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Abstract The present research proposes an efficient scale-adaptive and fully convolutional network based on an
encoder-decoder network, which represents a crucial innovation aimed at improving buildings extraction with various
scales from remote sensing imagery with high spatial resolution. First, a multiple-input multiple-output structure is
proposed to obtain multiscale features fusion and cross-scale aggregation. Then, a residual pyramid pooling module
is deployed to learn deep adaptive multiscale features. Finally, the initial aggregated features are further processed
using a residual dense-connected aggregated-feature refinement module. Pixel dependencies of different feature maps
are investigated to improve the classification accuracy. Experimental results on the WHU aviation and the
Massachusetts datasets show that compared with other methods, the method has a better extraction effect on
buildings, and the training time and memory usage are moderate, which has high practical value.

Key words remote sensing; image processing; building extraction; fully convolutional networks; residual spatial
pyramid pooling; aggregation feature refinement

OCIS codes 280.4788; 100.2000; 100.4996

YRS BHE: 2021-01-06; R BHA. 2021-01-12; RABH: 2021-01-20

EETH: WA H RS (182300410111) 11 4 4 = A2 5 s 0F & 0 H £ 4 (18A420001) (] m F T K 24 1 1 B 4
(B2016-13)

BEEE: *wey@hpu. edu. cn

2428006-1



F58% ¥ 24 H1/2021 £ 12 A/HAERBFEHR

1 5 H

AL AR TR ) PR R R HEE T R
25 0] 43 FE 2R CF SRR 5 20 BR300 18 B AR 1 3R L
AR . MG 20 JE B SRS AR b A s B S 2
= bR FE R R R R | A N A R R R
I P B R Al 2 3 AT v K B g g B
YE MG R GG o 25 In] 81, 4 500 00 i BB I A 0 S
fEFREL . JEAEOR , DL B 4 M 2% (CNND R R 1
TR B 2 2] 5 vk Ry B LG o0 A R R AE B8 B 2L T o
BING A fpe r 2L Hoh, S I A S R T —
R LoE TRRESR O A . (S A R 3 G
1R 5 2% 18 SURRAE DL R s S R B 19 2 RO &F
P R ECA M 2 B TR R A — o 1k
e,

15 o7 HE R B R R BURR R BT
55 FLIUIRIF 9 K 20 3 T 4 SR W0 A 38 JBOE 1R D R R S
WITRRAE , 46 SIS RE v B0 S0 B B L BT
A SRS TR ZR LA S A R R Y
& UG B 1 EE I 5 0 1, R O o SRR AL S SR
[ B HL(SVM) | FEHL AR AR (RF) & F LY (CRE)
. BN TR IHRRE 0 J7 1k — J7 T 2R B 2% ), 5 —
7 1 il = X R[] 1 AR iz AL RE . R R
GG AT 5 02 A5 B (H A& Y B A
A ST HRECEAT R 08 A ) 7 g o ik 4k
E A2k s ATTR 208 i 2 2] J7 U MG s v A
SR ER)Z R FRE . H T3 B E R 25 CNN
"] o T E B A CNN(Patch-based CNN) fll 44
B2 M4 (FCNN) ™ JETF I He iy CNN Al RUAT
B2 2D o FAR R P AR IR 25 1 R A RRAE L E
ST A ARG ) T MY (HIZ G TER
SEE I IR T A KR o PR R B R
Sy . w24 A9 FCNN BB o — T
] (L4 o 2 A BB B T A AR 3R A LU 3 T IR e
CNN &L, Pk, FCNN 8732 T kM
BT 4 R A SRR 1R 8 S R BT 45 R, CNN
X EAGRFAE 1) 27 2] 38 2 S5 O Ak ) 2% v 19 2% J2 26 B
SEPL L o, 2 T RS A A D T ORRAE 2 2
3 7 EL A ) R I $R B R ol BOHE D, DT 2R B
— B AL . Bk 22 K 2% (ResNet) Fll % 4 W) 2%
(DenseNet) H it F A4 45 1 @l & 7 2. BIVRRAE & AR i
FUAFAE R 422 5 20, %0 CNN AL iR 58 7= 48 T 3%
TR, BT CNN By & 50 9 Fr A 32 B, 1 I 4 5
T SO AR 0 Ja3 350 20 5 R S BE S B A A OF

W& IR HEAT AR R R AW S S 2 B
ANTTIG K, AN T sl B bl 2 5 B0 )40 5 {5 B R
T #5082 B FCNN K 2l g 15 15 45
) AL A 1 A 1 5 3 B R A A TR B
FYfE ST . U-Net il aof fil 45 2t % BEAXE NI A 45 B 13 45
TiE A 250 52 23 Tl A5 B L 78 SR ) 4 IBUAE: 55 vh 3R B
MRS, A o B RGP i B R
A 2 REEFRE 8 R T E R 0 R a5l A
FRAEAH 252 2% , HLIEME A R 5 @ 50 = T (4
SUHARRLI MY . R T AR R X A 2% L Y O3 BT
T3 NATTHE T 4 B0 ik 1 235 4 9 — 2B 4R R T R AIE il
HH R FBIMFEDHE T S UNet (Scale robust
U-Net) , i 2 3% $2 0 28 Fn bR A 5 A [ f A B Y
BRI TEE R EERRIE R G R T % 2 R
BERES Y B0 5 AT RE ). B AT ST R g VPU
(VGG16 pyramid upsample) i@ i3 ¥ JRIE 200 T
SR AR T XS AN () 4 % B 4 A E 5 494 0 1 TR R AE
S AT R B AR TR TS R 30 S AR BUSCR
FH 77 AR08 1 B ) B A R A B X R 2
FREFEAT 7R [R) I 3 3 2% 48 3% 2 i A BORAE 42
TR A AR T T g5 Y 0 R IUORS BE . Liu
ZEHTAE U-Net Zi % B A4S B b ) 51T 25 1) 42
FI3E AL (SPP) LK HE T USPP M 4% , 75 IR B R AiF 2
A rh SR TR Ry AR AR A4 Ry R AE B9 % ) . Shao
SEUS BT 5% 22 4 1 4 BB B, 1 [ B8 K I 46
JE 32 W AN TH I 45 1 90 4R 4y H 45 K. Zhang
TEREA G it Be AU A5 B 51 A B 22 450 A T Res-
UNet, 351 T W 4% H 1915 B % 3% . Ibtehaz % 42
Y MultiResUNet B K42 T 17 B2 257 EIG Y 43 31 4K
L ot K MultiResBlock 52 B T % )2 F7 1iF
(9 T TR Bf ho 2 58 10 B AL . Pleiss 5 [ B
ST AT TR 2 ~J HE ZR b T 56 A0 e A 8T 3%
M2 3 W R0 A7 T DT R ok B3 vk 1 52 T
PRI S e % v 4 % 239 0 J B AR 1 R O Ak R0 2%
iR A R ) 2 ROERHE, i85 E— 22 TR A
W5

R TR e G R SRR AR v SR 4 IR
FR TR) R, A SCH Y T — i RUBE W ) 48 (SA-
Net), 7E L4 A £ i (MIMO) ¥ 4 5231 £ 5 fE
il N RUBE RRAE SR 5 1 R il |, B — 2D RS TR
275 ] 42 F B b Ak (RSPP) F1 23K & R AE 4 fL (AFR)
Bk, RSPP i i 5% 22 % £ Uitk 4 o 55 AL B4
PLSEHL A i 0 22 ROBEHRAE 9 2% 2] . AFR X9 iR
KRG FREAFTER ) B AT AL, 32 T4 T 199 45 X6 A [

2428006-2



F58% ¥ 24 H1/2021 £ 12 A/HAERBFEHR

KRR IR ALY W PR IRCR . e A B
T BB R TE 25 S R OR 1Y w4 B R B RO AR
WHU i 25 8045 42 #1 Massachusetts $035 & F 47
TS R UL SRR AR Ty T A g
2 WFFEIrE
2.1 EF SA-Net HyEH IR

R T ERRTE PR R BGEAR E s h 2 RE
S FRBOHOR Bt T — R AR [ IS N R AE
SRR IR T SA-Net, 52+ 50 % U A9 BR
SA-Net #32Y1 53 J5 /N 7 s A5 AE R A I 2tk
BT (ReLUD PR 9 S5 PR, Rel U 2 1) il #f
Zou iy . RIERE R s AR, a2
2 MBI, AT Sigmoid #REAVE R 3005 R %L, Sigmoid
PRECRE SA-Net 27 B Y RHAIE B SR 2] 0~ 1 S [l N, B
L8 N i A R R R 95125 . Sigmoid pRELAT

RINN

1
XSignmid (Pz IRy )

T +exp(— P, )
KL, P,, BEEE T (2 ) BB R R AE .

BT SA-Net By = S92 B 2 B 1 B
TR W B A3 AT 55 1) S D R A B AL B I 2k
F R, A R TAL R AR SR AU B 1S (Data
augmentation) - Bt , WIHE 5% . B2 15 Bl HL A B R R
(Random position sampling) SR Mg 25 # A . HAh,
K HEHLY) B3R 1% (Random cropping strategy) #f
— A B T REAR A BEALPES L T AR L S T M
555 1T BE A7 AE 1 120 2% N o 0 7] A0, AR 95 008 1 0 R &R
I kB T & & P8R B (Overlap
strategy) . 2 1Y W 2% 45 ¥ 7T 9 B AE R AE 22 > B
2, BAR Y R RRAE b 20408 3K 3l K i de A0 Ak 0] 7
Pt .

) Q)

_____________________

well-trained
o e e network
| optional operation: T £ _“_ _______________
|
| T
| optimization
training set ; dots 1L o  Eandom .4
| | augmentation : cropping
U r——— i
validation set e
testing set pP—m—o0o0Hmb>--m——"--""""o o » testimages |«
:optional operation!
1

: overlap :—r:’

| strate,

I— g}r — _: prediction |, ground truth

maps i maps
Y
classification
accuracy

Bl 1 3T SA-Net (1) 7 509 4 B 2
Fig. 1 Flow chart of building extraction based on SA-Net

SA-Net FE R BRI E 2 BroR. %M%M
b5 — 1 (BN Z il 5, m a4 il ok G . R T
R AR S 77 79 15 . SA-Net A 76 BT A 4 FL (Conv)
J #R BN J2 . SA-Net 78 U-Net BYFERY L @4
T MIMO.RSPP Ml AFR 2% 31, R 1 3458 4 i B
Xf 22 RUBE 52 A% 0 e AE 328 BB, 0 Bt 52 1R iHE AT 174,
1/16 F1 1/64 T RAEfE Zad 2 J2 46 B4 B3+ 5 XF R
G i B 0 AR AR AT R G . O TR U-Net 4 it B
) e R A HEAT A 78 FE 2 RO f A 4y SR T T
SEg AL T SR A, 33 7% B2 (Concatenation) B 7 2
HEATFRAE RS, DA OR B R [ A6 2 S B FRIE . R

TLZEARA 4 AR B RRIE, B 5, H 1 X 1 B
XoF AN [v) fige 0 B3 i) i b E AT W A . RS P A B AR
V4 V8 38 T KU R E B 2 B DR G R RE
IS W 4 2 RRAE BT R R L AR S S 24 BT K
. MIMO W] 52 3 22 ROBE Rp AF Rl s R E R AIE
RA e Ak W 2 09 2 T8 56 & . 7E MIMO {4k
U-Net fy3EAE I, RSPP it — 222 5] T IR 2 R
F 3 AR 1 AFR U615 22 R iy o 358 40 490 B 58
B FEIEAEAE 1 ) 8 AT P4k
2.2 HERRERSEFREEXRZNMRL

X BE RO R GRS TN

2428006-3



F58% ¥ 24 H1/2021 £ 12 A/HAERBFEHR

I

e e |
W-0-1)-- - 5
A /.

U
h 4
YW W
!

-

> >

’-;multi—scale input —>{

-8
P T

|<— multi-scale output 4-‘

A Ay A
-
4

a2 A
&
i e
—-, ./'
,/.

-
-

— 3 x 3 Conv

I1x1 1x1
"7 Conv-upsample >up-2x2Conv  mup- Conv-Sigmoid

> average pooling -.»max pooling — copy and concatenate @ concatenate -|

— ., -
’ batch normalization -| aggregation feature

residual spatial
pyramid pooling

refinement module

Kl 2 SA-Net HIZ5H
Fig. 2 Schematic diagram of the SA-Net

KHATRIEAR I, B2 R ERMK L L, B85
HOURBEAENE TSR, BRI NHR
18 75 =X g o A B A T B — 1 3 T L R A R AR
Bl 550250 7 AR B A7 (B T R Ry
X =r[ PIDN IS T o] @
bkl s, B R H ] ABERE () (L E B
(B Z BT — 28 m DR BT L H,
MW, BEBERSE. XG0 N — 25 m A
B (x4 hsy +w) E, X7 i‘?i@ﬁ%%ybw
AR B, OO SR BT PR

246 TRZ R B 2 4R IO RRAE il 2 AR
AR v 3 R T 114 O 2R X R IE 4 BBOSSOR A AR K
SO, A HAS [ J2 B e 1 HE B L S 1) T BE T ) 4%
LA 5 A R AE B ICRE 1 SR 4 3 W 4%
H—BH 2N mAS A, ik 2
HEATREAE Al S8R, AR A Al G 19 5 20 3% A5 ZE A
(Pixel-wise addition) AIZEHE P AP, & CNN 2 £ 2
At Ry X AR R A e Oy a5 5 5 )2
(O<Tj <<k 3 BYFEAE I X, TR Ny

X, =/f(X, ) +g. (X)), €))
A, £ O RZZ X A AR LA e R %L g, (O
hFR2EiE TP AL E N AL B R AL, B R 2
AH AR T L (L<<k) J2FRAE B 3% 42 19 25 58, W26 &
21 i AT R R R
X, =/f XX Do ¢))

orp, Lo A RHE B 0 3 B4R

AH EE 2GR AR, FRAE B3 42 0T UG B8R [R) J2
PEIBCRFE A B S5 2 0 FRAE B AR AL AT R . DALt

SA-Net Ht MIMO % 42 B VR Rl & fe KAk F -7 1
A AR U R . 55 25 % 2 AR R I 45 VR 2 I R AE A
BE TR A RO T M % P s B L, X
k[ 23 10 BIF 5 45 SR 26 B, 40 7 ik 22 3% 2 1) 09 445 55
T T T P41 4 B 17 HE A AR 4P AR e R Y R
ZEEAR G EARBEERE T, HIL. T
O3 R B PG A5 A S RO A R 2 TR g T S
FUZE SC R Ak .
2.3 BRESTFEMK

)2 CNN Ay 5 b gk 52 B G it /) T 38 &k 32
B, S B 45 x5 R A REE A9 B bR 4y B BE R P
Zhao ZEI R M T SPP M E T PSPNet, X i )2
CNN 42 BUW RHAE AT T i — 2D Ab B, 2 0 T I 2 11
T2 e R . w de . S TR B 3] 1 S 35 4 E 9k B
FAEE B R G B R R . Ra K &40 X
F J SRR RN 4 Ry R AR 220 1 R B B4R R
BE R R G FASR B R E . B K A RRAE &R Ak
HLJS (9 45 A 53 S RFAE 53 BR ROl L /E A SPP A Bk 1y
LR

SPP # e {3 F PSPNet A ¥t , 24 SPP 4 He g &
F U-Net i i5h B figt % BL 2 ] i, — J5 1, SPP 4%
PR3 AU 1 DB TZ R E SR IR 1A BR .
B NRRIE R B B S EUR A
KM — AR FEAE . 55— 7 DL SPP W 4 44
A RRE A B B A A TR H AR S YRR AE
L 1 L BV 43 St A0 38 3 RIOH A5 L a3k R S R
U 1) R AE 2 AN ) T 3 R MR ) RUBE 1 38 oy
L4 T —Fl RSPP A e, HZ5# &l 3 iR,
RSPP i & 4403 3¢ B A 40 S & 2 50 i A2 . B

2428006-4



max pooling
pool size: 2"
RSPP branch !

@ add

upsampling
upsample size: 2"

E£ 585 £ 24 H1/2021 F£ 12 B/ B EREFEHE

(@ concatenate

Kl 3 RSPP )45y
Fig. 3 Schematic diagram of the RSPP

SR 2 MERUZ . RIEEERBAE A7 X
M1 AR BEAR TR L 2 % B AR 2 ) IR AR 3l i 1B 15
FAHMBEATRLA . 4 A or A S A R R
RSPP £ & W% . RSPP 45 [ A4 32 193t 8 i 72
Al RR N

XP"=H, (X) + X {(H, [X™(X)]} ., (5
o, X Rk ARRE B CRBERS o 5 4 A 4 B Bt
o D H , ) 2R 43 3 46 B2 X i A AR e vk A2
P, X7 R X SRy X RRAE L B SRR R i K fk 45
P X4 BE (4 28 A6 L 5] 20, RSPP 5 4 1 Hin iy
Al RN

XRSPI-’: I:XIIQSPP,".’X?SPP:I . (6)

RSPP B2 S b AT 2 1 4Bk 42, T B AR
JEDy 1 SR BRAR AR 1E A Ak 25 1 1 B T B EURE
fEEIEE S . k. RSPP AR B AN 73 32 1 2 4% 1%
TR TE P 26 I ik 7 v 23 AR 90 5000 1 2% A28 A AL
LR BB R E R . T 1 Rk AR
SRR IR AT 45 B, AN TR) L 481 1) 46 0 AS [ R
HFYEA —ERAERN AR .
2.4 REFERSBL

XFF 22 RUBE B ) 4 3R A AR AR, B TR TR R

feature maps with great
variability in fineness
r |

initial aggregated features
from four decoding paths

@ add

JE R R IE B4 O bR AR IR B R A R B R AR
SR 23 18] RUSH A [ S AERRAE 98 AR B AR AE R K 22 501
AN TR 3 S AR AIE T b [ R/ BN IR &R L
SR A ) A B A SR AT R AR (AT B
FHAIUR B85 AE 00 470 S i ol =2 o 85 R 38 A 11F 114 )
FH. I 4R T —Rh AFR B, Hg5 sl 4 prr
e B, S EEENERZ TR, L
o ARGV LLE B — 2= B R R IR OC R
SR 42 Jy 1 45 5k 22 3 H il 5 00 46 3R & e AIE A Ak
BRSO RFAE L 38 B AN 2 [RE D 1 5 1 2% b {5 B4R
W HM., & AFR W& m MERZE S m 2N
Wit X, ATRRH

X, =A, (X, X, D+X,, (D
KHL,A, ORE m JZERZAEL K k%, X,
R AL . B TR B XA [R] 38 3
) S HOR ] DT S 300 A 240 2 B 25 S/ 3 K 0 1R
REFERAEIL . T SCHERL 16 ] TR EAS AL Y =S
T 4 BRI AN AR, D D9 AT 2 o SR R B ]
FOA&EE THREKABRENER . ATESTE
U AN TR Z B . Ak, 5 B2 I R T K
S EORL  AF] T Y SR,

===

refined features

@® concatenate

4 AFR B 45 14
Fig. 4 Schematic diagram of the AFR module

2428006-5



$£58%5 F24H/2021 £ 12 A/HRENBFZHE

3 SR
3.1 SCIGHUE
R T T4 B R AR W 2% 1) A8 R L FH A TR) 43 B R

ANTa] Ho S W R A 22 S K 1) WHU i 28 B 4
Massachusetts H 509 804 4 P 175250 . W04 Bl

PP PR S B P 5 pros . T RUR B A
B R Y A 2 R H WHU £
EHEHE, @Y 2 e 5 R 512 pixel X
512 pixel G —2F L I, WHU %4 4 A9 & 51
W RSk B 3D 218 Wi, T Massachusetts 25 45
I BT BN HME DL X A3 30 SR S

|5 W%, (o) WHU BHE 4 ; (b) Massachusetts $UHE 5
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Table 1 Number of parameters and the maximum number of batches of different models

Model U-Net USPP S-UNet Res-UNet SA-Net MultiResUNet
Parameter number /10° 7.76 4.82 7.97 4.73 7.13 7.26
Max batch size 37 22 23 19 25 6
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Table 2 Random sampling training and regular training results of different models in the WHU dataset

Model Batch size  Image size(pixel X pixel) ~ Graphic card ~ Video memory /G 10U /%
U-Net (random cropping training) 16 256 X256 RTX 2070 8 88.58
U-Net (Ref. [15]) 8 512 X512 Nvidia P6000 24 84.08
U-Net (Ref. [4]) 6 512 X512 Nvidia Titan XP 12 86. 80
R T UE P 2% S5 R 6 43 SRS FE By, T Tz 2 x padding
- . N . NI " S A
K FH Y 03 26 28 U (BCE) 1F Ry 35 2% ok 55 0 1k 7% 4 padding
AT R e 400G 8 R0k A RRE M O T X T }
b 528t B8 T Adam F 0 00 fE 2 WHU I
B 4E Il Massachusetts 0¥ 4 B9 2% > R 3 51 A :::::j_j_ e __J’
0.0001 Al 0. 0003, MultiResUNet £ % {4 4it v %k 1
I
6 HARBR RGBS O 16 Beoh, 36T U 2R g :
------------- padded image
P& PAR ¥ WHU %845 4 Fll Massachusetts $% 85 4 I original image
> b 2\ ] 2L — — —-predicted image
AU 25 %6 2050 53 ol 300 %8 A0 200 %8, 1% A K - final result

KERAE O H A IR N 7 G . TR A
RUF 3 R A B 2R FH 1 B SR A5 3, 0 3 o o 200
F/NBe G 0 T 6 IR 45 SR R AT PR 4 B 3R AR IR
IR R R T 25 5 . SCk[28 14 H 4= 46 R 45 T
ZERE ML TR EE R, R L BN E .
BEXTIZ ), R F Y B S DR R RS R RN 6 i
7~No X Massachusetts £ #% £ i 17 7 & & R
(Padding size) A X} [V 5240, lx A B R H & R AT
64, XFT WHU 454 . h TRIEC & B 7 i
INEYR ST (512 pixel X 512 pixel) » H NI 4 BE 4% B HL 5%
RERYI F RS (256 pixel X 256 pixel) % [, #5 E 47 &
EMEA S T B GBS AR &Y N
0 BRIBORS B TC Tk IZSR W vh A2 25 . LA, WHU %L
It R G PP D Bz, AN 5 B R R AT 78, M %
B PR B0 B R SR & P SR s L PR AN 1Y

K6 E=SPHHERRER
Fig. 6 Diagram of the overlap strategy
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Table 3 Experimental settings of WHU ariel dataset and Massachusetts dataset

Parameter WHU ariel dataset Massachusetts dataset

4736 (512 pixel X512 pixel)
4144 (256 pixel X 256 pixel)

8631 (512 pixel X512 pixel)
144 (256 pixel X 256 pixel)

Training image number (size)

Validation image number (size)

Training epoch 300 200
Steps per epoch 296 540
Batch size 16(6 for MultiResUNet) 16(6 for MultiResUNet)
Iteration number 296 X300 540200
Padding size 0 64

£ 4 RREBEIEE WHU F1 Massachusetts U4 F 89 & & PFAL 45 3R

Table 4 Quantitative evaluation results of different models on the WHU and Massachusetts datasets  unit: %
Dataset Model Precision Recall 10U F1 score
U-Net 94. 37 93.52 88.58 93.94
USPP 94. 50 94. 35 89. 44 94.42
MultiResUNet 97.00 90. 01 87.57 93. 37
S-UNet (Ref. [14]) 95. 20 93.00 88. 80 94.09
WHU SR-FCN (Ref. [4]) 94. 40 93.90 88.90 94. 15
S-UNet 94.74 93.77 89. 14 94. 25
Deeplab V3-+ (Ref. [4]) 91. 60 94. 60 87.10 93.08
Res-UNet 92.71 93.90 87. 44 93. 30
SA-Net 95.27 93. 80 89.62 94.53
U-Net 85. 84 81.18 71.60 83.44
MultiResUNet 93.22 66. 84 63.74 77. 86
USPP 88. 50 79. 37 71.95 83.69
S-UNet 86. 05 81.50 71.99 83.71
Massachusetts
Res-UNet 87.08 77.66 69. 64 82.10
Res-UNet (Ref. [11]) 86. 21 80. 26 71.14 83.13
JointNet (Ref. [11]) 86. 21 81. 29 71.99 83.68
SA-Net 86.78 82.70 73.45 84.69

UE 7 35 RUBE R AIE SR 5 RIS RS 52 7 0 2 T4 O A7
Mk, 78 WHU %4 4 b, USPP #l S-UNet Ky
10U 435l 1 UNet 5 0. 86 Fl 0. 56 A H 43 &4, 1M 7
Massachusetts (45 % I+, USPP #1 S-UNet [ 10U
A 58 P 4 i 2 I b AR A R g =2 X AN [ 52 4%
AT ROEE Y 3 I

£ WHU #1 Massachusetts P8048 5 -, A
FLXT HARE B9 . SA-Net 43 T fie i 19 10U M1 F1 43
. 7€ WHU 34 % |, SA-Net 1 10U 43 Lk
U-Net, USPP, S-UNet, Res-UNet, MultiResUNet

PEFT 1.04,0.18.0.48.2.18.,2.05 I H 4 &, 7E
Massachusetts Z0 g 2 |, SA-Net B LT H 7,
I0U b MultiResUNet F1 Res-UNet 43 5 28 F+ T
9.71 A1 3.81 4~ A 4 i, #H [k U-Net, USPP #l S-
UNet BT T 1 A H 43 48, X F W SA-Net
XN () B0 A6 ey 10 3 1 BB T X B A b e i
FUP LA B AP P2 BUROR . SA-Net XS H 188 A 7
WHU %l 4 i I Zisf [ an 2% 5 BFw , ol LR 3
MultiResUNet 9 Y1l 5 B ] 22 4 T I Al 485 7Y, 3x %
AT A B ) AR A 51 32 422 0 S AL R0 A 67 T 2 T, SA-
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Table 5 Training time of different models on the WHU dataset unit: h
Model U-Net USPP S-UNet Res-UNet SA-Net MultiResUNet
Training time 10.7 11.8 12.8 13.4 13.3 35.1

Net Il 2 0) 8] 53E 7, 5 Res-UNet.S-UNet 41T . — BRI RN B, 0l Pk B, H A AR
WK F U-Net fil USPP, RO P e 22 i B = RO R ) S Gt s )
7 RO 8 Ry AN TRl AU AE 5 A B s 4 A5 3 1 A L R R AR AN i S RN B TR I T A AR Y

7 ORI WHU B2 i #4528 . () BE 5 (D) #5% 5 () U-Net; () MultiResUNet; (e) Res-UNet; () S-UNet;
(g) USPP; (h) SA-Net
Fig. 7 Segmentation results of WHU dataset by different models. (a) Image; (b) label; (¢) U-Net; (d) MultiResUNet;
(e) Res-UNet; (f) S-UNet; (g) USPP; (h) SA-Net

Bl 8 ANEMEAEIN} Massachusetts B4 ) #4588 . () BMER s (b)) FR%5 5 () U-Net; (d) MultiResUNet;; (e) Res-UNet;
(£)S-UNet; (g) USPP; (h) SA-Net
Fig. 8 Segmentation results of the Massachusetts dataset by different models. (a) Image; (b) label; (¢) U-Net;
(d) MultiResUNet; (e) Res-UNet; (f) S-UNet; (g) USPP; (h) SA-Net
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WHU #¥ 4 oA B2 19 2 7+ K . X Massachusetts
Bl NN W, MR, AFR % WHU %c#i 4 4

25BN B I #E T, 7E Massachusetts £ 25 9
TR R, X R W RSPP Ml AFR X T £ 504)
RO 22 S5 3R A0 B fie B A7 4% A RYSE NP, i WHU
B ANy 2 REIN LW 2, RSPP Hai A R FE
M S RE o B OB OR R Z B IR R AR AR T
Massachusetts Z 4l 45 o 2 509 19 RF 35 3 4/,
RSPP AN RAE 4 73 Sk 32 2 4F B HuaR A o
PR, e Ah X T SR S RO X S
B Massachusetts 2455 , AFR BUSFERE L& T
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YA R T SR W IE T SA-Net
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Table 6 Evaluation results of ablation experiments unit: %

Dataset Index U-Net (base-line) MIMO RSPP AFR 10U F1 score

1 \ 88.58 93. 94

2 \ 89. 37 94. 38
WHU

3 R x/ 89. 67 94. 55

4 Xl V x/ 89. 62 94.53

1 V 71. 60 83. 44

2 3 73.02 84. 41

Massachusetts
3 \ \ 73.06 84. 44
4 d v J 73.45 84. 69

HEFGUAR AR IC R 2k ) O Tk A g AR
T3 B B SE AR BEAT T /NREAR Z R 1 ) 2
Wese g, vk e WHU ¥ 48 45 w0 46 I 25 46 09 i
1000 FKEEARAE MU 2R BEAS , BE B Massachusetts %%
PR AT 1233 KR BAT N, /IMEAR K

B WHU %038 4 f1 Massachusetts 2038 4 1
YIAEA T 3 M FRAR E 3.4 /N Ay 21 % F0 14 %,
S AR AR 7 PR, ALk B, A U-Net,
USPP #1 S-UNet, SA-Net 7E/MNEAR 040 F 59K
A B AR T TR R R AR T Bk 0 RR AR B LR U A0

F T AT B SR A R

Table 7 Experimental results of small sample conditions unit: %

Dataset Model Precision Recall 10U F1 score

U-Net 83.03 85. 87 73.05 84.43

USPP 87.42 86. 60 77.00 87.01
WHU

S-UNet 87.11 86. 64 76. 80 86. 87

SA-Net 88.92 86.23 77. 86 87.55

U-Net 86. 30 73.46 65.79 79. 36

USPP 86. 64 75.79 67. 86 80. 85

Massachusetts
S-UNet 84.56 79.21 69. 20 81. 80
SA-Net 87.49 79.28 71.21 83.18
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