5537 % 55 1 H & W

2025 4 02 H

REMOTE SENSING FOR NATURAL RESOURCES

TooE Vol.37,No.1
Feb. 2025

doi; 10.6046/ zrzyyg.2023295

SIABA. YRR, 8/0=, Rkt % LTI A H 2 I HLHIF1 Deeplabv3+ 11 i B AR SR IO 2 [ 1]. A AR B8 K,
2025,37(1): 31-37 . (Liu C C,Ge X S,Wu Y B, et al.A method for information extraction of buildings from remote sensing images

based on hybrid attention mechanism and Deeplabv3+[ J].Remote Sensing for Natural Resources,2025,37(1); 31-37. )

B TR A FEE I HLHF Deeplabv3+1Y
T G AR S BT v

MER, B, KAR, R, RERE
(ILAEHETIAFMLEE L FEEIREFEK,EE 454003; 2. &ML HEFEL RPN,
AN 450003 ; 3.7 B & E BT, AN 450003)

E: e HE A B R h SIS (5 B2 1B BVE RN I B BT S N A 2 — . BT R R BREE T Y3 ik
SAGIE SR ICAN 1 L2/ N RV S 2 w5 22 M A58 R L, SCEE R M 1 — e IR 5 T B T DL A Deeplaby3 + A 18 2%
ABAR Xr RI B L ——SC—deep W44 1200 2 SR FH 2 010 — Ffp R 45 A R FHY 21 5 2 T o 0 IR0 2% BRI J2 AR I i
JEASAE 38 3 2 1 2 [8] <5 0 b AR DRI E 38 2 [ T T g e e 3R 4 e SRR 15 14 22 M) A 3 {5 S, A M T
RGN 2 RO AR B, T # AR A0 TN Zrvb i i . SR 25 SRR WY, BT #2707 TATE Aerial imagery
dataset $CHE4E L 973 HISE R0 T FAb 335 4%, BEAE AT RN S IR Z st 5 30 2 /N RS 550, 3 B

L S B ST BRI RE

KR ZRIEGEE EFPHRIG 16 E] R 2 E R

HEESES. TP 79 XHEHIRED: A

0 Bl%&

BESRYIAE o NS T8 AR 10 B G A, AR
BT YA S U R R, 7F 18 G AR R
S X IR BB N T R A Uk & R A T I
PR TR AN Al b AR B BRI ¥ HL s 80
PEHCEE SR ) 2 1 B B AL B 5 4 b Y B A Y
E

YR B S B HORT S A S T R B T
TRIE 242 17 2 FhS T (LG8 (s $R Oy
2 EA BB S F | AL AR AR RN SRR ) LA
4 RIFED AT OIS R AR AR, $2 Y
AHY) A SO E SR T B iR ALY
BRI BE A ST e B HE SR A
UL B NS A5 S, S0 T MG 4 1 A A 50
Y HARHEEL; Lagunas 25" Sk 57 B2 BOCEE 5T 40 19 £
ST BUR AR DT FL VR AT A S5 DT BE , M 52

s BHA: 2023-09-22; fEITHHEA: 2024-01-26

XEHS: 2097-034X(2025)01-0031-07

IS AR IE s R I, R, LA b 7 iR R 2 —
TE NI BVRFEBC T AN S 30 A, 32 A E WA
WA, AR 8] JSOA R RCRART , N3 W g ¢
PEIHAE IS )R, T % 32 52 2% iy i 0400 Jas vk S )
IREEMRIRA B i 1) Ja FR P

VLA | BfAE TR E 2 2] DRk & Jig , HOsRoR iy e
fiE A sS4 ICRE T3 8k [ N S AR 22 2238 B O , IR TE K]
180326 8 ST H AR TR A5 ST BUS AS AR Y Bl
Ho VTR 22 AR TR BEB B Ry i Jfe
RIFRE T — 208« 5 2] 7 B8 R3] T 0 i HEw
REbsl T REFZ M2 (fully convolutional net-
works , FCN) " {1 S5 107 ik 2 2 4 18 I 1 i
SR I i 3l XS AR MR R SRR
3%t o I 3 58 Ok RS Y 1 Bh R E, U-Net!””
Unet++% | SegNetm , PSPNet'"" | Deeplab ZA A
FET FCN 28 M 26 A 72 g ] T Sl 500 40 4t B 43
PR CL TR e S 1R e VAN G Ef o
TR TR EAE S , 456 U-Net FVRFE & 73

BRITE : [ A ARRF IS0 605 D MBS 2 I B0 SO 5 BERUBFIE ™ (40, 41572341) TR RIS 24
S R 251 SR S SR K RSE (4 « 222300420450 ) FINATFE 24 545 B 77 O P9 5 9Bt
RIS BT * W1 O BFIE A QT RE ST BT B BFI S 5288 (%% 2021SIGLX100Y) JERIBEDY,

B R LR (1998-) , 9, W-CHFG/:, 3% M LB (R ALE 5 0 1 )7 T 9FSE . Email: 18203233036@ 163.com,

R HNZ(1971-) 5, B0, B MR 2 MO AL 5 40T RO R 55 07 A9 BFAE. Email: gexiaosan@ 163.

com,



32 A % %R

2025 4

% (feature pyramid network , FPN) #£H T SU-Net,
SEPLT RS RO AR B R G N RER R T
XTSI ATRE ST ; Yang S D 4RI T E T B
JIM2%  BEAF A ] T AN 2 Y RHE , AR T T
FEFTHIF IBURCR 5 BV R SR ] MobileNetv2
YE AP E Deeplabv3 + A9 3 1 W 4% | 85 4y s~ 1 42
BUS B 5 7 & ; Xia % T4 UM Trans-
former FJ3E T BUGEAFAESZ B 28, S B T AR &R Al
A JRy 2 J TN 18 A S HEAT ER IR 2800 A
T 2R TR G R IR R R T
SR FPN SCEL A ShRHL; B/ =46 DL Unet++ M
25 R BLR T G R g R S S AN T B 2 AR 1 A5 T A
U HA R iz 1L AE

BIRUA IR G AR A S B 05 T 3k
B T RGERGRE T/ N RV S R S S T Y
HEFIAEAEIE IR ST 8 | T GRS 5 () R, B %)
AR AR T — BT I ALEI AT Dee-
plabv3+ 1 HES Y HE IO 45, 25 4 3 18 1 8 ) A
2% ) T IR R AR AT 22 RO AR 3L, S )
) 53 ERE B A 84— T

1 R FE

1.1 FHERENE T M4

A SCK Deeplabv3+JE M 4% HH Y Xception' " 4F1E
PLH M 28 254 Resnet50 W?ﬁ,j—??’{ Resnet50 M %%
SN S DR Xeeption 25 45 F4)
TR 3 350 A K TO 3G T SRR B o3 40 1 15
BERMIAE, Resnet50 MK FEAL G 1 4 FUpH 2 ]
2% ( convolutional neural network , CNN) fyJEAE 5] A
#tVH—4kLJZ (batch normalization, BN) , 3 F Dropout,
[FIEF5IA 2 A FeA B 5% 22 A e (Residual ) , 24 FR 53
J°A1 Conv Block A1 Identity Block , fif PR A6 B 7 2k m¥,
SRIER R, ok I 1Y U 7 ) 5k 22 28 78 Resnet50
A S5 b B — DR ZE RS ER S N T — N d
EE JJF B ( channel attention module, CAM ) , 33 JiE
TERCHEE S, 1 TR, P Conv Block
X fi ARV AR BE AN [ ) R AIE BT, T B 0 288 1Y)
YL ; Tdentity Block S35 4 A R4y 1 AH 7] 24 52 10
AEFE, TR R 4%, 7S SCR 93 9 Hh Y 75 X0
Sl LV 2 AR P RN IR R L BAR Sl 3 1
IR RS R AU i TR 2 RAE ] TE R 48R
Uit R E IR

[ES KA \
ok | [ asw 33%H
Ix 1B 1x1 5

| o |
(b) Identity Block
1 EFENEREER
Fig.1 Attention residual block

(a) Conv Block

&1 CAM-Resnet50 W4 454
Tab.1 CAM-Resnet50 network structure

RasF AR o S
W EE
Convl 2242x3 7x7 B 1 128
Conv Block 1
Conv2_x 1122x64 . 256
Identity Block 2
Conv Block 1
Conv3_x 562x256 . 512
Identity Block 3
Conv Block 1
Convd_x 282x512 i 1024
Identity Block 5
Conv Block 1
Conv5_x 142x1 024 . 2 048
Identity Block 2
Conv6 72%2 048 1x1 B 1 2048
12 EEANE
it s AR 25 G A3 BTRE I D 1 R4 % (4115

I EIWER T, 32 6 BB 7 B ( convolutional
block attention module , CBAM) "™ {3 &, A< SCH
T—Ff CAM 125 [H) 1 & 7 BB ((spatial attention
module , SAM) , FF- S INFE 2% B g i 7 v, FH LA 5

2R F R Z A SCHR  SCTERFIEE TP AU R, 2
s AR TR B

1.2.1 @#EEZEA

CNN SHH HEAT 22 R A BUOR AR IBUEE R 10 832 BB
N T BRGNS AR/ A o R ik 14 1 1
ZIAIRSCER . ARSCERIN T — R i i E T )
B, BARGE N IE 2 Firzs , Hoh € H, W o350 o s
PRI A0 SEE T A8 o B R S8, R e X A
R P10 ) A T e I AT - X A DR i 2
AR ST IE B R/ T 46 5 AR 18 22 J2 8
HL( multilayer perceptron, MLP ) A& f HoAd 18 HE 4746
T, ¥ 2 A 25 RZ T R AN, I JE 5 Sigmoid
I PR B A5 2308 A M BRI IE
PR i ARRAIE PT A PN BRI ol By 13 R i P 40
A EAE



CAR

XRR, 5. FEFIRA TR JIHLHIA Deeplabv3+ 1) B AR @ S B U 1k

- 33 .

AF

1.22 ZEEZEA

oI
s

RN

T e

B2 CAM &

Fig.2 Channel attention module

HPHER AT B BRAE LS & 2 Phas MIFAE, 2R )5 1l

RN T Bhei 815 B ERE
JIHLiH, SAM A HR By 25k ikl 3 Fras, B oG, X

id Sigmoid T PR R B e 48 10 23 [ 5O AU
Mo e RASCE (RS g ARRAIE B AT AR AR Tt

AR PR I8 8 4 B R AT B R AL RSB Ak, 4 AR A9 23 (A AR

R

S

HINF

LN

PG 2 (ARSI E M

El3 SAM ik
Fig.3 Spatial attention module

12 W 28 Bk T i i — f# i ( Encoder—Decoder ) 2544 |
Z R M4E 2 AL CAM Al SAM AL
SELH I, A0 2 IR B R B RAE O 5 TR 2RI
HEAT R, U 2 I 5 Bk 3 RSz Y ) DT B
LB BARAR I R SUE B AN I ATE R
FIBLTIR IR XS /N B AR 0 T BE

1.3 SC-deep M %&

ZJZ BRI 28 118 HT R SRS 0T B 2 00 R ks
fiE AE BRI TR AR R Tt A0 2 i A A 2
SRAF B BRI 23 22 [ B8 OB, S 200/ H
P A B R 300 SRR 45 (] R, O e ke B3R )
B ASSCHR T — il S B 2% SC—deep , (2545
FanE 4 R, o rate £83R 25 B R SRR 2,

|
] |

____________________

i | CAM-Resnet50

E Encoder

E Decoder

Y
Ix 141

4 SC-deep M4
Fig.4 SC-deep network



* 34- . E ﬁ}E ?Jﬁ V‘/\

2025 4

e g B B B v, 1l 3% 22 142 3 ) I 4% ( CAM -
Resnet50) fE AR HR R B | 1205 e 5 78 $ B Jak
AR R ZFAE FIR R IE . b IR 24
TR, SO 0 2 R £ A5 05 L, TR J2 R AIE
DAL RE TR CARAR B it — S THRZ LAY
IR BE ST, AE 25 23 8] 4 - WAL (atrous spatial
pyramid pooling, ASPP ) FLHt Fol AN [A] RAE T A= i
AR IEATDHE  JF 8 i B BUZ FIE SR A I8 5 i
HEFEFMFFIE IR

FEFRRS BB, B e R CAM XHR ZRRAE HE1 T
FOALF, LAAR IO A 8 18 A AR BB IR 2 R AE 18
[, YRR AR 2o i B AR A 5 R SAM 7% 8] 437
B EFATIAL, UL A Shi S X R, O 4
JR SRR B Z IR AR5 1 TR Z IR K 5 v =
TR FEAT DR 15 2 fil 5 2 18] 1 18 T ) A Y
Z AR B RERER ; falid SRR R A
i 4 R 10 22 R AR B AE K 52 21 i s PR
N BRI G A A5 R 1 TR B RE A A AU A O T

) P R A SR 10 25 R RRAE A5 R, R TR 4R 20
o5 R 1 32 H#

2 SLE 5 AT

2.1 HIERESTAIE

AR SCHE BRI K 2 ZR M- 047 B L AT AL iy
WHU S50 18 S5 H1 80 46 i) 306 4R Aerial
imagery dataset YE A BFSEXF 4, A8 R A BTG =2
F A% B R S5 W, Tl g T B R 2 22 000
ST IR R BB, AR A ] 73 RN 0.3 m,
B EA 8 187 sKE G5 R/ K 512 R K X512
G E MRS, Mo U B G B r
GG ARSGEIUT 6 455 5K EME, IFLL 721 2 L)
BRI AR 50 U5 AR AE A 4R T8 Al
B FETE XTI ZR B AR AR REBLAR BT | 4 ik | e % 45
e G55 5 B,

(a) JRUGKERZ (b) JihbR%E

22 ERWIMEREE
e UEAR SCRE A S S BOT A DR
SESEXF LS, A S 6 1 A G — AR 1 S B R 5
TR T, SEERIAEANGE 2 PR,
x2 ZBERERE

Tab.2 Experiment environment configuration

SRR Tid & 25
CPU Intel(R) Xeon(R) Gold 6330
P17/ GB 80
GPU RTX 3090
WA7/GB 24
CUDA CUDAIL.3
2 HESR Pytorch1.10.0

R

TE SC—deep M L8 YN LRt B g A K/ 512
BE X512 F R B IREG, BEE Y ZRAE AR/
4 BRI RO 4, A ECH 30, W62
HH0.01, Fi/NFE 2T H 1 x 107" SRABEVLESEE T
[% (stochastic grident descent, SDG ) B LA b #sE1 T
DALY | [ FH 22 SCHR 5 2% bR B0k 1158 A

Python3.8

(c) TRALFEEIS
Bs5 BEGRHmLELER

Fig.5 Image preprocessing results
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Tab.3 Results of backbone network ablation experiments

(%)
FF M4 IoU Precision  Recall — F1-score
Xception 84.48 93.20 90.03 92.59
mobilenetv2 83.94 91.33 91.21 91.27
vit 72.58 88.65 80.01 84.11
CAM-Resnet50 88.75 94.86 93.23 94.04
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Tab.4 Results of attention module ablation experiments

(%)
=Wl R VA IoU Precision  Recall — F1-score
ASPP+CAM+SAM 88.82 94.86 93.31 94.08
ASPP+SAM+CAM 88.52 95.27 92.59 93.91
SAM+ASPP+CAM 88.76 94.81 93.29 94.04
SAM+CAM+ASPP 86.36 93.52 91.85 92.68

Deep+CAM,Low+SAM  88.86 95.05 93.18 94.10
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Tab.5 Comparative experiment segmentation

visualization results
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Tab.6 Compare experimental results (%)
A ToU Precision Recall F1l-=score
U-Net 85.13 92.31 91.62 91.97
FCN 87.95 93.66 93.52 93.59
Deeplabv3+ 84.48 93.20 90.03 92.59
CS—deep 88.86 95.05 93.18 94.10
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A method for information extraction of buildings from remote sensing
images based on hybrid attention mechanism and Deeplabv3+
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Abstract; Extracting information about buildings from a large and complex set of remote sensing images has always
been a hot research topic in the intelligent applications of remote sensing. To address issues such as inaccurate
information extraction of buildings and the tendency to ignore small buildings within a complex environment in
remote sensing images, this study proposed the SC—deep network —a semantic segmentation algorithm for remote
sensing images based on a hybrid attention mechanism and Deeplabv3+. Utilizing an encoder—decoder structure,
this network employs a backbone residual attention network to extract deep — and shallow — layer features.
Meanwhile, this network aggregates the spatial and channel information weights in remote sensing images using a
dilated space pyramid pool module and a channel-space attention module. These allow for effectively utilizing the
multi—scale information of building structures in remote sensing images, thereby reducing the loss of image details
during training. The experimental results indicate that the proposed method outperforms other mainstream
segmentation networks on the Aerial imagery dataset. Overall, this method can effectively identify and extract the
edges of complex buildings and small structures, exhibiting superior building extraction performance.
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