori 55,
2017) ., ZERIAL A 360 TN A AT 23 B IBGEAR
FRAEXIER B 5 AT (Austin, Chicago, Kitsap,
Tyrol, and Vienna). HFIMIREHEEMREANELA
FERTHR, ASC R R B . HRE W
K05y, AFAYRTT Y 1—5 8B R Bl Bkt H AR R 56 iE
MBI TOERIGE, RRELES, HhER
J5ok U124 5000%5000 4 3K 114 {5 3] 5120x5120 18
ZRGHE IR 512351214 K. AT B804, #
By I B R R B S H AR R N B
Mo B, 20 AT 9737 sk VI IR A 1942 K
E R

(3) Massachusetts Y EAEE . ZEHIEQ
151 5K 38 I T AT A AR, BRI R
R 1500150018 %, 25 B BRI m. BdE4E
BRI R 34y, Hoh IS 137 k1R, 5
MRS 45k, MHAEME 105K 5. A
G Wang % (2022a) X I K48 45 9 Ab 306 m
i ] — S 5 4 144 5 S 051 an 5 R K S 1) R
WY R TINGA, BR8] T 41151455
18, 45KIGUEAZ LA 10 5K 15
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RIPERE . ToU KR TMARZE h @R R 5 55
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BA, fdiFH AdamW f 6 25 Tl A% 5% 2% 2] S8 R
W TESEATREAIYINZRZ A, s FH B ALK |
e 15 B LA SOH — A A B H s e . X T
K@, ARG BEE N 255, 2
2REEE N 0.001, HLRK/NEEE R 16, X T Inria
1 Massachusetts 0¥ 4, i AR I K @MY
B 4E F R O AR RS DR, I 2R )R
0.0005, HARINZREECH 105,

3.4 EHYIRE

N T AT BB A R, A S BiRAY
AR DI R/ A I €1 S SN I L N RPN D
5 H Sk i) — e S S BOTIE AT X T . 3X
5754135 UNet (Ronneberger %, 2015) ., SegNet
(Badrinarayananf‘é':f, 2017) . DeepLabV3+ (Chen &%,
2018) . MAFCN (Wei%, 2020), SwinUperNet (Liu
4, 2021) . MANet (Li%, 2022). MSST-Net (Yuan
A1 Xu, 2021), STT (Chen %5, 2021). BOMSC—Net
(Zhou%F, 2022). B-FGC-Net (WangZ¥, 2022c¢) .
CBRNet (GuoZf, 2022). DCSwin (Wangfff, 2022h),

HH UNet, SegNet. DeepLabV3+, MSST-Net, B-
FGC—Net fll BOMSC—Net J&& CNN#£81 , HAHY 8 T
Transformer #4

(1) BB EFWEIE: X TR Lk,
AR SRR AR A F TP, 45
HILE 4 PR EARIURKCRIER . JREFRZ . UNet
FIRIPEIES R | SegNet BARIFRINES L | DeeplabV3+
AR ZE B . SwinUperNet $2 U5 R | STT #% Y
PR H 2 B D) M AR S ILGS—Net 55 U BEHUSE 5 . 2T HE
PRic T & A R s B rh B B A RRE 22 S5 . AT
FRICAT, 55— A7 7 A SO AL EL AT o V5 b %) 2
SR, O AT R AR SCBERY B G b B BT A
SRR, 5 = AT W AR SOREARS A TV M
RSN G, o —17 AR ORI RE % 0 1
HEHTH A AR A S B T, 3 T 43 E W AR S T 4
BRI R KA. EAh, AR SCR XS I K 5
BARENAT TR IR E i . WR 1R
L AR SCHR AR RUAE ToU 35 %) 91.55%, Precision
iK% 95.77%, Recall i5%]95.41%, F13i£%]95.59%,
2% T 45 A5 488 5 T B SwinUperNet LAk 4 HoAth 5
5. B AR SwinUperNet 7E Recall 45 Fr I 3¢ 81 i 4,
R A E A FE A5 7 1T AR SCHE S AR RN AL, AR SC
BERIAE ToU., Precision. Recall DA & F1_E43 51 1 DA
U CNN AR BOMSC—Net B 55 1.4% . 0.63% .
091% Lk} 0.79%, b Lk | 5% U A9 Transformer f5
%I SwinUperNet & 25 1.21% . 2.16% . -0.87% LA &
0.63%. iRXf AR B, ASCHEH ) TLGS—Net
TR AE R b AL F A AH ] CNN ALY 5% Transformer
BRAY 4 5 1%

(2) Inria BH W EAEEE . 4 T Bk ILGS-Net
Pz A P RS e P, AR SCIH FH Invia 2S00 04 45
PEATSEE . SEIR LS RN S fis o X BRI s,
fE ToU. Precision. Recall fil F1 453545 1T T &
T, WER2ATLIE, RS ik
MRLE, I E T 75%, AR X7 i 280t
. KR . H R AR 43505 5 81.66%
90.52% . 89.31% F189.91%. & 43 [l & 4h | jx &
FEAR L T H A AL 5 5 U 48 Y NN AR A
CBRNet fHIt, ARSI o i 0.56%, K3 m
1 0.59%, FARFEEE0.11%, F143%0EH 0.35%,
AH %8 T %) b A A 3% B % 4 1) Transformer £5 7Y
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SegNet Deeplabv3+ SwinUperNet STT ILGS-Net

%14 UNet,SegNet, DeeplabV3+,SwinUperNet, STT Fl ILGS-Net 7ER UK F A MR 4 b iy n] Ak 25 51
Fig. 4 Visualized results of the UNet, SegNet, DeeplabV3+,SwinUperNet, STT and ILGS—-Net on the WHU Building dataset

x1 RNAFEFRVEIEE EEREHFTENITLL x2 InriafiEHEREREE LS REHTTENTEE
Table 1 Comparison with SOTA Methods on the WHU Table 2 Comparison with SOTA Methods on the Inria
Building Dataset Aerial Image Labeling Dataset
1% 1%
Jrik: IoU Precision Recall F1 Jiik: IoU Precision Recall Fl
UNet 88.48 93.27 94.51 93.89 UNet 70.78 85.18 80.72 82.89
SegNet 89.28 95.14 93.55 94.34 SegNet 76.32 87.64 84.09 85.83
DeepLabV3+ 87.67 92.94 93.92 93.43 DeepLabV3+ 76.80 87.35 86.40 86.88
SwinUperNet 90.34 93.61 96.28 94.93 SwinUperNet 79.53 87.55 89.67 88.60
MSST-Net 88.00 — — 88.20 STT 79.42 — — 87.99
STT 90.48 — — 94.97 CBRNet 81.10 89.93 89.20 89.56
B-FGC—Net 90.04 95.03 94.49 94.76 B-FGC~Net 78.18 87.82 89.12 88.46
BOMSC~Net 90.15 95.14 94.50 94.80 BOMSC~Net 78.18 87.93 87.58 87.75
ILGS—Net 91.55 95.77 95.41 95.59 ILGS—Net 81.66 90.52 89.31 89.91
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Fig. 6 Predicted results of ILGS—Net on Massachusetts dataset
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Table 3 Comparison with SOTA Methods on the
Massachusetts Dataset
1%

ik ToU Precision Recall F1
UNet 67.61 79.13 82.29 80.68
SegNet 66.57 82.40 77.60 79.93
DeepLabV3+ 69.23 84.73 79.10 84.93
MAFCN 73.80 87.07 82.89 84.93
CBRNet 74.55 86.50 84.36 85.42
MANet 70.76 82.00 84.66 83.86
DC-Swin 72.59 83.07 85.19 84.12
BOMSC—Net 74.71 86.64 83.68 85.13
ILGS-Net 75.75 87.23 85.20 86.20
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Table 4 The ablation study of LFS and GFS

1%
ik 2L F1
BuildFormer 90.31 94.91
EfficientNet-b3 89.97 93.64
ResNet+BuildFormer 91.03 95.32
EfficientNet—b3+Swin—T 91.36 95.43
ILGS-Net 91.55 95.59
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Table 5 The ablation study of LGFF

1%
Jrik I F1
FLAZFEAE RN 90.75 95.15
f# A LGFF 91.55 95.59
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Table 6 The ablation study for balance fators of the

join loss
« B Y 1% F1/%
1 1 0 91.35 95.50
1 1 0.5 91.46 95.49
1 1 1 91.55 95.59
1 1 5 91.02 95.30
1 0.5 1 90.94 95.26
0.5 1 1 90.49 95.01
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Table 7 Comparison of model parameters and

inference speed

iR ZHuMm HEBRE I/ (R 3 /s)

UNet 28.99 43.96
DeepLabV3+ 41.22 35.58
SwinUperNet 59.83 29.77
BuildFormer 37.90 23.17
ILGS-Net 47.50 18.56
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Integration of CNN and transformer for high—resolution remote sensing
image building extraction: A dual-stream network

LIU Yuxin'?,MENG Yu',DENG Yupeng', CHEN Jingbo',LIU Diyou'

1.National Engineering Research Center for Geoinformatics, Aerospace Information Research Institute, Chinese Academy
of Sciences, Beijing 100094, China,
2. School of Electronic, Electrical and Communication Engineering, University of Chinese Academy of Sciences,
Beijing 100049, China

Abstract: Convolutional Neural Networks (CNNs) and transformers have emerged as pivotal tools in the field of building extraction tasks
in high-resolution remote sensing images. Although these techniques have found widespread applications, challenges persist for CNNs in
effectively modeling long-range spatial dependencies, frequently leading to complications, such as the emergence of internal holes in the
extracted building structures. Conversely, transformers exhibit limitations in capturing spatial local details, potentially resulting in the production
of blurry building edges and the oversight of smaller structures. In response to these challenges, this study presents an innovative dual-stream
network model tailored for building extraction in high-resolution remote sensing images, called the network for the integration of local and
global features stream (ILGS-Net). ILGS-Net is designed to capitalize on the strengths of CNNs and transformers. The model incorporates
multilevel local-global feature fusion modules to seamlessly blend the intricate local details and expansive global context features of buildings.
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. The multilevel local-global feature fusion modules play a pivotal role in striking a harmonious balance between
capturing the fine-grained local details and incorporating the broader global context features of buildings. Simultaneously, the inclusion of
an edge loss function serves as a guiding mechanism in model training, augmenting the precision of building boundary localization. Extensive
experiments conducted across three high-resolution building datasets consistently demonstrate the superior performance of the proposed
ILGS-Net compared with benchmark methods described in this paper. Notably, the proposed method achieves a remarkable increase of an
average of 1% in the intersection over union across all three datasets.

In conclusion, ILGS-Net emerges as a groundbreaking dual-stream network model that is specifically designed for building extraction in
high-resolution remote sensing images. By seamlessly integrating CNNs and transformers, along with the implementation of multilevel local-
global feature fusion and the inclusion of an edge loss function, the model adeptly addresses challenges associated with spatial dependencies
and local details, resulting in a marked improvement in the accuracy of building extraction. The experimental results underscore the efficacy
of the proposed method, making it a promising and influential approach for achieving high-precision building extraction in high-resolution
remote sensing images. The confluence of advanced methodologies and innovative techniques within ILGS-Net marks a significant step forward
in the field of remote sensing image analysis. As technology continues to evolve, ILGS-Net represents a pivotal contribution that exhibits
promise for further advancements in building extraction accuracy, providing a solid foundation for continuous research and application in
the field of high-resolution remote sensing imagery analysis.

In the future, the success of ILGS-Net prompts further exploration and research. Investigating the potential of similar integrative
approaches in other remote sensing tasks exhibits promise. In addition, refining and expanding the current model architecture to
accommodate varying scales and complexities of urban landscapes are 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: remote sensing, building extraction, deep learning, dual-stream network, edge loss, local-global feature fusion
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