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H OS5 HEEBY R TR R &2
&AL P 2

A, mAER

L Sk WA K TR BB M TSI, BT 443002
2. SR IFFAL S (5 BB, BE 443002

W OE: LRZEML AR, A5G m PRI G AR AR AT, SR b AT i i B i AR AL A ) 2 —— IR G A
[F] 4 7 25 1 1L 9 4% HSPPNet (Hybrid Spatial Pyramid Pooling Network ) . HSPPNet B 2544 25 ilil 45 FRHH: 2 S WL 51
FHBOMTER, E—FRA 2 AT, DU SR IR PR3 B AR TR R R R 1 22 4k
X5, ARG, AT T —AMEIA SE UK R ECRT —Fh 2 519 LoU sREITH 3 S0, 3 —Fh 23y o
TN PR G BRA, SR BN AR Ab 8 5 AR AR A IS Fi AN B4 () BRI A A P S o A JS TR T B R
ABEH, Sl 25575 IR PR GG S L2 S R ke g sl A5 8. o @t LA b 3 45, HSPPNet M4 am 1 IR B2 > 5 4k
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R PERE . PIZLH AT AR AR IR 2 1 i) S0 45 SRR W] HSPPNet AT 1T 2L
KR G, R, WESS, REEEE TR, EEIIHUE, B, W — M A U,

2R ToU
HESHES: P237/P2

SRR B8, 55 2025 HRRAREERSEELRNNREA =B & FHBLME . BRFHR,29(1): 279-289
Shao P and Gao Z A. 2025. Hybrid spatial pyramid pooling network to change detection for high resolution remote
sensing images. National Remote Sensing Bulletin, 29(1) :279-289[ DOI: 10.11834/jrs.20233229]

T =

12 J L ARG U 2 38 2o 4 T (] — il A7 AN [
i 2] % B 328 8RR AR B O R AR A0 B A A
TERCTTHEIE . E SRR M | ¢ 5 PEAG S5 AU A
BTN &) LHENRE, CARITFZ 2
i 75 vk AL R g B Y (Hussain 55, 2013; fHE
54, 2016). MR A ISR, B AR
A I 42 AR AT R ER 43 P - A 48 A8 A A i AN
TRIE 24 ] AR ARG

1% G2 A8 ALK I 43 o L U Fn 4y 28 L3R
WiZE (ChenZs, 2013). T4 AL &M
AFEATE: (1) @ bR A A i B AR
2% 5 & DI (Difference Image) ; (2) @1t 7047 DI
Az AR A DU P T 43 28 5 BT 2 43 i k) 7
R SR AT 125, ARG B AR R AT L 2

rFm HEA: 2023-06-23; FENZR: 2023-10-31
HEWB . FXRHREERSE (55 :41901341)

SERARUBALE B o LG ARI, Toit 2 Bk
FOROE IR 2 2R 5 Wi, e 5 T T Ly
TESEILAY o SR T TR T RAIE X 528 1Y SR AE BE
B, HEWERZE, @h o et
15 B0 T A RE U AR ARSI 25 R, R ) X A
SE AT B R o BRI ISR

U TR 2 D RS E U Y B R
HARE RO 2 B BOR B Z 1 e, CAF2HE
TR 2] AR D gt (Shi%g, 2020).
FEX STk, BRI 4 CNN (Convolutional
Neural Networks) W i) 17, X FEH2ET CNN
SRR AFRFIERIERE ST . ASCEZCHERE T CNN Y
TREE 7 > ARG . 5T CNN AR JBE 27 2] 8 A A
D = 2 5 5 7 o =X A 8 2 1R (Zhang
4§, 2020): FUEREARIBISIRA o SR S
P IR AR IR, RIKs W e ARl TE 2 | gk

FE—1EE® AN A0, WFoE Ty 10 R B IR AL P . E-mail : panshao@whu.edu.cn
WISEEE N : SR, W5 ) @ R BSR4 2 . E-mail : 13355213156@163.com
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FPHE CRYE 48, 2022), 193N mes
MIHTSEAR s SRIE BB AR i A, 38 2o PP T
) 25 2 B 0 52 A2 AR A (Daudt 55, 2018; Peng
45, 2019; Zhang%%, 2022; Zhou4%, 2020; ik
&, 2020) . M7 ALK P SEARAVE PN,
SR 28 A 3P A7 W9 265 25 44 43 J31) 41 BV 301 5245 Ry
fiIf (Chen%:, 2021, 2022; Chen #1Shi, 2020; Liu
452020, 2022; Zhang MIShi, 2020; #PFHE 45,
2022) . FORIE RIS ARSI A, YIRS
Sk A RS0 S it AR AR, A A S
JEHIAR A 5, 28T BN DIZAR; DI
BT ALK AT 55 BA EEME, XOELSEN
B R A AR 5 HP AR BE R .

W APIIAAR IS, R ASTR ) 321 W 45 4
U2 RAE, H LG . G BUIZ ML (Chen
45, 2021; Daudt®:, 2018), VGG (Zhang 1 Shi,
2020), #%22M%% (Chen A1Shi, 2020), U-net (Liu
4520205 KK 4, 2020), UNet++ (Peng %,
2019; Zhang%¥, 2022; T %, 2023), Deeplabv3+
(Gratfhs 45, 2023) 45 RMETHEARIECR, &
JEAF 2 A ] A B T8 T 1 HIL R 5 LA AR A ) ke
FASE S ARG I B A O, X 2 I 4% T i L)
TEGEATHESE . e, Chen F1Shi (2020) i i A 25
W5 ChenfE (2021) il WTER 15 P HE
F(2022) G2 REEE I RARE . R,
Transformer t0 8% 5 A 25 Ak 46 ) A5 52 1% i 1 25 A1
Xt (ChenZF, 2022; Liu%s, 2022). %#F X784k
X RE Z AR 8, EeE A WA &
K AN A SR W SR B A A5 0 2 RBES B L,
Zhang 55 (2022) . EHSF (2023) R Z i
il 2 )2 QURIE 22 50 SR ;. Cheng % (2021) R
FH Laplacian 4 7359 R M 4% ; S5 a4 5% (2023)
K 23 1 25 8] 42 57 85 1t fk ASPP (Atrous Spatial
Pyramid Pooling) #514; #YESE (2022) R4
T 2% R ASPP S5 4 AR RUEE {5 B . ASPP J2
—FP A IR ROE(F 8 T A, SR,
T ASPP R 2SR, A5 HOAS BRAR S b AG: 0 £
ARAB AT G FNHORAS A X G2 1y i B

TR B 2 2] 8 AR 8 1 58 SO T k. 4R
MM, T AR A AT 55 v oK 28 b IX S 5 8 K T
A, 1 RS S R A2 AR B A
i A54% G 58 OB AS R AR A b 35 107 28 £ A 000 A5 784

gk, NFEPLER S, Cheng%s (2021) #f Dice fit
2R PRECS 32 SURAR R pRABCHE L, 2385 102K bR
HOTHHEHIK . Peng 55 (2019) 5 5 52 AR 5
i FOXS AR AR FIRAS A S HEAT A, A F A 22
SUARG AR o R A 2 ) AN S X ASE RN R 52 00
R 7 LA BE % A R0 5% fifk 2 i) AN 349 4 o) A6
RIYN R 20, H AR S AR A A 2R T RE H AR
AN (HLAnZEs) b He 735k 0.99 £10.01)
AR P EUS B RS, AH TR SR

HSEMRETSCTIR 3 AR, AT —Fh )
TET 1) 1 2 9 23 1o R 1% 1) i 81 i 28 1 A 1) ) 246 A6
7l TR 25 0] 4 735 1 Ak W 4% HSPPNet (Hybrid
Spatial Pyramid Pooling Network ) , HSPPNet 24 {£ |-
Kt o — i A 250, E R HE LU B A
P

(1) A X 6 A0 <7 99 Fb g A 75 8RO AS 2
25 Hh — ) AT RO AL, T RS
AR B DRI IR AR B

(2) JFCif ASPP HYA L, A5 25 T8 B X
NEIFERAIER, B —MIRG % W& T
Ak HSPP (Hybrid Spatial Pyramid Pooling) bt
HSPP EGE AR 1% 17 5 0 B 308 SO AR i 2 R
FRrE s B BRI SZ BT 1 25 1 45 B RE % A R
AR R R PORZE AR 5, e 5] 545 e
0% A7 50RG: I 24 R A2 1 Xk G R 8 5 PROIR 28 Al X 52
RN

(3) Ay P2 50 i LU AR 5 LA 451 2% R R 1Y
IS VR e Tl O S B A B TR T NSRS
Fe i SL—FhEBT— A IR SE SUR 5 % bR KA — b
FM G ToU 01K R, SRR M AT AR . P
$i 451 2% oK RIS i) DN 4 ey R D) ) AR B Ok 22 i
A2 5 IR AR A 2 ™ A 249 46 [ X A ARG T
R
2 AR5k

N YA, B R A A A R ) 2% A5 A
HSPPNet % 2 i —— i 204, 32 20404 4 4
gy AR R OREERLEL | RS A )G T T
b (HSPP) BEHUAI [ RAEREH . 25 2.1 95 45 i A
R SRR Bk g0y s 55 22 W4 A
HSPP 8k 5 45 2.3 15 21 1 SR FEASE B A1 i 412 H 4t
R
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LN 8o R HSPPHLHR
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RS

Pl 1 B4t HSPPNet i 45 HE 4
Fig. 1  Architecture of the proposed HSPPNet

2.1 BN SRR

F Ao PR BUEARRRAE , A SO —Fh A A
R AR, SRERE % B IR S DIEAR .
TR X, X, 2273 (] — b 29 A7 5 AN [r] sk 20 2K BB

T 8 0ok i S A T R 4 45 13T Ak L T I A 1 4
RIEBGHR, B IR 2Z kA P AR X,
X, B DIREAR, B

DI =|X, - X,| (1)
RIE . LA r U X . X, M DEEE R, 2B X,
X. =Concate (X,, X,, DI), Concate e P ERFRAE
ﬁ%f:ﬂ&IX FABN T R
WG EPERERIRCR ,, AN SCR ] ResNet50
(mé,mm>#ﬁTm# P WU AR X, 1Y
ZIZPWIHE . ResNet50 FEALY 5 ZHAE, 7
B iCAE ConvLl, ReconvL2, RconvL3. RconvL4 Fl
Reonvl5, JFFHF 54> )2 JA e iy d 43 BCAE F .
F,. F,. F,fFg; Hr ConvLl 2—"K N 211%
G F)Z, 1M ReonvL2—RceonvL5 2 H 212545
PR TT 20 R A Bk 22 B o 2% 1 B 0 JE A A£G T
— A R R TN B AR R S5, AR AR
F B e 2 GURHIE FORT RIS, A 55 4 25 () 40
e, WAR TRERIRE SHEM . HI,
XF FL e Reonvl5 ¥E 4718 IE , 7F ReonvL5 H R X}
ReonvLd4 {5 th i 47 F R AE, AR FRIEIE FFLF,
BAME R FE, K a2 B, Al
FH 233 32 24 2 19 251 45 B AR ReonvL5 1 (19 14 ¢
B, ResNet50 [ Z 4177 7] 2 UL SCHk (He 55,
2016).

Wt RS, 153 5 AR H YRR E
Fi—F, HSE 0l o8 IR AR 1 172, 174, 178,
116 F11/16. A HEHE 73 AR PR [RE AR R Y728
XI5, FERAE I F i A2 AT B 1 HSPP A

22 RERTEEFEMLY (HSPP)EL
N BGE G AN R R X4, Chen 55

(2018a, 2018b) Kf 23 il 5 BLAR i 3 25 1] 4 7 15 it
gty , B LG o EE 55 32— Fh s i ==
] 4 R AL ASPP . 28 i 45 BUE S B T 5|
A BT, REREA R RS, HIGTW T AR
ShSH . ASPPARERAL TS 24 BAT AR 23 1 R 25
ERZ, %A SO AR D AR R E
Tﬁﬁu,f%% AR o> BAE 55 h U R
UFRRICR o SR, 4K ASPP N T3 23 B AR
SRR, BCRIFA I, X F B RN
U)%ﬁ%?%mwﬁﬁﬁ%ﬁ%%ﬁ%ﬂﬁr
AR GEAR X R I 2 245 (2) HR ASPP
%&ﬁﬁﬂ%&%ﬁ%ﬁﬁfﬂﬂﬁ%%ﬁ%,
fHASPP R HZ TG, A A REAR G kG I 2k
ARAZARS RANPOIRAZ AR G R T 5

BEXS AR R, AR RO E 5 35 M
SR ASPPRREHRL R H — PR S 25 0] 4 v 35 it
FEH HSPP, XU & 3 HLH DAM  (Dual Attention
Mechanism) i 3CHE (Fugg, 2020) $2£H . DAM#E
U8l PORES S BT RS PRI RE B ey RN S S 5 =W K v/ I )
A 2S [B] 7 2 SR PAM (Position Attention Module )
FH3E B B IR CAM  (Channel Attention Module) .
Fuf§ (2020) HYSEEEREN], DAM BEREA %
BB IREIC R, BB R B ZOR*S
% (k1) FdelRxr g (Hhandsiy) mi
Fro Wi, MADAM NG GE ASPP, A Bk kb ASPP
AL, FETHRAESR ISR o

JIT 4 th ) HSPP B B g Al G 151 2 s, A 1 %)
THAFET A HA SR DT 1x1
LG ERZ, i81E Conve 2404 0 R—4 2
HEENTI LR ERZ GEfEPAcony): 5L
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PRI B F o A3 25 (B3 A PAM, SR J5 X
PAM 1% i AT B, BRI R 3x3, 34
PR EETEE NS EGEERE ek
CAconv) : 5545 F o A S8 11 22 /)L CAM,
SRIGHETT 33 B, 5 4—6 N 30E 3G
FIZ, 45elE Aconvl, Aconv2 F Aconv3: FEFRE
R/NEI N 3x3, 2R 505008 6. 128118, 5574
93 3R R, 2 /E GMP,

—>| Conv 1x1 JiliE 256 |—

—>| PAM |—>| Conv 3x3 JHiE $a l—

—>| CAM |—>| Conv 3x3 il ¥ia |—

| F, |——>| Aconvl 3x3 R=6 Jfik #1256 |—"©"

—>| Aconv2 3x3 R=12 JBiE¥(256 |—

> Aconv3 3x3 R=18 Jii 256 |—]

> SRR —

2 Jirdh i HSPP Atk
Fig. 2 The proposed HSPP module

HSPPREHR ISR 1. 4. 5HF16 43 3L B FEA
BORFEME, ¥k 256, ARG BIAN TR T
TE HSPP B e H i (9 VE FH, 7€ CAconv Al PAcony
P53 3P B B B Oy A8 5, il Sk
WEAFR ., AR, CAconv Fl PAconv 73
PR HME N EREDN B o, 2B ER
{32, 64, 128, 256} "PIUfH. =5 ERANE D)
B PAM 55 CAM 19 55 22 2 171§ 5 WL SCHK Chen 55
(2018a) FMIFus§ (2020). FHAEIE Fid i HSPP A
7400 A B 5, 4530 7 R i, gk
(Concate) THEVFHEF, .

F.= Concate(Com;(F5 ), PAconv(F,), CAconv(F ),
Aconvl(Fy), Aconv2(F,), Aconv3(Fy), GMP(F, ))

HSPP A5 B o (7 AN [ 54 2 AR A 25 ] %
DL R4 Jry e KAk, e A U U R h AN TR R
FE R SCfE R s Sl DAM HHAR A 8] 715 18 42 )R
WO, BB A S5 o X 2Pk A A X G2 AR AR
X% B SR EUSCR . HSPP BEAS AR 47 M #2 U
[ RS . AN RE AR B A2 A xh 4, ORI W00 T
ASPP (ZUL3.3.1°1 28 4544 1 Rl 52 56 )

2.3 _EREFERFRK S
(1) FREERE. 153 HSPPELH 744> 3 Y

GURFHIE F IS, Tl BoRAER ARG 2 7 iR 52
BT . AT AR ERE ST, A SCR TR
P AR Y| SR AE J7 1 DUpsampling  ( Data—dependent
upsampling (Tian %5, 2020)) F4 XCZE P46 (E i
17 FoRAE . DUpsampling fE EL{ERRZAE ST, i
B TVE AR S AR o3 PR T ids i L e R 7y, Bl
R HsR, ABTRAGMELREN, RN
(KD WF.

(1) % F 5 A ERZ Uconvl, Kol R
RFAE I JE EOT 5 T M 28 R MR IABE T o Uconvl
145 3x3 5 . fitEIH—4L BN (Batch normalization)
M ReluBfH ¥, BRRZAEON 256,

(2) FJH DUpsampling X§ 255 (1) B9 %y H F
14t ERFE, 132IRHEF,,

(3) W TARZ PR A & A 4w 0 s ] o
FE, AR TR EN, A0 BRI kiR
R ResNetS0 it AU IRZ AR F,(2.177) 5%
it F, #EATH0K

(4) BP0 (3) M i RYGE S PG E
Uconv2 il Uconv3, Uconv2 5 Uconvl 5¢ 4= A1 |H] ,
Uconv3 i i3 ¥ Uconvl A9 4 B 4% A~ BUH 24 128
(G2l

(5) FIJH DUpsampling X} 2538 (4) (%) i o F
11 aff FoRAE, 15305 [5G 528 RS AR TR A9 4 1E
B, IR HE A Softmax 2, Az AR B 14]

(2) P s -l 2k e 8. — ORI, 7R

— B[] N & A A8 AR DX s /N TR R AR AR A X
B, FEGERGZBR PR S REAL LAY
i o A AL G828 SRR s, AR H A A TR
PRI BRI 2, S ma A B VERE o O ik ket )
L, — B B 3 A ORI ) X AR A S AN
RABAIEHAT AL, $ HY A SE SR 2% pRER Ly
(Peng%, 2019):
LME=-;;:Uumh%(MJ+rA1—ynﬂ%ﬂpmn(3)
P, p Mp, 3B RREER R T2 e AR S
2w I FIBEAS sy, B — DR, HIRR
JE TS, Wy =1, FW, y,=0; r(r) F£mn~
R (CEAZR) BRESGBE BBV ILE,
Hil R r4r=1; log 52 HARXEGE R

FIRIR R Ly RIS 1E— & B JE S22
S AN B4y A )RR R AL YN S i 5 i), (S AR SRR
AR AT B IR S AN AT B R (HEAn r,=0.99,
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r=0.01); XFEFEEMENE K, 15 L,
AR RIEARASE , AR TR ISR o R Ly,
MO, A SCHR M — A — D I AR S8 SR 43
FRPRE Ly, BAXZG G r, ((kelu, cf) 47
BTAMEER E SRS ¢ FIRZBARZE w AL
T T ST
w,=r,—a, rp,>T kefuc) (4)
r,+a, r,<1-T
Kb, w, RRFMNE (kelu, cf) BYBBT—FMEAL
B, or, RS, Ml B ERORAE B BT R R
fH, o FRXEMAMAE, AT T=0.75, o=
0.1, JIr g S A b — 22 i AR 52 SR 45 2K R 4
Loy 2IR000°F

LTCW:_%E(WU.}/H‘ log(Pic)‘f'W(»(l _yic)log(piu)) (5)

i=1

Loy BAUTRALH: (1) BRI 5 e A
TN ARSI (2) i W — MR RE
RS I A L, R A R R 2

Lo ZEEFEEL, NEAMED L BT
JRTRAR A R ToU S 75 — PP B 2K pR KK, i o
PO AT P A ELARL AR 25 ORISR, R T 2R
PG PR e A A R FIR ER O R, AT B
P — A EOL AR PR SR 7R AL ARSI AT 55
HAS A DI LU R BN, BT SRR R Y ToU
AT X AR AL R AR U . R
VEFI, S SCH H 5 T2 AR I8 1 2 331 % ToU it 2K bR
L

G. NP,
“CUP (6)

Krp, G IR EAERE RN, PR
EIMARE XL, NAURRES B2 fIfa s,
A SORE Loy T L SE R, A5 3 —Fh 2087 19 1 S
o S5 % REL Loss, I 3E T Loss YIZR T H 1948
AEASEI % £ HSPPNet.
Loss = Loy + AL (7)
Ao, A R R EE WA O sR B A

3 SEAVRE

3.1 KRIHIREMIEIEI

N RUEAR SO VE A R, SR PR T2
TP AT S8 . 2 1408 CDD Xk (Lebedey
8%, 2018), EL{HARZ LG, 24
N Google B Ji £ (Peng 45, 2021) : Google £ 4

L,=1

NS L AR AR, EE AR 2 AL AR A
WARAk TR UE AR SC 7 vk 0 AR A B 1 1
RS

CDD #5545 (Lebedev 55, 2018) % 16000
XF RS R 256256 18 Z 1248 H, Hi 10000 Xk
YR, 3000 X A 565 UE 4, 3000 X A I3t 4 o
Google B (Peng 2, 2021) £ 19 %F K f A
1006x 1168 14 % 51| 4936x5224 (2 (514 . & e
XEEFLARHE B W 256x256 (R R 215 L, SRIGREML
YRR 70% 1 Jp 2 E , 10% VE N IGIESE, 20% 1E
S AR o O B AL, 38 I X BRI e 45
VX PR 2 A5 AR A T 3 i

MR AR SC 5 % HSPPNet I PERE , 45A H A
SRS X RS . (1) SRSk
Y 22 SR 4y ) W 2% DeepLab v3+ (Chen 45,
2018b) #EATXTEL . DeeplLab v3+ 1 SEH FHIR B 45 {1
2 AU 22 I 2 4 0 ) R AR B S AR ORI, 4R
Ji FTASPP 25 $2 it 2 REMF E . (2) 5%
FH 1 3 R 5 2 > AR Ak RS I A5 R 147 X6 B, B
DSIFN (ZhangZ, 2020). DASNet (ChenZ, 2021)
1 DifUNet++ (Zhang 42 2022): DASNet & 5
251 CNN 48 20 S B O S AR R A, SR )5 FILH
W ML DAM X B 2 URRAE 21 7385, B
BT 38 9 5 FRAEBE B AR U AR A . DASNet 1
AR S5 R DAM 58 FRAE . DSIFN 28 1 56 1 28
A Y R IURRAE , AR 5 3 1 TR 8 W B SR s A A AR
ALK, DifUNet++ LA UNet++ R 36, @1 £ )2
R AIE 22 53 F1 22 30 i Rl B SR s S it AR Ak A I
DSIFN. DifUNet++F178 3073 23800 P ISR
(2 REE(E L : DSIFN B R B RIS, DifUNet++
WL 22 2 GURRAE 22 50 R Z2 30 i A R, TR AR
SO EENE i HSPP AR B S E . (3) 5 iR
B H Y Transformer £ A6 CNN f4 728 AL AS A 7Y BIT
(Chen%s, 2022) FIMSCANet (LiuZ, 2022) #17
NP BIT 26 FHZEA: CNN A3 SR BRI A5 410
SR J5 1 FH Transformer #55 B 5L =18 S 2% (0] X r 42 B
FRAE AT R, 5 6 T I I S RRAE 4 22 5 AR
AR R I . MSCANet 1 5% 2242 CNN 42 5 9]
AR Z JZIERE, SR )5 T Transformer X 22 2
FAFESAT R A, BeJa il 250 300 JEa R AR
X B

SR A4 R EE 27 27 AR ARG STk b AR 1
T b ok 2 PR AN R 7 1k A AR AR ARG I 45 5 .
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J# Pre (Precision) . [ Rec (Recall) . A
% OA (Overall Accuracy) FIF1{H.

HSPPNet ¥ IS EL: aMlA, a RRTER
H51FEFZ CAconv 1 PAcony Hi FHE B ML,
AT VR T B T R 2 R A . AR S A
B UE R i 7 A S B IUE . #£ CDD il Google
B b, o IBUE 390 256 #1325 A BYBUE >
A 0.5F10.3, “FHES L o AT A AR ARSI 45 3 /)

DeepLab v3+ DSIFN

AR T R PO R a1 Y ipe e 2 iR SR €
3T B 332 WS HOE AL

32 LWHERSR

&) 3 FIEl 443 5145 ) CDD Fil Google Bi 4 | 440
LAY AR ARG I 25 FE R/ 3 815 BN T B 20515
T ZIFAR DL S EABRZS ;s J5 75143524 DeepLab
v3+. DSIFN. DASNet. DifUNet++. BIT. MSCANet
FIAS SC 712 HSPPNet (19728 ARG 4]

DASNet DifUNet++ MSCANet HSPPNet

K3 AIE D i2AE CDD B b 22 A G 45

Fig. 3 Change detection results from different methods on CDD dataset
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Fig. 4 Change detection results from different methods on Google dataset

M 3R, XFF CDD B g4, AT ik
HSPPNet 15 21| 5 FLAE 5 25 fe 42 30T 19 748 A A I 4]
HSPPNet X524 A AR L . 542840 . ARIRIRSE
MY A AL, BIRE LR SRR p R, H B

BN HER ; 22 HSPPNet X A R AR RUEE 1) 22 4k
X I RAFBIREINACR o T 6 FlxT L 75 12 2 )
AEBIAR . HANAESS 2477, 6 MRS HE 5 3 %l i
AR Y AESEHE s AR 447, 6 MHXTLE
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BRI . AWE4T%, X Google 5k
P, JUTHR M 0 AR A ARG I ) 4% HSPPNet i 15 2] £
PeAs A &l . B An#ESS 147, DeepLab v3+7i
DifUNet++E.4 B B Ji#As, DSIFN F1 DASNet 5t i #
NS AR AR, i BIT A1 MSCANet BUTS 5 7K 3Ty
RIS R . TESE 247, AR TR IR REAS
W S AR R BEE R, (5 6 Fhxsd e 5 48
b, AR SO B ARG I &5 S T i se g, 1 T 0 o
Wi, 1E55 377, DeepLab v3+H1 MSCANet HAT I i,
HIIRREE 1%, DASNet #1 BIT A # £ g6, DSIFN
1 DifUNet++IUS 5 SO AL S 5 . B iAok
YE, ARSCITIETE Google BRI 1) 28 AL AG I ] 1, o

InER .

Shy BN 2 00 L P AN [ 28 A A I 32k ) A
PERE, R 145 HORTR 7 A L B 4 A fe Al
SR BV PE AR . N LRI, 76 5 4
I, ARICH  HSPPNet ¥ 3 Bl @ 8 hr . 5
HoAth 7 M H, HSPPNet 7E I HERG B (Pre) (1)
THOT, BERT T AR (Rec) 5FIUHE, AN
XF CDD #4542, HSPPNet it 74 [0] 35 b Hop % kb 5
BT 4.32%, [}, HSPPNet 75 9 41 5 s I
I e ) OA M FLAE . b xd CDD o di 4
HSPPNet 1) F1 {8 3 0.9758, [ H Al 7 s & /0 2
2.66%.

£1 FAEFEELRNERNEBSATIER

Table 1 Quantitative indices of the change detection results from different methods

CDD Google
Jrik
Pre Rec OA F1 Pre Rec OA F1

DeepLab v3+ 0.9042 0.8096 0.9684 0.8543 0.9137 0.8311 0.9191 0.8704
DSIFN 0.9496 0.8711 0.9771 0.9030 0.9735 0.8223 0.9346 0.8916
DASNet 0.9220 0.9320 0.9820 0.9270 0.9067 0.8763 0.9300 0.8912
DifUNet++ 0.9215 0.9463 0.9806 0.9337 0.9048 0.8571 0.9238 0.8803
BIT 0.9579 0.9407 0.9881 0.9492 0.8926 0.8342 0.9129 0.8624
MSCANet 0.9444 0.9460 0.9870 0.9452 0.8935 0.8826 0.9272 0.8880
HSPPNet 0.9624 0.9895 0.9943 0.9758 0.9142 0.9015 0.9399 0.9076
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Table 2 Change detection results from Net—1,Net-2,
Net—3—-1.Net—3-2 and HSPPNet

[BES Pre Rec 0A Fl
Net-1 0.9260 0.9625 0.9867 0.9438
Net-2 0.9293 0.8912 0.9798 0.9098

Net-3-1 0.9318 0.9832 0.9897 0.9568
Net-3-2 0.9477 0.9910 0.9926 0.9689
HSPPNet 0.9624 0.9895 0.9943 0.9758
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Fig.5 Three typical image pairs and their change detection

HSPPNet

results from CDD dataset
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Table 3 Change detection results on boundary areas of
change objects obtained by Net—2 and HSPPNet

[ 2% Pre Rec 0A F1
Net-2 0.6929 0.7002 0.6034 0.6482
HSPPNet 0.7601 0.9354 0.8285 0.8387
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Table 4 Change detection results on different values of hyper—parameter «

. UL MR
AU
Pre Rec OA F1 Pre Rec OA F1
32 0.7925 0.7426 0.9495 0.7668 0.8854 0.8213 0.9675 0.8522
64 0.8217 0.7771 0.9559 0.7988 0.8976 0.7931 0.9660 0.8421
128 0.8914 0.7860 0.9655 0.8354 0.9316 0.9219 0.9833 0.9267
256 0.9732 0.9866 0.9955 0.9799 0.9624 0.9895 0.9943 0.9758
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Table 5 Change detection results on different values of hyper—parameter A

AR BUESE MiksE
Pre Rec OA F1 Pre Rec OA F1
0.1 0.9615 0.9765 0.9930 0.9689 0.9634 0.9713 0.9925 0.9673
0.3 0.9692 0.9716 0.9934 0.9704 0.9721 0.9732 0.9937 0.9726
0.4 0.9661 0.9772 0.9937 0.9716 0.9669 0.9775 0.9936 0.9722
0.45 0.9707 0.9788 0.9942 0.9748 0.971 0.9782 0.9943 0.9746
0.5 0.9732 0.9866 0.9955 0.9799 0.9624 0.9895 0.9943 0.9758
0.55 0.9704 0.9801 0.9944 0.9752 0.9697 0.9809 0.9943 0.9753
0.6 0.9639 0.9822 0.9939 0.9730 0.965 0.9836 0.994 0.9742
0.7 0.9675 0.9805 0.9941 0.9739 0.9671 0.9804 0.9939 0.9737
0.9 0.9641 0.975 0.9932 0.9695 0.9613 0.9751 0.9926 0.9681
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Table 6 The numbers of model parameters and floating

point operations for different methods

Jitk ZHRM FLOPs/G
Deeplab v3+ 4252 45.89
DSIFN 35.99 82.35
DASNet 50.27 100.64
DifUNet++ 9.1 60.60

BIT 11.94 8.71

MSCANet 14.7 16.59
HSPPNet 57.82 61.39
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Abstract: Change Detection (CD) is the process of identifying the land cover changes of interest by analyzing bitemporal remote sensing
images acquired in the same geographical area at different times. As a popular research topic in remote sensing, CD plays an important role
in many practical applications, such as urban research, environmental monitoring, and disaster assessment. With the rapid development of
deep learning, its applications have expanded to the remote sensing CD task, leading to the development of numerous deep learning-based
CD methods. Although the existing deep learning-based CD methods have their own advantages and can implement the CD task effectively,
their applicability and robustness need to be further analyzed. How to design an appropriate network model to obtain more reliable and
accurate CD results is still an open problem. Currently, two main challenges remain for CD: (1) The changed objects existing in remote
sensing images have various scales and shapes. (2) The proportions of the changed and unchanged classes are often significantly unbalanced,
i.e., the number of the changed pixels is usually much less than that of the unchanged pixels. To deal with these two challenges, this study
proposes a novel end-to-end CD network for high-resolution remote sensing images based on a residual network, i.e., Hybrid Spatial
Pyramid Pooling Network (HSPPNet). First, a Hybrid Spatial Pyramid Pooling (HSPP) module is built by integrating atrous convolutions
and attention mechanism-guided convolutions in parallel to effectively extract the changed objects with different shapes and scales from
high-resolution remote sensing images. Then, an adaptive balancing loss function is presented to alleviate the effects of the serious
imbalance between changed and unchanged classes on CD. The loss function is constructed by defining a truncation - compensation
weighting cross entropy function and a class-level IoU function and integrating them. Finally, a simple but effective input module that
considers the bitemporal remote sensing images and their difference image is designed to enhance the change information. Owing to the
above three points, the proposed HSPPNet method enhances the performance of deep learning CD. Experiments are carried out with two
public CD datasets, namely, the CDD and Google datasets, to evaluate the performance of the proposed HSPPNet method. Six state-of-the-
art deep learning methods are used as the comparative methods. Quantitative analysis of CD results is done on four evaluation metrics,
namely, precision, recall, overall accuracy, and Fl-score. For the CDD and Google datasets, the overall accuracy/F1-score values of the
proposed HSPPNet method are 0.9943/0.9758 and 0.9399/0.9076, respectively, which are superior to those of the six comparative methods.
The experimental results on two public CD datasets demonstrate that the proposed HSPPNet is effective and feasible. In addition, the results
of ablation experiments show that the HSPP module, the adaptive balancing loss function, and the input module proposed in this work can
enhance the CD performance effectively.

Key words: remote sensing, change detection, deep learning, hybrid spatial pyramid pooling, attention mechanism, loss function,
truncation-compensation weighting cross entropy, class-level IoU
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