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Abstract Accurate and efficient building information extraction from high-resolution remote sensing
images is of great significance for land planning and mapping. In recent years, great progress has been made in
building information extraction based on convolutional neural networks. However, there still exists the problems
that the advanced semantic features of the images are not sufficiently utilized and it is difficult to obtain detailed
and high-precision segmentation images when processing high-resolution remote sensing images. To solve the
above problems, a deep learning network architecture, Atrous Space and Channel Perception Network (ASCP-
Net), is proposed for automatic building extraction. The Atrous Spatial Pyramid Pooling (ASPP) and Spatial and
channel-wise Attention (SCA) modules are integrated into the encoder-decoder structure. Multi-scale context

information is captured and aggregated through the ASPP module. Meanwhile, the SCA module is used to
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selectively enhance the more useful information in specific locations and channels, and the high and low-layer
feature information is input into the decoding network to achieve efficient building information extraction.
Experiments on the WHU Building Dataset show that, for the overall accuracy and F1 score, the proposed method
reachese 97.4% and 94.6% respectively, and can obtain clearer building boundaries compared with other models,
especially for the extraction of incomplete buildings at image edges, and effectively improving the accuracy and
integrity of building extraction.

Keywords high-resolution remote sensing images; dual attention mechanism; atrous convolution; building

extraction
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Fig.1  Overall architecture of the model

1.1 DCNN &

DCNN £ 7EfZ 48 CNN [l 13 ik o 5 38 22 A PR R S B — TP N2 45 4E) , 3o 14 fin e 2 9 24
TR BE e B S AR IR 1) 5 BB EAE A7 o AR SOl T2 4545780 Xception'®! 43 TI4R HRU 14 1 IR G A1
FIFGERAE, H B B ik 25 BB M4 . ResNet' ) IR A AT 2015 4F4R 1, Sl dsr
B BRIE AR KAR B L ke 7 AR BETH S A Te) 8, DA AT AN ZRBIEVR)Z AN 4, ResNet [5R25 1155771k
= (1)

Xe= L(Xp—1) + Xy (1)
Kb o ABE- 1205 LERRX E—Ea A BT ER . 0L 8RE; xS cZ5
4505 ResNet MBR2ZEE5MNK 2 (a) PR,



1M FRf % % 8k ASPP 53U & A AU 64 1 45 4 L BB A 139

1.2 ASPP &R

ASPP R HRTE Deeplab V2 Hifg i, B TGS &5tk ( Spatial Pyramid Pooling, SPP) i
Fras a1, SPP AR SEARE A FH 224 [ RUBE A s Ak 2 A TARRAE SR O il A B — A R G — RO 1 Bk
ABNERER, DSR2 A AN ) 3 e 2 T0 kI gkl 8, aniEl 2 (b) s, W T4
FERIA , ASPP FIARIY KR = MG RIAT AT RAE, A1 Ix1 WERE, 20 ART KRN
33 BB UKL—MALZE, WAE AR B2 1x1 B E SRR BRI 2 0
e JEr B AR 2 0 T A 45 BRI Y OB R, R I 1 1R AR B A R A 2 PO A T . AR
3, HAR b 2D R R 2 R 2 SR IR A SO U B, Z8id ASPP HEAT 2 RUEERFAESEI,  MTITAT 2K
REZ DA RE R R = 9k URHE

JEIRHAX

ERZ

BRI PR BLY) | 30 pREL

!Féﬁ i
(a) FRZEMLEHILEH (b) ASPPHZEF
(a) The structure of the residual network (b) The structure of the ASPP

K2 Bk2EM45HT ASPP (451
Fig.2  Structure of the residual network and ASPP

1.3 SCA M%%

SCA HEEH) 38 3 il A T8 7 3 1 WL AN B B LA — 2 R 45 P SRR (5 B o B
IR SRR ] R 7 Ry E A O, RIVGT I i G e e R B R O T A R A
P 55 REAE P e IR 3 0 S Oy AR OCHK , B LA b B 3 0 0 O L T A ) i A SR P i A
B, T SR R E R R o TEARSOh, B A Zead ASPP AbBE Y G = G SURFAE , i %3 [A]
T AR EROR I T R A S A B SR P B AR B A SR AT B Bt — A L x LB BUR IS e
iR AR
1.3.1 AR R

3 T I R R HGE A R A RS T T AR R A O R B R 0, R SRR
FORRES . WK 3 (a) Fis, JBEIREIA A IR A CxHXW (C. H, WArBIFsi ARmEs . wEm
L), SO HIAT A | AR BRI KXC(K=HX W) BIFEFE, FEXF 4 EAT AR5 2] CXK(K=HX W)
IR, RN AR FRtid Softmax 3 EITEIRN Cx C BRI N; K N 52 G MR IGHI A 4 #
TAFRNEAR A CxK(K=HXW) (WA, a8 R AR G S5 R A 31T B B e A 45 3 E=
CXHXW,

1.3.2  frEEE Ik

N7 B R AR R 5 O MG OGS B = 12 8] KO T A TR RAE . Wi 3 (b) iR,

(L8 TR U S0 E LRI, AFZATETA X IR A A4 AR S TR et sl



140 it XK &R Bl 5 & & 2024 45 45 %

___________________________________________________________________ \
| , y i - i i
 Ag I | Eg || 4 e m rdll
| srrcs || o |
| ARSI ! : ‘ | 0 B ‘ A i
| ® ! e KxK ¢ . 1
3 I i (L)%% ? |
| CxEx % AT, N CxHXW | [CXHXW| CxHW |

(a) AT EJIBER AL (b) o7 BB A4
(a) The structure of the channel attention module (b) The structure of the position attention module

ES I (IR BT VA e V= WAL S
Fig.3 Channel and position attention modules

IS MR A FEATAERAS B RAA IR AEE B, O, D, Fi55l%t B, O, D TAbEE . Bilid AR |
A Z G AR KxC(K=HxW), 52 EH OFFEHITHIE, 258 Softmax 4 5 15 2 IR N
KXK(K=HxW) WA ERERE M; FXHFE D 174808, 1S8EMRN OxK BHFE, B2 S M 3 TR
RENGER, PRI E EE R SRR A S TN 2R 28 tH F=CxHX W,
1.4 RIS

A A 10 T 2 AN BUR 284 DCNN AbFRAG B3R 2RI LA S 25 R VE 2 AL A B S TR AT
RIZFAEE LT 1x1 B PUR @B A oy U, R T F SRR AR I/ N e R A5 2 ) AR
TTPHE; BT 33 BB PHESS RT3, S8 — A LR R B 2 56 R K
it

i
i

2 SELLoth

2.1 HIEAE

AWK WHU @5 50854 ( WHU Building Dataset ) , 1Z8JE48E R TH 78 22 iS4y, &
1 8 189 MEK/NJy S12 AR R XS I2 AR R TREGHAR , HrbIZRAE | B kAR A A A REAR K 700 4 910,
1400 F1 1879, B iEAESLARAS M0 HER T 0.3 m; [A]I AT AR AR AT B G o, s o = 255
TR REAR FEAT AL T AL B SN ZRREAS , S G Rt B A B0 i 4 s, 7R SGE i v A

FPAEEL . KB B LU AN [R] £ JBE ATl ke S BRI (B R 5 o

7y

" - 4 i P g Al
B ;o B/ b :
; : 4 {] ,‘ 2 3 3 4 A :

(a) FAsets  (b) W90 (o) Jigdk180°  (d) hEHh270°  (e) MEBIFE () AKF-BF:
(a) Original  (b) Rotate 90° (c) Rotate 180° (d) Rotate 270° (e ) Vertical () Horizontal
image flip flip

Kl 4 o BRHGRATAR S

Fig.4 Data enhanced images and labels




1M TR 5 884 ASPP 53U & A HLA) 49 2 S 4 4L B A 141

22 SSWRE

ARG FET PyTorch W E 2> HELL, {diF TorchVision, Scikit-Image. Matplotlib 25 FFJi python J&
FTRAARAL B, #4571 NVIDIA GeForce GTX 3070 Ti i R AT ALIIZ:, WAFH 8 GB, ffiJf] CUDA11.0 fil
HUE T, [RIESAT L SES T oA i SO RIS SEgR R, B oA SURIE i R R, ik
PRILGE S R E N 1x107 O TS, A SRR AE LRI, BEFWHN 13107,
IR R B E 0 1505 0 T 5k GPU NAFIFRT, iz K/NZHh 8.
2.3 RBEIFN

ARG R HEE RS OA. [0 38 Recall, #fE#f % Precision. F1 343, 3¢ Jf b ToU FlR 1 & 5k
Kappa 7S MMEVR5E S BV o #0dadnie X (2) ~=0 (5)

TP+TN

- (2)
TP+TN+FP+FN
TP
JoUs———— (3)
TP+FP+FN
P,—P.
K il B 4
appa=—p (4)
Xbi+ayXby+---+a,Xb
Pe — a) 1 taz 2 a; t ( 5 )

nXxn
KX TP FRPIEM T EHIEIME R H s TN FR E# 2R 1ML REH 5 FP FRmgids /- M IE
KR EEH; FN R MR RS E; PR BIR S IORE; PRREAR —BUEiR2E;
ay,ap, a5 NFOR B SRR AL by, bo, o b 53 RN B — R TR A S ¢ AFEA)
AV n AFEA S

3 FRiTig

31 HFER9

A SCR LG S T T R 28 M SOy BB, 403 DANet?! . FON8s™ | SegNet™™! | Unet™! Fil
DeepLabv3+™1, HIIA] 5 Fi R, 416X BRI R4 I BARX EUSCARAE ZARI I 4y, T (X R 4% 7 A
X BLSCHRAEARSE NI 2o INEI ol IR, BR T ARSI AN, Hofh 5 iR AR R 5 2 R R U ) X3
SMASKE, DANet I, KB EFYIN AT, A BRI S8 R 2501 )8, FCNSs.,
SegNet, Unet, DeepLabv3+#l ASCP-Net 7EIMIAZ A - @50 ih Ze i V- PEchar , {HAH L HA LR 7%
ASCP-Net %] 731y X B P4l 43 8/ [R]I), ASCP-Net A5 H HCHS 114 8 550 HLAT WA 1 6 R L R 48 5
R NFRZERE 5 S0 A AR L B R T 4

TR ARG AR R, TCE R 5 PR E B R B A B s Mg iRl /5
B = AR T B RS KON, HE — B AR T BE ST BRI SR & &, X SR 24
HFREISOERAE, IR BUR G A e Pk . IR 6 B, B (LA R AN AR o) 3 2t SR 1 4
U, XFF FCN8s. Unet, DeepLabv3+%5 /4%, A gt s imsy . Hordms, E2EA
SN G ER O FE RN, LS TCTR A TR R I TS SO 4R HH 1) 12 BB A5 A v B2 JBC A IR
R BN, TR RZ O R A ASPP A AR T BRI g SUE B, TR AU &
BILT KRG B R 32 Sk Mo A5 25 22 TR) A 0 B O 2R S B AR DG 2R, 3SR 1 3 ) (R R AE 3 SU A
B, R ITERESHENT i SR S B 7 B, RIS MERA A St SR, AR T
A7 VKT 300 5% i ) B BN 8 AR 1) S50



142 LT N = [ = ) 2024 45 45 %

JES 8 . PO NI AO
(a) 1% (b) #3%  (c) FCN8s (d) DANet (e) SegNet  (f) Unet (g) DeepLabv3+ (h) A%
(a) Images (b) Labels  $ZH&5HE FYIERE S PRI PRI EiIERE S eSS
(c¢) Result  (d) Result (e) Result  (f) Result (g) Resultof (h) Result
of FCN8s of DANet of SegNet of Unet DeepLabv3+ of our net

Bl 5 R[RIRER Y S0 45 S He

Fig.5 Comparison of experimental results of different models
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Fig.6 Comparison of segmentation effect of different models on image edge buildings
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Fig.8 Comparison of the extraction effect of large-scale buildings
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