1007-4619(2016)05-1110-16

Journal of Remote Sensing

|

iE B E R S R R T R R

>

1 1 e 1 1 sep > 1,2 1,2 > 1,2
REw, TA, Bax’, HEF, Lmn7, 287 dnx,
1,2 3
HEY, kR

1. PEBRE R SECF RIS, L 100101,
2. P EREBER:, LA 100049;
3. bR b TR 5 BRlA 5HAR 2B, dtnt 100029

i OE: WXk, REBRED BN FEER, DL R — XS AR I 7 5 M SRR i () 3 R S s, e
JERHST ) 2 371 52 15 A8 AL RGN BCR T 4 e 18 BB AR 55 0 FH I ST s . AR SCR GBS AR T 24 i 388 S8 1) 7 51 5
AR AR AN (R A SC BT FE 0 R AN AR IOE , 76 ) ) e SR [0 P 0 43T R S, DA B ) 3 S A A 8 Al Ay T
PR IER -, AR BRI ) 3 5 AR AR i th &, ST Bk (8] P 2 AR AR AR i oK, R A
YT 8 SRR B) P A AR AR ) (RIS 2SI, X Y AT RO R AT TR, BB T A RO S A R, &
AR T ST SRS A3 A R B F) 7 9 5 A5 5 A5 BRI Ty o R 2 T B T ) ] SRABE TR 1 = b R /7 25 AR Ak
K5, DISIRENE MR R 1652 . B B4 T T Sk i & R S FIAE e [l 8, FE0 45 ot T
YERIASK K BI04 T T R,

K4 WHETS, ARG, SRR, R AT, SRR, BRI Al IR

hESES: TP751.1 XHEFEEME: A

SRR BEBE, W, BRE, £5 5, AL, RIE, MERE, E, KRR 2016, BREMNEFFISETUANFRER. BE

E TR

23R, 20(5): 1110-1125

Zhao Z M, Meng Y, Yue A Z, Huang Q Q, Kong Y L, Yuan Y, Liu X Y, Lin L and Zhang M M. 2016. Review of

remotely sensed time series data for change detection. Journal of Remote Sensing, 20(5): 1110-1125

[DOI1:10.11834/jrs.20166170]

1 5 7

T3 BN b UL I BLA S MR A, B
BEARILT RN ERE, 2508 EB T RENA
Fofr b, 5 128 JER R [0 30 S0 5080, 3 L A (1) P 90 R 3
SRy LS Ml B e T Ml AR — S IS ]S R P Y B A
ARAE O, R A AL LT 5 2k AR 25 A T
M#ERE VIA G, WGk LA H/E S A . <
Atk . kAP RS, Hit,
FET I a] B8 B A2 (INOAA/AVHRR . MODIS .
Landsat®5), Wb 53 i 23 2 28828 1k 1 i 55 0 ik
TR S Z A O 2B K A Al H Y
& Y (Boriah, 2010; Han %, 2010; Hermosilla

4, 2015a),

128 J286 0] e 370 bt UL 7 AR B9 10F 9% 52 310 3k
KRVE, E AN AR K 5 T 2 A AR =5 B ] 43
HERIN 18 BB IRES , AHE h E MY & 401045 (GF-4) fil
“EHMR—5, I ESMYSkySat LR . GF-4K 5T
2015412 H29H, 2 ES USRS, Hak[E
PGB IR R TR, RERE PR
Xof M LI 2 45 R AR 90 T A B A R 4y, T
H5#EPOER R DA | SaS B PR A
AL AN, M RE, SR, B,
TeE . ZRIEMLEE MM RS, ZDES
FEGE RS O TR AR e, Hd K B4 s e e H
B S A BERAR S R, 38 m] DI X

KFEsEHE: 2016-05-19;; EITHHEA: 2016-06-17; KEHFHIBE: 2016-07-24
BEETIR: &R RS HARE(HS: 30-Y20A03-9003-15/16); [H5 AREIER4(FS: 41401474, 41301393)

F—IEEEN:

zhaozm@radi.ac.cn

BUEII(961— ), B, WIFEH, FEBERER ST HERDIF TR, D55 B SRR SRS /0. E-mail:



RSB A5 R R A e S5 AR A I 5 0 1111

AT BRI, AR S48 1) T SR A5 oA
G PEBEZMHEGEE, RS T 5481k
1 E Aw, W H R B R PR A e AR AR A ik AR . T
DIFRUASEJLAE, #EBuE SR DA . I35t
B VMR S o o S = R (BT DS A €
Iy S A A e SRS A AR 1 s ) 1) e R S A
B AT A FTRE, 5T AT DN 2 8 B 3 4
KRR B T e R R R AL R LA
KRG L 7DV 2L 22 - 2 ) bR 3k 400 )
7, SERPERR AR R ] T 5 R
ST A AT R, 18 R} A 2 AT DA S R Ak
PRE AR T ¥, S i A0 O 2 SR ] P 4] P AR b
i, AFHRRE B AR ARG R . Bk, il ZRG
I L 2 1 S 5000 R 5T A H P e A R i SR
BAR BRI AR E B, RN T AR . I
TPk SE RN /7 55 55 T 0 sl M
B2 N R IS BB R IF 5T B 5 (Hermosilla 55,
2015b; HEHI 25, 2015; Goémez %, 2016).

2 IR P8 AR ARG

FSF [1) Py 1) 5l i 2 B S HhE 7 4 4% s, LA
IS ) 7 510 8080 oAy S 45 B 0 42 i BRI B AR R
AR TR R HLAR L AU R T
Z T o 38 SR 8] e 815 A5 28 A G ) F 52 75 4
T A AU 8] 3 51 o A RIS I B2 A B S o i
SRR ) 31 2 A A I ] 24 7Y 4 i) 3 M F 22 3 J
I 1) e 31 AR AR 0 7 v B 4 T LA 48 T VR 2 AR e
8] 370 3 A AR AR AR B AR

2.1 BREIFEFITHRN T E

Bt RS I 1] 7 270 A A A I A 4% @ B4 107 H o
K, A5 S E ARAR SR T V22 I 18] 51 A A A
Jitke
211 ETHITHELENTT X

LTI 8] P 90 60 G R AT S ARG I P
T RS AR R (R0, 2010). %071
RAE B BRI IE LT, B8] 5 4 I ks A
— M EARES TS E R E . B RE
5, WEEP AR A A, WSS S
R RiAE o DN AT DA SE Ao A6 90 1 (] 2 97 R e 1 5
B, RGN AZ A1) A e B R A I 2

Page(1954)#& 1 T 2FUFICUSUM (CUmulative
SUM)IIT %, %05 1 T ARSI R RS AR

FEHI b, R T b 4 A SR R A TR S
B EE S, TR DX ST AR, AT A
S YE B A8 25 TG R A s, T R i B A
B O RSUE o 8 ARG I SRR [ P 9S4 1 1 AR
b, DLk sk N6 H 1. InclanFiTiao
(1994)F& H3 TEAR R B I fs s, A 2T
CUSUMB LA |, 255 I RF 51 7 22 142 fh
FTAR ARSI ) o 32 A B0 3 9 AE T i — B
F(a] N B PR T 22, ERIr ZRAEREA
S B AU B R e, B S R T
HEF—MRE, REELZ RS, Higfhs)
RFNEH 177 25 55 RF ]

[ 25 T8 T T B[] )3 37 O 2 1 AR A T 2R A7
ARG )84 Chen I Gupta(1997), A 13ET 7
AT T 2280 BRI, X e i AT
T ALK, AHI(2010) 1255 /N A FICUSUM
ik, R o s . FIHAEA015)H
JESECUSUMBIL S L R RS A, 58T
R BT 2 B AR B 0 R S S A
BRI (2015)5F 4 CUSUMB ik RERG I 45 33 # b
BIHE R UNEL, S8R T MR F S R
G318

212 ETHENTHRNTTE

B8] 77 31 43 510 AT 5 2 5 S B ] 77 371) 43
H—RINEAEENFIPH, HET7 5N
P70 R HA R AH R PR (2R RS, 2012), B ]
J¥- 510 43 1t gt 2 B AR A e ] e 2 A 2 4 5 AR A
288, ST ET S o BT AR AR, A
BAHBLE B FAFE T AR AR, 75 #
MEA TR,

Hawkins(200 1) £ H & HA 19S5 mE, SR A4S
BRG] PP AT 10, 3T e R UG T
PEAT I AP 30 4 ), JF AR 4 AR UL S 5 AR
b, T ZAR S AR . Himberg®5 A (2001) 7
FHBE ) etk L5, HEAT 2 Joh )y 41 43
FEAHA S FRI R, SR T RRAESE

FAEFNZE 2% [ (2003) 0 T4 S A%, HE I
Wk 2 I B R, X A 8 R AT o B 2 0
KA, KRR FIES PO T8, 5
W TR R ftE . SharifzadehZs A (2005) AR
8] 5 1) ARk 25 5 80N (wavelet footprint) fiY
AL, KR A =R P8 AR

JE AR FI 2SI (2008) 42 M — o ik T )7 51 E B
RU(SIP)Y R[] 791 4 #1553k . PLR_SIP, FISIP4]



1112 Journal of Remote Sensing

#2016, 20(5)

S B BUI AU IR IR P31 o 4 STPAE Ay ik [ 7
FUR) B, R E] 51 B9 2 SRR, R 58
JE TPy 51 B B N ] P 81 . E PR
QO12)SEM IS AR, FoRI TS, RS
TR A AN E BN, R E RS, AT
TRy s 4] 2R G i S e AR N

213 ETRERMNNELLUTE

B 1) 7 1) 11— 1> B LR o5 EL A B ) 4
R FE 2 (8] A T4 Y, & A 75k . B
() 7 570 S G 0 A O e o, 5 R AR AR I AT
JITANTR], S A 00 B G 3 B[] P ) A = P i o
PEARE . SEBR b, V2R AR I At B R
PRI RE ST, Bl LRI T EI k. Ang
FESE N (2014)EHXF K SCA 1] 3 3 3 AT 5 T 3R Hh A7
FE B T (), B TS Sl 0w Y
TR SCIS [P 20 S i R G50 . B e Tl sl 1
X)L 50 64T F P 50455, F LA )P 81 ok i
FaE 7 OIS AR XoF SR R A AT T L I i A
ST DAL ) 22 S5 LR T T2 0 1L 1) 371 i 4 5 R
S

XHFEE A S, PR S5 A 2Fh (Cryer
FChan, 2008): 454 AO(Additive Outlier),
BB 52 ) e A SF 220 04 UL I A 1) S R BT R S
I0(Innovational Outlier), BIA{UAEH T & ES
21, WX e SO IAE 7 A S e i e o B R
HOHE LR TFPE, 8 R AR LA
S HEATREIN . U, AR SCHE O UEE X
BRI T

RO A 244 (201 D3 —FP 3L TKPCARY
MTS S F AN 73, 38 3 A% pR B R e Hk M T S %K
T S 3 B 4R RRAE 25 (B v, JF R K PCATJT AR
BE 0 5 ) R AR B E AR Rk, AT
FH AN TR) P58 1 5 Al

2.2 EREEF ST

i S )P 5 B bk . AR EE L XK
P ZREEPE . WS [AHSIE | e 4 R A
FURAFHE KL, ORE I i 1) 7 910 A2 A AG I T ik B4
FIABBGIRAAAEBL ZW . 55h, BT ok
A RE R [ 51 R e A AR A 2 M S5 R,
DAy 8] Py 81 288 R AR ) AL A AS I A A IR o

AR AT URE SO 3 1 435 1) 1Y) A2 e Dl /2
6] )32 3l o 728 Al I R R LR R ) Z0OR 9 K
i, Hednk g s doal DURAR R RO At iy, b

T M HEFR (Coppin 25, 2004), 4H3HEBEGEAR, o
BEN S N 7 BEES A L R A Rl TiOE s N %75
R ABIARRE, FEA43422(Boriah, 2010),
Ho—hy 1 ) 58k F A 5 1R 1 S5 15 BRI 7
S g T ) A R 6 2 AL R AR A A T
A REE X R AT, J5H X R
SR LI

22.1 ERREFIHGRERT

TEHRIRAET, MR CAIXT 218, 2
R, 2 i R A SRR (40 K
T PET g M A BN T Bl (B an AR AR AR A
WAL SRR, SPELEFERE, i
KA B AR (Verbesselt 25, 2010c), 1EH
SRPF UL, 0 H R RN 3 (disturbance)
(PickettFIWhite, 2013),

Wah kBN, HWREAAEXTRIZUN 22 L, 76
HIESCARIT R A, Rt 5 IE R AE LT A A
R, X R 22k, #EFR M R H (Chandola
&5, 2009) 3 7E B[] 3 oA I A e AR
b, ATSEIURTPE B BRI o A 4 B[] P 51 43 B
B, ASCK X R RR e SR e
H, MBS REEEN0) SEES AT, wRE X
XS H A A

T B[] 270 S R T 32 A % 5 ke A (1)
AR . KK R IRF )G KR RAE, R
RTE IR P i 2 iy S0 R, BUE BRI R 51
SRR e AN S G RO 3 Sl i s W

SN

RS o
222 P AR/ ERE BE E F SRR T

A B S H AT R AT S RO E
B2z —, EAGEWRALEAA S KR R
fifl, 1T ELS R Bk A= Mtk o BB IR O A . e
IR RGRE R SY ARG . ek, HR
sl DX RUBE =, R FH 9728 A6 B AR AN T 3K 5l
T AL TR AL, X LA AE BT e ER TR AR
BT | AR S PR I 25 U B A F AR . 2
JEGAZ AL ARG DN 32 A 3 SRR Ok A 1 3 7
it e BRI R AR (— Ffd i SRR AR T 50 — i i 26
B — AR AL IN 7 12 032 191 25 347 THI Y 7]
A AR ORI BE | ARSI o A . ARl
26T (From-to) . 4 T #3 B vmf . 4xifl Y22 fL s
B, U204 R AT KB T R & B A A A I A
ik, ARZ SR B 1 A2 ARG TN S5 2R 4T 0 26 AN



RSB A5 R R ] S AR AR A I 5 0 1113

Ziik(Radke %5, 2005; BXIEH] 55, 2014), SR,
- Hb 78 55 A0 A R AR H R AR S 2 H B DU ]
SR E SRR, HFE A XS0, A Al hHe
FA LA NS 2R L E SRS, Bl
A A IS (] o R e A R AR A, o fn AR
MR A, AR SRR WA A REREA A
FEEH 24 LA 25 . Horpr, 28 Jgkit [a]
J7 91 - 1 AT 5 72 Ak I B AR SR R [F]— 3 5 R B
2B A, BEXT - M B 25 S0 il — 28 %
R T — RGO, AR AR ) & AR, TR
W A AL S BRI LA (Wardlow FlEgbert,,
2008; Colditz 5%, 2011; Kleynhans &5, 2011;
Brown %%, 2013; 4RIRSE &, 2009),

3 SR R] 4 S ARG O 12

3.1 EREEFISERNGE

XFTEEEA R, BROEFEA — 151
FESLIMETE, 2009). TEARFE B S8R FH 45,
A FEE 1Y 575 R 7 25 (Chandola 55, 2009). M)
X bk, SRR AR, B R E S SR R
W52 R, AV deEZ Al HoE 5 ki
BOGTE T lim i PR A 28 fk(Boriah,, 2010), AUt
I [ )3 371 1) S G 0 S e R o 1 6 T A Ak RS
Y95 5 (Salvador 5%, 2004),

TEIE G B D AT b SRR, 2R
(SRR 9 7 1 o 5 - i 55 R0 H b R
AT [F] XTS5 S F AR, 38 IR
KO RAR AR, T E SO R LR
A o3 A S Al B AR A . E A TN ] 51
AR IEAT SR N FBR2F, T abreeE
G, TR ESR FE RIAE AE B AR K
RIEAS (WS 55, 2006). HFiEt w2t [ 731
Hh SR ) vk A LA LRSS

3.1.1 SRS A E
) FH 328 TR S AR 5 T8) 3 3 40 38 1705 8 $R LAY

A TR AR IR S A BV — 5 A v E
T B bR o0 52 bRt [a] )3 51 5 56 F 228 2000
FHEN 0 B ARR T 8] 51 2 (8] A ARARLRE 5 AH AR
JERTF—EH, WA IZAG e %A 0] 5 5%
PR ; 2, WA HIZARICE %A ) b & A
T 5H . ARIRBRSE A (2007)%120054E—20064F 155+
RadarsatE{GE4 7 8] 3 505215 4350, R840 05
{14) B 18 7 870 R A X 4 1 I 118 P B 4 7 s [ ) 371

AL DU BE Az i st 18] 3 91 22 49 DE e A B, A —
AR T AR P B 1 A M Ak 28 B R AR AR s
B T— A A (2013)53 7k H 5 G 25 £ oo ile
TR, (G 2 22X ETM A+ JE MR A 7 e
M H AR, 7SR RO A SRR L, XTI
TR A TR AT, WA T R R S A
OO RO HOE M SR H bR BTIE(E & A
(2015) B T — AR et it [ 75 5 AR DU B2 Sk ek 25 b
T A B 2 S A s, A ORI 2] R ] 9
HE IR SCTC AR I ) 2% sp 2 55l rh i S, O
REVUI 98 R A 9 3o 1) O S

AT E AT T BN B, X T
[FFhE o L T DA Rk IO ik 474
JE, HWHY THE, JEA] R HAEE R i e
T o XE ST T 0 A AR ) A R AR 2 R
ARARUHE I B2 b e AT R RN RE , HAS BIAH UM
A5 IR 22 I T Sk — 20 R B SR & O 2 T
SR TR
3.1.2 HSB/BEIFE

B TR LA 27 ) BRI AR AR T i &
BT, A AULINEE (REAS) S e SRR, A
35K S LA T A A 5 B T 3 UL 174 5 4 26 4 7
MEK2ET, 2000), KTHLAF BT EZ0 L
R MR — AT Rg,
EHL, PR A R

(DA T ML, N T2 25 ANN(Artificial
Neural Networks)+2&201t 20 8044 3 24 Ay S 11
CRIVERE S E S E A o 2 B S R NS e o3
LR, R ER O 2 4 BB T B B
R ax e [ R A BAE FHIE WL I 4 40 0 (% %
AL, 2001), BIEZAFRTEXT B ARG 0 S Al
b, Zad—m g . fie S5EIN A TAE B AL
PHAERY 7R i R A A 22 ) S — A A R v A e
FRFR B SERRN)— SR AR E, A
R, HALNE . AEESE, CERPUN .
AR I . A s SRR T T N,
WA T A S5 A BRIV T 58, 2010),

Ashish Ghosh%% A (2013)4% & HopfieldZ! i1 22 [
SRPRI T — R TS ) B R SRR B 2 A A
BRI Jr vk o B R AR b ) 43 B A
S B[] )3 5 AR B 25 (A G, T R — A e
J& B HopfieldBU 22 [ 2%, Xt 45 B8 1) Gibbs By /R ]
KBEAL e KI5 S R 1Al 1, X 22 (B A
LR R 2 A R UEATEER, it — 2515 5]



1114 Journal of Remote Sensing

#2016, 20(5)

I 6] ) i B AR AR A 2 R . SR TR BT 1k
QIREEd SR e S

N 28 o 2 e A B/ NS [R] 7 1 LA AR 4
AR AR, H 50 T RS F) TR] AN T 22 1)
KRR R AR T 2 2%, AN BEAR G s A R
BRI 4

Q)L HrImEHL, JTAER, BEARZLM:D) )
ARG AP I MO A e, 77 T R
I 6] 5 51 A7 804 3R 00 B O B — SRR ) & L
SVM(Support Vector Machine), ¥ LlVapnik
(1998) 42t By 4t 12~ >J #ig (Statistical Learning
Theory) A A, a7 A FRFEA S > [ EEfIL T
— G —BYHESR . SVM 5 ik AT LA 3ok 4% R 455
AR 25 (1] 3] g 2R R AIE 25 (B) A A E Ze PRl i, iy HL
TR INFEA ZR AT AR Ltk i d BT (R #5(6
T, 2007; RAHEEAE, 2010),

BovolofF A (2010) H} T — Rk S i1 ALY
AR A v 8 53 A RH 45 5 1Y I ] e 9 2R A A I 7
o ZITIER ARSI AR — A f/ VB L BR T)
B, AR R I H P EARN R . Bk
o 1a) e 2 — A A R AR A ) 2, TR
S/ MARTUBERTAT , 17 J5 5 DA 55 4E 4 8] BRIk &2 31
SRt REE S E) b, REATAG 2] — IR MR A,
TE A 2 B Ry B AR R it & A AR iR
o ZITEARRIALT I 6] 7 50 AR 1) 2 4E 45
B S A KA T RN, R AT R A A
LA IR P TR 22 MR P Y52

FAXT T N LA 28R, SCfRe I LAY
HAME AL EERE Sy, T HAETERCE Fi AR
RIS, AH I SRR ] AL R BRIR J7 T 3k A
P T AR 7 TRRR AR X LU AR S 2%, R AR S B
F R AFAE —E HMERE (Knorr NG, 19995 #71% 4%,
2004; Agrawal 5%, 1993; [RIJERIFEFEE, 2007),

GVEETHW P ITE . Br T EHEAF RN T
25 W25 S 1) EEALSME AT — Rl 27 2] 05
BT R S BLRY , 207 R SR I B AT
REIBL, AR IRl By 1 o0 rp 45 21 5
PRI, i S A T A B RO A 3 ) — A RS
B, XARENL R332 B B, AR Aok
SHLFT 4 32 1Y 1y 50 R T Wk Ry & — b S i A=
XA S e R 25 T 7 A R A, T R )
75 ¥ 7 HE R IR UAR S 2 i N3t

WIRAE A (2013) LAVE DY 7 2], ol FH e
RO 8] PP S0 B o A 5 i, WIESE T3 T R I
77 AR B P B I AR o B30 B Sk i ] 51

BB AOE 0> B, e R AR Ok B AR I [ 7
SN AE 5 M FEA L, THER i T AR A 3 8
/NIEBE s AT RIFRE LU, SR T AR
S R T 1 LA SCRE T A Y 3 4 5 1 R A T I 1]
FeAS s XF T4 B G I 1] Fp S A 45 28, A5 0L
YL Bl I SR RO RIS I, LA I R AR R B9
AAFAE N BAE I LASR I %07 1 A URT R 2R
MBI B AR AL, [ I ik Al LA AR B 5K 2 A
B BWRAFE PSR R S 2 S I i s
AN GH YR A T O B I ) P R

HA LT HAR PRI BILAS 27 > T3 ik, ST R0 B9
TIESIANT o RIRIER UL B IR, 25 5 % e £k
SRR ARG T, B R R AR ek
HR (B SREARINES RAFAE T L as T R
DL, AT TR e R ] AL A e

313 ETEBEMAZE

MSRE RN, EERBEEBREETIT, &
s NS S R N N N EF = W S N D e ]
I AT A A ) AR AR SN R B AR
FEERANRI . BET, R HMR ST
H [l 53 31 F¥JARMA (AutoRegressive-Moving
Average)f5il, FETHRATRARRY, FF 205 i
ST RA AL AE . ARMARE LR —Fi UL At ]
FEHIRERL, N Gz, 68 RS AR A )7
G 53 B vb g A AE 5 80, b anPiwowar il
Ledrew(2002)F FH 1081~ 7 M3 2 144 L ARMA
B[] S AR, T AU ARV vk S R D B ok
KK A, Hy IR AT SRR Sy — R Ky
Guitasi ik, e iERA I 2 T TR AR
(B30 A 2 AN AR AE R, SawadafliSawada(2010)
4548 H LWL (self-organizing map) /5 25 FlFE /R
] FAEAVHMM (Hidden Markov Model)ZE v —Fh 5
PR IS ) e SUAR AL T 22 B R TR 0 1
il o 3 T e o A AR — B AR R 2 BT A AL
() B B 7 1) o3 A ARl o iR R B A AR 4 b oy
fit B2 WAEFEIN, Verbesselt?F A (2010a, 2010b)
P T A A T S R A BFAST(Breaks
For Additive Seasonal and Trend), 435 H [R5 51
P ZE TR ST, IE5r R AR LR AI . Kong
FEN(2015) K A 1A S /3 i EMD(Empirical Mode
Decomposition) J5 I HEEND VI (1] J37 471 (1) #4251 Al
ZEI, T AR AR, X R AR 4
fife e T MRS | 2T AR LS AR AR AR BRI Y T
P, WU T ESRCR



RSB A5 R R ] S AR A I B 50 1115

314 Hifb

XT3 B[] P 8 S AR R i i AR K 2
FETHMG AR, Hif 8RS 7
FEIROR , (H2, S [R)T HAth S50 8 g e ] )3 57
TR [ FE AR A T o AU Re R,
MBS S, 2 oA WA DGR, DUE B iy
HARFII ML, ik, ANETLL MR, —
BRI 27 35 F FH 18 B AR N R]F 20 e v, 48
T IE N TR R AR R R gy vk . e,
Goodwin§ A (2008)F| HI Z B #H I TMSZ 8 1155
IH—Ab 2= TR H8 FANDMI(Normalised Difference
Moisture Index), RIEFEEIT I APLLE, KR
HFEJEATAI . Roberts FTWooster(2014) 41 FH & 11
TEEBRI AN B R R s, IR s iR
B[R] 510 0 R R 08 T s T Ak s R
BontempsZ§ A (2008)F HIEF X R ¥ ik, %
& B TE] P A R AR S, R SPOTRAAL B TH] T
G T HRIAERRAEfE . Kennedy25 A (2007, 2010)
R AR RE B Landsat Z B AR A, AR 40 7 51 A
AL, AT R E SRS, KEARSEN(2013)
HF Z i tHLandsatiZ 4%, TR T 200E AR e 1 Pt
TR, AR VI AT R S R, BIESR
3347 G AR B 8] Y SRR YRR
SEI T X e S [) P S SEAR S T A SR

32 ETZRURESBHRERREN

I 38 S AR AT S A5 BRI Y 2k R
AR Z BTSSR R Z g ; 0
M5 — T, 20 AR AL R 8 G AR ] 7 57
P EZRHE, HPhasTEENGEE . WEEF
Girh oy B 2 AR Ak, SR T B AR B ) 51
HRMDAANT] D) FBE . SRS /M (EMD) Jr ik
RENE 38 N HOK R 2R R SR P AR B, o AR
[R5 A A EL A A ] 179 A 3
{78 (Huang 5%, 1998), FIFiX—4¢m, fLEEEEQ015)
FFEMDA 1 F T BUOND VIR 8] 7 1) (19 2515 100 A
PO, I AR I AT 1R SRS AR (R 8 S
TR o 5K F T EM DA AR ) 328 B (]
AN ZET a3 AR D TR R, B
KR AERRHRI T, JERAE T — & R,
DA LIZEFE R R 20 AR IS vk ) — e i e

ETHEBIRERFEREN

FLIRBE(2015) R AE R ST AR 57 3 e 2k
IS ]I T AN SRS B 0 ke, PR T — b iE T 5

3.2.1

"R () JE T EMD [ 32 B A4 5] 8] 3 47 i #4000
SR, AR R CUSUMB LT 7
JE AT ) W SR I RS BE LA, A S K AR Y
b RS RN R] 5 5 e AR RSB, 5
WAL A R AR B . L FEMD B 8] 7551
PO E R AR AR B R

P 1 T EMDY I a] 7 5130 S R I v i e 14
Fig. 1 Workflow of anomaly detection method for trend
component of satellite image time series based on EMD

PEWCR I VLA B R T AR 2009 4F & 2B R K
KGERHBEFE T, N R SRR s, R
ManE 2 s, El2(a)/&20094FE5 H 23 H Y Landsat
TMEE4 . 3. 2B AR, H T IRR KBl
TG R P 2(b) & I A S H A 80 %) A ) &85
B SO a1 LS - R g o g LR S DS PIVALORE =g
PRIC AL, FEAG i KX, S5
At K DR A I ) f4 3d k HFR— 35719 km®,
FIFHIMODISHITM: H sl fif 1R 25 Rk A 7 e AAs i
PEAR, 23 BIEUAS91.3% 188, 5% ity ik A A )
Kappa R £ °80.7610.63 . FERTEIRGE [, ¥
Ja TR (16 d), IZFIEREMS I 8 I8 (R )
EI)S 2R S g EISR walll [EHES NS



1116 Journal of Remote Sensing

#2016, 20(5)

B2 FRARICI IR R] 91 R SIS G 45 2R

Fig. 2 Forest fire detection result using trend component of time series
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Fig. 6 HMM-based time series change detection method
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Review of remotely sensed time series data for change detection
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Abstract: As a result of the increasingly convenient access to high temporal resolution data, and even video remote sensing data, a large
amount of historical data have accumulated in recent years. Accordingly, change detection technology using remote sensing time series data
has achieved rapid development and has become a hot research field in remote sensing, especially after the successful launch of “GF-4”,
“Jilin No.1”, and Skysat satellites. Thus, change detection research with time series remote sensing data has entered a brand new stage.

This review systematically summarizes the research progress and application of Remote Sensing Series Data Change Detection (RSSD-
CD). Considering the significance and advantage of applying time series analysis in change detection, we start this work by identifying the
time series change detection methods in other fields. Then, according to the requirements of RSSDCD, we divide the methods into two cat-
egories: methods for anomaly detection for emergencies and methods for the detection of gradual and constant changes in land use/cover
types. This review presents the latest progress and methods for these two types of purposes and presents discussions about their advantages
and disadvantages. The remote sensing time series data exhibit the following characteristics: seasonality, instability, locality, multi-scale,
time-space autocorrelation, multi-dimension, and huge quantity. This review introduces an anomaly detection method based on empirical
mode decomposition and a land use/cover gradual change detection method based on hidden a Markov model. Instances for both approaches
are offered as references for related research and application. A conclusion about the latest trends and existing issues in this field is drawn
after tracking recent research on RSSDCD. Future works are also discussed.

Key words: time series, change detection, anomaly detection, land use/cover, empirical mode decomposition, hidden Markov model
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