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1 (MEREE) BRAREGNSEHNEUREE. (a) RENMEIR; (b) RERBE; (c) BHAME; (d) ZH5H
THEE. Hhh 4 HHERRE 4 MRRFR: FE. Be BIeNIeSARTLMRER. BREIRER. mEBRERM
FTEIRK

Figure 1 (Color online) Illustration of the multi-level changes after a natural disaster. (a) Pre-disaster image;
(b) post-disaster image; (c¢) ground truth of buildings; (d) ground truth of multi-level changes. Four colors in (d) rep-

resent four damage scales: green, blue, orange, and red denote no damage, minor damage, major damage, and destroyed,
respectively

RSP AR A AT 7 368 8 T A A [ B S PR AR, A P B A5 3 22 S (ALY - 61 3k e 7y i o
ST TE AR LTI, TE ARSI A DX I MR B U s 22 7, ok, B T B R 48 (convolutional
neural network, CNN) FIAE A4 K g 38 H G 2ot N 18 B AT 45 8~10, —dbpf 5y 1112 iy
KA EE I 28, T4 R IEAT 5 T I AR AAS DU A 453 80 PF-fik, (HIX 8 T v S A A I e A
KELEMZL. Gupta 55 031 RATT —AN%8 xBD KSR, HPaakE 19 MARKHE
FNAS R4 S50 20 1) 18 IR G . i T Hs 48 xBD, SCHik [13] E— 20K ResNet-50 M4 HEAT 9¢ 451 555
Zr 2, FRA U-Net 9] SRR 58 SO S0 FIRIAT 5. SR, 3% A 75 700 AN S R AR R Sk 3331
56 U S 73 BRI AR AT AT S5, A HTVE N ARSI h 52 28, JF HOE B 7 22 5 2 1 [a) B 3ok
Ik

HTGRIZH AR, BT CNN BI7Esh Z W KRS RMEE ). AT wikixA
PR, — et oe 0617 7R EURIR BT S o ONN M T HiERIHLE]. Wang 25 18] 2 T HE /&3
(non-local) MFRAERAFIRAAN 73 FAT 55 AT AT AL B 2 TR KARKI R &R 57— J7 10, N5 25130
WAL 3 HH 1 Transformer, 75 %% ] KAFEAKH J7 TH 7R T HRITEE /). B, Transformer 25 M 7EVF
ZAFEN AT S5 152 THRER, FIRE T Bl i kae 19200,

S HAE B 5 AR AR S5 XA R BT B0, MR T — RO 3T B2 (RT3 (change
transformer, CHTR), T~ XU 5 12 8% U [F] I HEAT G500 20 B A 2 G0 ARl A SC45 6 CNN 18
K2 2 R AN T AR A Transformer 7] DL RIS R IILHY, KRS CNN M Transformer ]
SR O I 1K L TR G T AR 58, S U A SRS (L IR . —
gk 70 P A 2R K R E 7 TR ORI TR, e B IR, 1R B AR R E RS 252 B A R R
5k, 1 PR, A TR E 2 GO0 AR B, AR 2R 25T (global difference, GD) RHAN
JAT 14 B T (local gated attention, LGA) 3. i T EMGH /N RST £ BRI 22 STAN R AR {2
8] (AR R, A SO T 48 Jm) 22 AL HROR G AR A o) o 21 4 R AR s, JF HAR W 17 =8
145 B AR R 5 388 A 22 7 3 oo U e PR 2 18] 22 SR AR A IR ) 3. A SCHE R AR 2t
P R4 xBD BT 7 ORESES, 45 RERE 7 iR U5 CHTR A 2.

S BT 44580 T
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o SR T —FUE AU AR AR I 7 i, JE T XU P 28 [ PR R I 2 AT 2 34 20 B AN 22 AR AR A TIAE 55
AR R UG B 48 xBD RS 1 U I Z5R.

o JFR T —Fha)m ZE R, SRAM 4R AR PR SIS i X XU 38 I BB 2 TR AR AL R BE AR AR,

o il T FRRER I TR R AR, Hal I R R 2 J00 AR 2 18] 1 SR AR A PR iR AN [RI AR AL Y
EJJ.

2 HHEMRIRK

2.1 T

BT 18 PR AR AT T Mt i DX SR 4= BRI S o0 Ut oMb B 2 S Aok IR 51 1 AR 22 HOAH G
go 134 — B2 W A A, BN, 2R IERENAE PY L IRBR 2SI HL B2, SCRpm AL 231 DL R — ST
BT, W, BIRATR (Markov) BN B4, AR {4 29 48, B T AR IAESS . Tm 45 10
BT @2 WP 2 0 PR R B, S T =l IE AR G 1 7. Tan 45 260 R 2 REEA
WETE M AN 2 AN 732645, Wit 7 — R T X REARACKE N5, SR, X 8% 48 ) 7 vk i 1 P 6
TREER OB, W2 LR AR,

UTAFER, IR L2 SIHE 2 AU IS T SR i (B7~301 — el iU 22 o0 246 1) D 2 B 4
I T AR IAESS. Daudt 55 B @ T — Rk A2 107 gk IR — D 2B M2, T M
Mk 7 40 AT AE 4k, Papadomanolaki 45 B2 45 G PHZ 4% (recurrent neural network, RNN) F
SRR W25, {5 FH 22 I P A4 sy 20 3 00 R BE AT T PR AR A AN . 2 A 2 R 24 1T ADY-Aily i e ]
B IR AR, X AE FEAE AR AT 55 R A 2L Lin 55 B3 dit 7 — MREEBEPR G M, 1T
MR A AR AL, Dandt 5 B BT E@ G206 R, R 7P R, IRk
LG BB R I 2 ok e AR, Chen 45 139) 454 CNN M1 RNN [R5, Sl 7 —FhigfE
AR AP FA AR 22 N 2% HEAT AR AR DN, AT AR T (5 BRI 3t S ) s 23 HE R B IR B, D 45 361 1 Y
AN KR B A 28 P 28 SR B EBUBUIN, e RS AR AIE, 2 J5 R AR 4R AE /3 HT (slow feature analysis, SFA) SRZR
H e AR AE P AL IR 2. Wu 55 BT BEFAZ B TG AR, S th 1 —FhIE B IR 2R A S A
ZRREAT RN R AN, SR, 2R AR AR R 48 5 PN IR 2% SR AL BEAS [F) I P T R, 1 425
ANEZ SR

AR E KA, PR AR A A S CLBEAT A R O i R A G EE L PRI, el AR A
W SN SRTE oh E AR K F SRR AR . g1 &5 I SR TS R 2R I 4%, R 9 35 I e e P45 R i) 451
B AY). Duarte 55 B8 $2H 7 — /N RA SIGEBIMIRZEERL M CNN HESE, 3T 38 17 B GO0 @5
VIR AT 43 25, Rudner 55 12 R — A BATgisas — A0 R 28 B R M 2%, 45 2 0 e
ALK AN Z I (B R R R AR, DS RIS S 2 B 4E R, X TRl R R
A — R E SRR, TN DL R IR B AR E. SCHR [13] B T — 4408 xBD [HRHU
Ha sk, 1T @EF RSP AA I, FR Ot TR B 19 MR B AR RERT 4 Fhin 5B 20 28
EEMR. 2T xBD HdifE, Gupta 55 181 Bt 7 — M IERL, HERA ResNet-50 14 #EAT 13 B 452 )
2, AR U-Net B84 1191 I @504 (1 4 #]. Weber 45 B9 ffi ] Mask R-CNN [0 404y 5@ 5 i
NFRAE &7 B I 2 A5 T (1) 4 SO BB HRR AT - HUHER PP A, Bai 48 12 A4 7 — M T 5
TREBPPAG R I F A 2 STVE R M 2% ORI, K 8 75 9038 1R S ) 7 B RIS B Ay 70 D P JSZ B B
R ENENSAESS 2 22, I B EE RN BRI 2.
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2.2 H;¥FE=7H Transformer

BT AL 28 B T 2 () B 93 = R0 Transformer, 7EVF 2 H2RTE 5 AT HH AU T 1T 1
A (43441 % [BF] Transformer FJ LL%% =) B NI [ FRAK 8 OC R IKRE 7D, Bl — S8 70k Trans-
former Z548) T T SRR AT 55 [19:20,45],

BARSKUL, IR AE U8 Gl TSR R M B R ) SRR K AR KM G & Criss-cross
2% [16] Je TRk A2 A R 2% 2] B R SUE R, BN R ORE 2. Mei 45 U744 B 3 =000 B 1 id
SEATREI PR T AT A AU A AR R . Wang &5 16 g IR I MNEA— g HER
73, R 7 R B R Al e s g, SCER [47) & T PR B R IR, 23l Bos B
HER RS B ER ). Vision Transformer (ViT) 48] B #4# F Transformer 4bEE EUGEL T 51, SRk
1T MG 14326, Touvron 55 M9 R HI 3 T4 NI 28— Dy & T ViT. 7 HARKAT %, Carion
25 91 R Transformer SRHERE A BHE R SCRTH ARG R, FE BELH H S &I TN &5 3, T 7 4% (A
i AR, SRR [50] BE— PR T — NIRRT BB, AR — N AL B, A
M SEIL T BRSO 3 4 M . &2 T8 A3, Zheng 25 201 Wi Transformer ¥ B4 4t A &
P A, g6 — AR 28K 58 BOE SUr#]. — SR FOR B S 7 Transformer B T284K,
KT S5 . Zhang 55 U ) FH 308 38 VR R 0 R0 25 B)9E R 0 ASEHRR XU PR PR AR A1 DA il i 4 i A
(B2 g AT AL, (BRI Gh Z KA @A EE /). Chen 25 (52 R B =R SHLHIR & 67 A8 A X 45 [ if
SRR BAT H 50 M B RRAE, (H 2 L A B I2 2 SRR T S S 2 . Chen %5 1531 4 Transformer
FINFIAE A AR U 55 Hh ok BE 4 b S ASOUURT e R IR B R SOAE 8L, SRR M 7 VR R RRAGE K1) 23 BURRAE
B B4 A 2 Transformer EP, 2 SRRFIEER 2 18] 42 R G5 R0 (5 B 2. A S22 IR RO BN AE
XN I BIRFES T Transformer, FREH% 27 1 XU 7 B 2 [8] 4 J5) AR 38 1 45 74045 2. DA S 28 A0 A
2, B 500 2 0 AR ) ) e

3 ETERFEHERSEIIENNZNENTE

5 JE B2 2% ISP S W AR, KT i ) R 2 188 W A AE 2 R g e te. N T
AR Z T8 IR 2, AR SCHR T — RO B AL AN 75 3% CHTR, 5T XU 38 e P 4% ] i ik
ITREF > FIMN 2 AN, i 2 Fros. Kb AT 7 — MR 2R (GD) BHORIE AR A2
WA B FIRFEE— 2P T — AR TR ) (LGA) B, DLAE ) 2 9000148 4 2 8] 1 ) i i o 2.

3.1 ML

R4S CNN 18 K242 JFE 5 R A Transformer A UK FRAKES ¢ R ML, RARS
CNN Al Transformer FJZEMIVENIRILES, K CNN % H 1) B RAE J5 FRFAE EI/E Y Transformer HI%I.
X PR S5 R RS 15 B 7 o) 4 R AR AR S, 2 e 0T BTG R B AR IR T T I 28 i N FRDBUIRT e 8 S AR, B
— X G ATAN 9 5 B EHE, ResNet-50 04 15 St AR RFAE SRS SR AR BN RRAE . 56T XU PR 1,
AR T4 22 PSRN — AN J i 14 i B, SRR AN [ B e B 2 TR F 4 J R e 3 A

HER.
AR R 2 R SRS AR D 2%, b0 4 A FRFEHORABTDRFIE LK 2156 A A 1) 43
P A SR TARIREE — 3 x 3 BHUE . — BatchNorm =+ — ReLU JZF—4> 2x /4x

RS, AERUR  MRIBE AR BRI . S A
A3 3 IEBUR, S ASHIBEECY | RUBIECN 5 (04R. KE A IR RHERR i HeEE )
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2 (MERFE) AXAREAENSAEREE. WEFEREGHERMANZIRES CNN M Transformer 22
IR 4RRD 35 LUR BRHFE, AAERAHH N _ERAEREE IR RENTREAY 2B MSRANTHRN. TR
Transformer, AX4EH TRMER: £/[EFBRMEII PTEENER, URBEFEMEMHEUERERN

Figure 2 (Color online) Overall architecture of the proposed change transformer (CHTR). The dual-temporal satellite
images are fed to an encoder with CNN-Transformer architecture to extract features, which are followed by a progressive
upsampling decoder to complete building localization and multi-level change detection simultaneously. For the transformer
layers in the encoder, we propose two modules: global difference (GD) module and local gated attention (LGA) module, to
capture the global and local change patterns

9 [Transformer layer |

!

FAER PV REELE il & 5 Al S O\ B RS 28 H AT HS R 500 0 38 A0 22 G0 AR A A 1 45 3. b4k, ARSCAE
R BTSSR A Combo Loss P4 7EARAUAS AT 55 7 R F IIAAE X35 2% (cross-entropy loss),
H1 Combo Loss 1 5E SN

LCombo = /\clLDice + >\c2LF0ca1a (1)
Hodr Ny A1 o 2 P17 281 Combo Loss #& Dice Loss [°°! Fll Focal Loss 6! [RmACH, He K-
oSNV (4
LDicc =1- N 22171(:%%1) 2 (2)
doima Yi D im Ui
N
1 o i )
Lrocal = — 47 > ayi(1 = 4i) log(5s) — (1 — )gi” (1 — i) log(1 — 4), (3)

i=1
Hob N OWAERED QRO y REROLE § ARSI B A, g, A SO B
AN EUES ARSI HIMER. o & MSUED T, o RN 28, I AL 5 T8 7 R
LS SRR 5 S X
Lop =~ 30 3 werf log(sf), (4)

i=1 c=1
Hp, n AN EREE, w. NEDFAGIAE. ¢ RAERAE @ SERELFLN c BE
18, y¢ NASCTTIETN @ BRI AACEICN ¢ .
ASCTE RS AR R BUE O

Leutr = M Lcombo + A2 LekE, (5)
o Ny AT Ny S FH TP P A0 2% R ) L
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Pre-disaster Post-disaster / @—»—— Pre-disaster Post-disaster

/ : Embedding embedding £, embedding £,

y
/l Layer norm | | | |

/ i I

/

/

/

/! Multi-head

)/ attention

/

Gated addition
//l E_ 4_ Q K V

o’ XK' yrr

/ A 4

Transformer layer Layer norm

A Multi-layer
- perceptron Multi-head Multi-head
1 e—— attention attention

y v v

@ Subtract (—D Add @ Position embedding ]I Multi-head attention Local gated attentiont

(a) (b)

3 (WEMFE) (a) 2EEFERREE; (b) RANEZ LB ITENMEARHAEHI HETEALL. F
RIHEmiERE, kREREFEHEGRIHETT B EN RS

Figure 3 (Color online) (a) Illustration of the global difference module (GD); (b) the original multi-head attention vs.
our local gated attention (LGA). With the gated addition operation, the pre-disaster and post-disaster patch embeddings
are fused adaptively

3.2 SRERER

FEEE B EYIZR Transformer 47 B T4 I 2Rk 2. 2810, HOM H BB AT I 25, X T g K&
(2 B AR AT AT 55 R A B ). — ke 0 R B R W R R B, Hrh B AR E 5
ANTRI A5 SBORE EE AR 0. — A R B A RO 20 T80 R, IR 1 R 2 3] 42 Ry R A BRI AS [F)
A IR R IVRE ST, O T 5 2 R AR SO RS ot R B AR B AR, AR T — /=
% (GD) itk

AR SR A E 3(a) Fin. WHE Xy, X, € RITWXC £IR CNN it 1) 5 35 11 5 R 1)
—PRAIE, HAH TR IR

Xg=Xo— Xs, (6)
Hrp X, FoRXUN FRAEZ B 2R 22 5. 8 7 3 m it ER0R, X, A S — SRR R b 2 R 4
FERRSEBIE S, JRARAF A ARHE X, e REDWXCT 2 J5 X! BB F )2 Transformer H1, Hop
)2 Transformer €15 JZH—4 (layer normalization, LN). £k HiERE /7 (multi-head self-attention,
MSA) F1Z EEFIHL (multi-layer perceptron, MLP).

H T Transformer 7 ZMA— N5, X)) BT IR — DTN ZRAILNE R DARFFRHIE N
FPo eg € RE*Co, Horpt [ RFFHIKEE, Cp ERSOEIELERL. Jy 1 Aok K i) EHR D2 EME B, A0
AT REMALE T py, K ILISIMBIREF 51 ey HLUERRARITFIRN Ey = g+ py. X, B
S8 Transformer [ EHVERE SIAFETCFP 1, (B2 22 (845 12302 T LAAS 21 fR B (1.

TERAS BRI, BIER TN B, € REXCo 2 A 3 #6455, B Query @ € RE*dr,
Key K € REx4 DL Value V € REXD dy. d, 73572 Query (Key) Fl Value [F4E%L. 24842 XON

Query Q = Eywg, Key K = Ejwg, Value V = Ejwy, (7)

Hrb wg, wre M wy 2 3 MERMEARBREBNBEIER. Q, K, V #IRTHRMARL B, A%, Q Al K &

2063



AN BT RAE N 255 R EE BRI

AT EE B IR ERRHE R &, V 5N TR E RN FRHE A &
SRJEH% Scaled Dot-Product Attention N HF Q, K 1 V:

Attention(Q, K, V) = soft (QKT) % (8)
ention(Q, K, V) = softmax s
Vi

Horr “softmax” &F8 softmax PRAEL, Vdi & — MK T. X (8) H softmax(QK™/v/dy) FIKITHHEE
EINE, @ M K PN RIRHIE A & 1 51 N AT LA it SRR RE FE 2 A Re 71, 5 BRI T =
IR VW 2 — A7 i 2 ).

YEREE ZAMAL BIERJRIENT R, 2 LBIEE I Query, Key Ml Value AT Z K4k 4), JF
ATV BIRVE R R L, SR JE R T Sk 0% BRI B B I A . 2 Sk BT R SRR
PRATEA AL E A FIRIEF = E B 43 A SCh

MultiHead(Q, K, V) = Concat(heady, ..., head,)W©?, (9)

head; = Attention(QW<, KW, vw)), (10)

Serh, h KBNS WO, W A WY N § ki 3 MR, WO AL S
555 ) L 0 R

Z R BEERS MSA M ELd EH—)E, BN S 2 BRI BT R R R e, AL, 4

3(a) FoR, 23k BiER A2 2B R S R R 1k ZE R 4 S T S InE MR B Trans-
former [N EBEEH, ASCHEE | 2 Transformer 1% H € SN

7, = MLP(LN(Z))) + 7, (11)

Hrp,
Zl/ = MSA(LN(Zlfl)) + 71, (12)

{Zy,Zs,...,7;} &I/~ Transformer J=HIHFHIE. LN(-) 223 —43eE, a1 90l B i s fa e
111 Z5.

3.3 FEIHEEENER

5 R ATHE R B, B R K B H 20 5 5 BUE b B @ SR AN [RIRE P 4 5. PRAG 45155
Fi 7 E R PR T Jee N = SR AN 5 MM %2 FR) S ke 2% F T 17 AR e PR 2 T ¥ S AR 2 A Bl T
PUNAS F RSB L. PRIk, ARt 7 — AN R IR (LGA) BEHURIRIAN R Fr Bt G 2
1) 22 259 AR A 1) Jmy A Ak

XF T R B R BT G HRE Xy, X € REXWXC 5 eAi1 o il o e 28 MRIES. xf T
SRAFI) G0N G T RHAE K PIALRRAE D, B LR P IR AN B A Z itk = DR IURFE 741, LR AE 7
H) 500 B AN LUE i & K BT 81 By FIRJE TS E,. 985 B, Ml E, BT —JZ Gated
Transformer A1— 2 Transformer 7, W& 2 Ai7s.

f£ Gated Transformer /=1, ZECHR [57) T 1R A=), RSO T —NMa#l#ER
JIRARE R IR 2 Sk Bk R ), Wk 3(b) Fios. WK E, 1 E, BEMARHR, DU R 7TARFE 5 41
(¥ Qu, Ky, Vi MRJGFHEFIIN Qu, Ka, Vo. LGA FIH T ITEINERES Qp, Kb, Vi M1 Qu, Ka, Va,
RIEHENMARZ L BEER . 520 (8) ANFE, ARSI I THEE = I0E SN

LGA(Q', K', V') = softmax <Q/KIT> 1% (13)
bl 9’ - \/@ )
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K, Q' =GiQy+ GlQ,, K' = GFKy, + GEK,, V! = GyVy + GUV,. G, G4, GF, GE, Gy, GY &%
MRS HL, XS HOGE T — M TEEHLE], F TR 5 23 B 90K 5 R RS 1R AR BRI 4.
U SR AN I B ARAAIE 3 7 A HE A 1 27 51 3 ELG R 22 00 A A SEAA R, T I B Dy FL 70T B8 v O AL
H, (A E 53— AN HRHE 7 41 o BO B R, R IR 4L, SR 30 1) 45 i U A e g g O
T AN G RFAE SR 0 AR A OB B RFAE, BE TR AL B AR AE SR A AN B R 26 0 2 Sk | .
MR BRI, RT DARZR AR &0 38 A0 BURRFE B 18] 1) JRy SR, 1 1T 2 >0 B XU e R 2 8]
JRIER AR S, A TR H 0 22 00 AR A

4 HBEREMIHEIER

4.1 HIEE

ARSCHISEse R T xBD $i4E 181 22 H T R MBS B SAE EdEE. R8T 45362
ST A BB X35k . 850736 MARTEI I LA R H 19 PR H 4R 9% FE 1) 22068 5K K% (R
11034 X9 RIAI A (R, BlaniK . HhFE . 37 KRR R & B BUR R = 0 RN
1024 x 1024, 2[4 HEN 0.3 m. HAA T DRI B PR VTS 2 Rk 55 R A G SRS, fFE
TEA S RN T B RSN S AT, xBD BRAERI A 4 ANERSY: INZREE . MR4E . Holdout
H Tier3. ASCIEEUELE 2799 SHBEREUZ I G4 MA S 933 XHB KRG RINHREE, T A SCseit i1
YIERATM .

4.2 VHHIERR

N T VA T B R TTVEAE 2 B AR 55 R RE, ASCIEHT T xView2 Bk b AOTER FE AR 15,
HoR@HENE F1 085 2P0 RBAGI F1 B InBer- 281, €3O8

SxView2 = 0-31—7‘1100 + 0-7F1damagea (14)

n

Fldamage = 1 ) (15)

Pl Tt L
Hrb Flioe AAZFWEIN F1 23 EVRL 1 AT BB 3t i B AE S PN T — 20, Flaamage
FEAACKE ) F1 738, e 15 B AR R TN 5 T S 2 TR — B, Fleg, -, Fleasna
TR n PSSR 2 ORI F1 38 1T xBD Bn 4R b B8 BB g o A AN F A, I HL
PHIFERR Seviews = ETIXT AT 2 @ M IRBEF LAV BN S, R — A BAT PR TE A FE 5.

5 SCIRZER

AATIGEA AT 1 R AR AAT I 7 V5 0 LU, [RTIREH9, 2 06F AR 77 3 PR AN SEE ) B B AT TR
I3HT.
5.1 SLIRECE

TEAR AT HE ARSI 7775 CHTR. 1, Batch Size WE N 16, KFABAUESE T (stochastic
gradient descent, SGD) fLft.#%. Momentum F1 Weight Decay Coefficient 7371 E N 0.9 Fl 5 x 1074,
WG S B E A 0.02, ZRH) Epoch Jy 150. B4k, FEMZRTH AR T “poly” 4 >1 F 50, it
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F 1 AN CHTR SEAIEFNTLENSAE xBD iRk LHESLLE (%)
Table 1 Quantitative comparison of our proposed CHTR with some state-of-the-art change detection methods on the
xBD dataset (%))

Method F1 score Localization F'1 Damage F'1 Undamaged F'1 Minor F'1 Major F'1 Destroyed F'1
Baseline [13] 28.41 80.48 6.09 65.79 7.08 2.16 26.40
Siamese-UNet (ResNext50) 34 67.33 79.81 61.97 76.86 45.39 64.17 71.86
Siamese-UNet (DPN92) 34 69.18 83.56 63.02 81.55 43.90 66.21 75.01
Dual-HRNet [59] 71.35 83.61 66.09 86.43 48.66 69.11 71.80
Dual-Temporal Fusion [39] 72.52 82.76 68.13 86.29 50.77 68.71 77.71
RescueNet [69] 70.23 84.09 63.94 86.09 45.72 62.76 76.15
CHTR 73.65 84.14 69.16 88.42 51.21  71.50 76.84

a) ‘F'1 score’ denotes the overall F'1 score, i.e., Sxyiew2 in (14); ‘Localization F'1’ is the F'1 score of building segmentation;

‘Damage F'1’ represents the F'1 score of change detection.

Felh (1 — terypower ALz 33 i power = 3. ATFIAAE M 1R IHESE PyTorch P81 SRSZH.

SEISRAE— G B 4D 16 GB BA7E NVIDIA Tesla V100 GPU [ RS 25 FIisAT 1. AE Y23 18] N FH
BEATLAE L« 7K PRI S AN v AR S5 B 3 s F A SR B s A T VA iz AL e

5.2 SIAFIERLR

ANFEAE T AT CHTR HHAR UM 7 VE7E xBD #idi e 13 Eiggs RIE, s
Baseline '3, Siamese-UNet (ResNext50) 34, Siamese-UNet (DPN92) ?4 Dual-HRNet [*?), Dual-Temporal
Fusion 39 F1 RescueNet 601, 7£ 3k [13] 4 H ¥ Baseline K U-Net 15 ZERYFEAT 5509 70 %, ]
{FFLE ImageNet 01 EFIZRI ResNet-50 M4 X258 F1 FH 9k J5 18 Ik B 56 ok 30 55 PPl Siamese-
UNet 3489] 72 F TR IAE 55, HAE 9 HT B FAE A U-Net ZEMEAT @5 75, HRHAEA 3t
i S AL E ) Siamese-UNet 7EXUN 7 BIE 5 AR AT I, AL T ResNext50 (621 A1 DPN92 (67
SEHL T AN Siamese-UNet Z244). 75X XU R AIE BI3EAT @l & i, A SCSEILAT Siamese-UNet SR H 1) /2
FEEHE S A& 0720, STk [39] Y Dual-Temporal Fusion #%KH T Mask R-CNN B0 Ff4 i 7
— AN S 53 SR —NRRAIE 4 7 B W 248 B (4] SR 58 il g 3504 3 B AN AR ARl RescueNet (601 451
T PlE U AL B RN K B BOR T8 X T ME DS, A T A AT HUER, AR SCERT SR TR £ TV,
FAEA [F) it 4 _EEAT 1 SE5.

EEELE. AJ77E CHTR FHART VLR E B A G R SR 1 iR, ARJ7E(E Damage F1 F3R
57 69.16%, Lt Dual-Temporal Fusion % % 1.03%. t4h, CHTR 7£ 3 MRS _FAREUS T 5 i
PERE, BITNE Undamaged F1 _FIiAF| T 88.42%, ££ Minor F1 FiA%] T 51.21%, 7 5L Dual-HRNet [59]
w1 1.99% 1 2.55%. X T @S W5 EUT S, 1E Localization F1 I, CHTR i T Dual-HRNet (9 0.53%,
ftF Dual-Temporal Fusion 39 1.38%. {EfFE R M2, A7 VEAE AT S b A B sLBL T 32
A8 FHT AR 232 2 o 5 B A O VR R XA B 9 3 PP A o S A e

W% 2 foR, RSO M 1 CHTR FHHAD AR AN 7772 1) W 2% Z 8 i 1 US54 (floating point
operations, FLOPs) Alig47 i A]. HriF fiz 54 FLOPs v LAE E—AMER I E P, BN G, 1 G
FLOPs = 10° FLOPs. A T APHLELER, KA FIH 73X —5K 1024 x 1024 EUZAHEERR (], IF HFrA Lt
BTN SR AR TE AT 4 A NVIDIA Tesla V100 GPU HIRSs %8 Fsedi ). 53kl A3
Fre 7k CHTR IS E A FLOPs #iAHX1 />, 245 Il Dual-Temporal Fusion B9 /> 10.4 M, Lt
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F 2 ANFE CHTR SEMTHENGEENEZEESH =, ZFREEH (floating point operations, FLOPs)
FIE{THTE) 5 ERI LR S 4R

Table 2 Comparison of our proposed CHTR and some state-of-the-art change detection methods in the parameter number,
floating point operations (FLOPs), and running time®)

Method Param (M) FLOPs (G) Time (s)
Baseline [13] 44.2 224.9 0.039
Siamese-UNet (ResNext50) [34] 69.1 142.0 0.068
Siamese-UNet (DPN92) [34] 94.8 243.6 0.437
Dual-HRNet [59] 59.5 91.3 0.055
Dual-Temporal Fusion (39] 43.9 201.0 0.035
RescueNet (6] 40.4 182.9 0.043
CHTR 33.5 71.7 0.022

a) ‘Param’ refers to the number of parameters; ‘FLOPSs’ is the floating point operations with input size 512 X 512; ‘Time’

represents the inference time for one image.

Dual-HRNet P9 /b 26.0 M. {Hf59FE = )/, Siamese-UNet IS HEE LA LB ET R Z 1), KN
B T A AT ) > BIRAR AT AT 25, e4h, CHTR 3R T SR I BERT (7). 2% LA
W, AT CHTR BYTHE S B 00 /s HAE SR [a) BE AR, [R A S RE 65 3R15 58 47 R 14 e, R Lk B8 A 1) 15k
B ) 2

MR SER ] DU Y, 2R AR A8 51N S 80 I RIS, 6 T @50 20 BRI AR ARG 00 Fd) 44 e
AT, RIS T — RN RIRAR R A T REM SR . an SR A TR & CNN i Transformer
AR Gt 2% % 4 3] Siamese-UNet ‘:F‘, Eﬂﬁﬁﬁﬂﬁ/l\m&%iﬁ%/l\ff%, ] PARAF S 45 R F1 score
N 72.78% Localization F1 N 83.65%+ Damage F1 4 68.12%, iX /45 BEAL T AL J77% CHTR. U1
F¥4 Siamese-UNet B BLMY B 454, BV FH 28 A= X 28 S HU 1A ¢ I BER RAREAE, PRAN IS (1) AR AE
TERNE 5, R — NS 28 WX 2% 5] B4 S 22 500 20 B AN AR AL ARG I 1) 45 2R . Siamese-UNet (ResNext50) I
g5 4L F1 score N 69.06% - Localization F'1 4 82.91%. Damage F'1 24 63.13%. Siamese-UNet (DPN92)
HIZE . F1 score N 70.08%- Localization F'1 N 83.60%+ Damage F1 N 64.28%. R LA H, FHLLFXL
B B X 25 S0, B B 25 A (BRI SE BN 5% ) BUAS 1 SEAF AR RE. IR LLs256 i mT DA HY,
SR B 1025 A I 2 P e AR 1) S R R P AN 55 70 T EAT DI G5, (LTI N AR 5522 2 2 s, i T
SRR 73 B ANAR A U P55 A0 25 B R R ARALA R HL AT DAL= A1 552 ST RES 1R i A G55 10
PR (04,

EMELE.  1E xBD ¥k EM TS R 4 Fros. HAar i Tk BEANER FH 7 AN,
ALFERER — PR ARTE . REX — PEYE. WO K. HORE L KR AN K. S T SR 0y b b b T R4 45
R, ARSI — IS AE ALK R 73 XIHEAT T BORE R, B 4 A5 (L AMERT B A BI9AH R
TOKEL ] DU Y, AT VR B @ 50070 #5146 R SEHERf, AR50 7 8t 5 JAE S — 3. 914,
FER 4 HI5E 5 AT R LS 6 AT ORI, A TURE SR K355, Fofth 77 2 T0 R 0 e 44 1
WY (10, Siamese-UNet (ResNext50) 34 Siamese-UNet (DPN92) 4 fl Dual-HRNet [59) 8¢ 7512
TERF A3 B8 SR 20 (1, Baseline 131 Al Dual-Temporal Fusion 9), ] CHTR SZEL T 54O 41L40
S5, AER R T FAE. X EAE xBD AR B RTAALES IR, #E B IRIE T AT A @A o B
2 AT AT 5 vh 1A 2501
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i A P AN
Sty 20 40, sty 324,

() (b) (©) (d) (e) ® (& (h) @

4 (MEIRFE) A3X75% CHTR SEMGENTRLLER. 8 1~9 [THHNRRTAERENLGR, BERE
R — BSRGE. REX — PA4E, REX, — FRUERVRKIE. SEMR. K. HUKMIRKE., HE. ARMEA. SEGBIME
HE R ABKE. (a) RENEZREL; (b) REERER; (c) SRAIMBHEE, HEPM 4 HEERE 4 HREE
% G, Ee BOIeNIESRIRTLRSG. BHIRSG. mFERVMTLIRE; (d)~(i) Baseline [*?) Siamese-
UNet (ResNext50) 24 Siamese-UNet (DPN92) ¥4 Dual-HRNet 59!, Dual-Temporal Fusion #° i
CHTR

Figure 4 (Color online) Qualitative comparison of our CHTR and other methods. The first to the ninth rows show
the results with different disasters, including hurricane-Florence, hurricane-Harvey, zoomed-in images of hurricane-Harvey,
tsunami, flooding, zoomed-in images of flooding, earthquake, fire, and wildfire. The image with the cyan frame is an enlarged
image. (a) Pre-disaster satellite imagery; (b) post-disaster satellite imagery; (c) ground truth of multi-level damages, where
four colors represent four damage scales. The green, blue, orange, and red denote no damage, minor damage, major
damage, and destroyed. (d)~(i) Results of Baseline 3], Siamese-UNet (ResNext50) [34]| Siamese-UNet (DPN92) [34]| Dual-
HRNet [59] Dual-Temporal Fusion (391 and CHTR
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%k 3 2RERER (GD) MEWI HEETENER (LGA) BIEREE (%)
Table 3 Ablation study for the proposed global difference (GD) module and local gated attention (LGA) module (%))

No. GD LGA Time (s) F1 score Localization F'1 Damage F'1 Undamaged F1 Minor F1 Major F1 Destroyed F'1

1 0.015 69.38 79.89 64.88 84.86 46.11 68.49 73.65
2 v 0.019 71.08 82.42 66.22 86.37 48.83 67.13 74.32
3 v 0.018 71.67 84.19 66.31 86.97 47.93 68.53 74.79
4 v Vv 0.022 73.65 84.14 69.16 88.42 51.21 71.50 76.84

a) No.1 is the network with ResNet-50 as the encoder and progressive upsampling blocks as the decoder. We add the
GD and LGA modules to show their effectiveness (No.2 and No.3). No.4 is the full version of our proposed approach CHTR.

‘Time’ represents the inference time for one image.

5.3 HEASLEE

Frgit iR B M. £ CHTR W, Ak T — MM 2mZER (GD) BHCRHI A RZWE S,
FEH T — NIRRT HEE RS (LGA) B DL 2] 2 008 2 [ B R B Ko & ik 3 Wy, AR 3C
HEAT T 99 RS2 56 R 56 UE T4 P AR i 20ME. No.1 72 PA ResNet-50 1E Al 2%, ik RAEER
VRN RIS 48 () JE 1 N 45 . W B (142 =) 22 S SR R 0 | 1438 v E B T REUAR N E No.1 J&, Damage F1
M 64.88% 7> HHEEF] 66.22% 1 66.31%, Localization F1 #2151 2.53% M1 4.30%. 454X M EH
J&, #EETF No.1, Damage F1 $&5 1 4.28%, F1 score #&/ 1 4.27%. XEEsZIGIOUE T A ST 1M
AMEHRT LAAE moed Ok 3 50 S R ARG F BE 7). B, ASCW 04 1 AAEANFEIRIRELE T, 5
BT —5K 1024 x 1024 EURFHEEL ). 0T DU B, A [FIECE B8 () HE R R O35, No.1 [
Y% Ay a7 B A TR B ) B ER

ACT7iE CHTR EAFBAIECE T R aT g SR 5 frs. AWEIH T DLE ) JEAER 280 T2
U BRI A AR SR e R B B A X B 2. WD T A2 )R 22 AR S Be s BE I Hb e 6 AR A AL (H
FEHAE— L5 B AR AR SRR s RS, JRER T T4 B AR e 5 By =) 513 Bl P A A 55
IR, 7E— 28/ IR AR S 0 TR b 85 SRRAE, (H R AR A B e A BE TR 2, 2 LT R IR
AR S SR DL, 45 & XA, AT LA ROz A S AN th ) 1) R, 3R A5 B 4
(RS A S 5

Transformer PAREEMRM. AIFE 7 24%5KHT Transformer J= AR S5k B
X4 R, AL 4R Transformer 2% 1 M2k HIER JIHILEL b, X Transformer JZE0 73 Hr ik
4 fl7R, 24 Transformer JZ40 | = 2 W), F1 score N 73.65%, LA NKE =1 f 1 =3 2HlE T
4.18% FH 2.62%. K 5 &X 2k BEZIRRE b &R, \TLEH, 243K% h = 4 B YERE S R IT
[¥], F1 score AHEL T KB h = 2 F1 h = 8 J3 Al TE 1 2.39% 1 1.45%.  BbAb, ASCH 047 1 RIETT4%
R I A R R RHE B Al SE S, 25 Ra15R 6 B, ATLAEH, 4 x 4 2 LGA Bl rrfiE s
RO B, TARHIE B R B3 N BRI PR RE 4T, 7E Transformer 1, J7 5K FE S5 HHE
BRSO b, D R AR RS o] PSR =R e, 2 ROA Transformer 28 A 5K 5N T 51K
i 52 2R MO OC & (B, R/ BIRFES ] 58 23 FHAG A Y 27 =) 22 G A8 Ak 2 (R AR ARACh I, 33k 1T 52 i A
A sr il Ry 45 5

M4 Fad s, AW E Transformer 24 [ = 2, WEZLBEBE RIS b =4, IFHH 4 x4
VERNATT A BRI RFE S R T
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HRB. (a) RENERER; (b) REEREE; (c) ZRANRBHEME; (d) = 3 1 No.1 HEMEHATILER;
(e) %& 3 # No.2 FATMMHLER; (f) & 3 * No.3 WAIMKLER; (g) & 3 1 No.4, BIAXHZE CHTR B
MALEER.

Figure 5 (Color online) The visualization results of our CHTR under different model configurations. The first and
second rows show the examples from hurricane and wildfire disasters, respectively. (a) Pre-disaster satellite imagery;

(b) post-disaster satellite imagery; (c) ground truth of multi-level damages; visualization results of (d) No.1 in Table 3, i.e.,
benchmark network, (e) No.2 in Table 3, (f) No.3 in Table 3, and (g) No.4 in Table 3, i.e., our CHTR

%< 4 Transformer B# | FERSE (%), HYF£BEFERMBII HEFENERFH Transformer B
& AHEE

Table 4 Ablation study for the number of transformer layers | (%), where the numbers of transformer layers in the GD
and LGA modules are set the same

No. l F1 score  Localization F'1 ~ Damage F1 =~ Undamaged F'1 =~ Minor F1 = Major F'1 = Destroyed F'1

1 1 69.47 79.89 65.00 84.82 46.07 67.82 75.21
2 2 73.65 84.14 69.16 88.42 51.21 71.50 76.84
3 3 71.03 79.22 67.52 90.31 47.84 70.45 76.51

% 5 Transformer FEABETNNKY h HIHMSIE (%), HHE2BEFRRMEBI IR NRRPZ L
BAERNHKHIRE AR

Table 5 Ablation study for the number of heads h of the multi-head self-attention in the transformer layer (%), where
the head numbers in the GD and LGA modules are set the same

No. h F1 score Localization F'1 Damage F'1 Undamaged F'1 Minor F'1 Major F'1 Destroyed F'1
1 2 71.26 81.27 66.97 87.64 48.58 70.01 74.37
2 4 73.65 84.14 69.16 88.42 51.21 71.50 76.84
3 8 72.20 84.12 67.09 88.63 48.70 66.53 78.26

A MESAERRK R B S BIFZM. KT EE S 53 FIF A ARSI P AN 55401 2K pR B ) 3, AR
SO FE T IR SEER R A M, S5 RN 7 P, ARSCESE 1) 12 A8 5E SO0 2 AT RE 8 A5 o i Ak 3
KA 4T 10 K] Combo Loss P4, H At Combo Loss #& Dice Loss 51 F1 Focal Loss 6! [ AU, i@
ik 3 A PR AN R B EON T AME S LR LB 5 aT DU, R 34 43 FIAE 55K A Combo Loss
DL RO ARSI 55 2R P 28 SO R N, AR BT DLk B s I R RE . DRI G AR ST X X M 45 18 %
7 H AT R AL
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* 6 XFBIHEEENERPARIRTHHERA)IEFASEE (%)
Table 6 Ablation study for the proposed LGA module with different patch sizes (%)

No. Patches F'1score Localization F'1 Damage F1 Undamaged F'1 Minor F1 Major F1 Destroyed F'1

1 2x2 71.11 79.22 67.64 89.27 48.37 70.09 76.94
2 4 x4 73.65 84.14 69.16 88.42 51.21 71.50 76.84
3 8 x8 72.47 81.85 68.44 88.08 50.41 71.34 75.54

® 7 WEFRSFMBHARNEMESRERBASIHAEE (%)

Table 7 Ablation study on the combination of two loss functions for the building segmentation and change detection
tasks (%))

No. Building segmentation Change detection F'1 score Localization F'1 Damage F'1
1 CE Loss CE Loss 71.46 81.51 67.15
2 Combo Loss Combo Loss 72.57 82.78 68.19
3 CE Loss Combo Loss 71.99 82.11 67.66
4 Combo Loss CE Loss 73.65 84.14 69.16
a) ‘Combo Loss’ (54] is the weighted sum of Dice Loss %5 and Focal Loss [°%]; ‘CE Loss’ is the cross-entropy loss.
6 SE51R

AR T — MBI R AT IR CHTR, 5T XUR 5 R I8 R [R BEAT 3509 70 B0 2 24 A%

ASI . A4S ONN B K24 3] R i 4l R AE AN Transformer RJ DL KR AR 38 5 R BOHE A, K H
JEE CNN Al Transformer FIZEFIVEAGmiday, RN 5] N#rdt X FRAE RIS AE Mg ey, — K&
8 IR MR 8 R ORI AR, b5 i R SRAAE E AR R R AL G 2 2 BIAN R R BE R 5 . AL
R T M RER (GD) Bk 21 2R RN 3t 7 — MR ET3ER ) (LGA) Bk,
AR 22 20 011 38 Ao 2 T6) 1 o 3 A A - 164 5 ook XU PR 2 TRIAN R BB AL K X 7). E xBD #dla & B
RESLIUE] 7 AT O, TR 07 b S5 300k 1 BT th B PR AMEEER A 2. ARk, AT
T RIVA%E Transformer /27 ) B 1FEE JIMLE], PLgE— DA 4G
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Damage assessment with global differences and local attention
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Abstract Detecting the different changes caused by a natural disaster is critical for effectively directing hu-
manitarian assistance and disaster response operations. However, it is challenging due to the large-scale disaster
areas and complex ground environments. Existing assessment methods are usually labor-intensive and unsuitable
for multiple disasters. In this paper, we propose a change transformer (CHTR) model for simultaneous building
localization and multi-level change detection from dual-temporal satellite imagery. Based on the advantages that
convolutional neural networks (CNNs) are good at learning detailed local features and the transformer can model
long-range dependencies, we adopt a hybrid CNN-transformer architecture as the encoder. A natural disaster
usually causes varying degrees of damage to buildings in a complex environment; thus, we propose a global differ-
ence module on the original features obtained by the CNN to capture the global change pattern and improve the
overall awareness of the variations between dual-temporal images. Furthermore, a local gated attention module on
the patches of features after the CNN is further developed to learn the local dependencies among the multi-level
changes, which augments the discrimination of different changes. Extensive experiments on the largest building
damage assessment dataset, xBD, demonstrate that the proposed CHTR model establishes new state-of-the-art
results.

Keywords building segmentation, change detection, satellite imagery, global-local architecture, transformer
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