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Land Surface Change Detection Method Based on Cloud Platform
and BFAST Algorithm
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(1. Land Consolidation and Rehabilitation Center, Ministry of Natural Resources, Beijing 100035, China
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Abstract. Accurately identifying the spatio-temporal information of surface changes will help to explore
the law of development and evolution of surface natural environment and ecosystems, and support related
scientific research and administrative management. Taking part of the implementation area of an
ecological protection and restoration project in Henan Province as the study area, based on the Google
Earth Engine (GEE) cloud platform, using 98-view Landsat8/0LI remote sensing images from 2013 to
2020 as the data source, and the Breaks for additive season and trend ( BFAST) algorithm theory was
applied to extract and map information on land surface changes. The methodological experimental process
included: firstly, the Landsat8/OLI land surface reflectance dataset was called and pre-processed based
on GEE, the cloud shadow masking of the remote sensing dataset based on CFMask algorithm, the
calculation of the spectral index (vegetation index NDVI) and the construction of the time series dataset.
Secondly, based on the time series data set and the BFAST algorithm theory, a generalized linear
regression model consisted of trend terms, seasonal terms and residual terms was constructed, and the

unknown parameter set in the model was solved by the least square method, so as to further construct a
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time series fitting model and detect time-series structure changes in near real-time based on the Moving
sums of the residuals (MOSUM) method. Finally, image element sample points were extracted from the
detection results, and the results were validated and evaluated in terms of accuracy by overlaying with
Google Earth high-resolution image data and visual interpretation. The analysis of the results showed that
the method proposed had high detection accuracy in the detection of time-series land surface ecological
changes in the study area (83.7% overall accuracy, 86.5% , 80.7% and 87.7% accuracy of the
detection results in the sub-years from 2018 to 2020, respectively) in the detection of time-series land
surface changes in the study area. Overall, the method proposed was a basic method for remote sensing
big database construction, near real-time disturbance identification and monitoring of land surface
ecological information and other technologies, which can provide technical support and decision-making
support for the investigation and monitoring of ecological protection and restoration in national land space
and assessment and early warning.

Key words:; land surface change; detection method; remote sensing; time series analysis; GEE; BFAST

2022 4

algorithm
0 3= OGS E TFZ, 1 50 R 2 Ak, J& T 3k 52 i 4G 1
= CCDC ( Continuous change detection and classification)
Z A ARAE T ARG S, MR 3 AR IR B A GRS BRI R 28 ROLIE s £,
EBRRGEAW ZAAA, X S (s BRI S R R AR Ak, JE T SE R AR I, {H DL

Bl — AT BT I Y AR ) &
ST M UL Y BE O, Rt T S S O T
THER R R A AE B 24 8k Al et e
FUR T K 3% B4 (4 Landsat, MODIS | AVHRR
), 10k 6 1R OB AR LA E) 51 1 75 00 SRk T SR
B A7 AL, 8 5 X A2 AR DL A5 , AR 8% 78 i 8] 11
2 [) b AGH I 38 M 3R W e gy, R L 3R A AR BRI N AR
ARG ETL AR, SR R B 5 47 B
BTAET

BE T3 B B Y 2 AR A A T T Y AR
a3 BT BIESE , DA SRR P 500 v O Ji 7 Ak o B A7 A
— 7 PRIXE , PR Ay 2 SR AR AN A R AR AR
b HNE AN RN AL, AU Ak P AR
e A RS B RO LR 2555 . DRI,
TE VB N TP A8 A 43 A vb G el 7 2= AR P A2 A b RS
32 B 2 T4 SRR 08 A ROCH S AR ) AR A A% G
[in) AL,

FAl, 7628 & P 2k b, CHFTEZ 2K 05
S (1 T NN = N = 813875 o 1/ N5 e~ < i o i I
R R IR B AL 6 FlRRAE, 43k B A
PR GEAR B ) DG Te B B A8 B4 (F R
/AR ) I (AR IS/ SR ) (AR 2R
(RAE/BA2) A oo (Boe/woo) . H&KTr
IR — e

LRSI B FH R Tz A
B EE AR, U1 LandTrendr ( Landsat-based detection
of Trends) 2B 73 H FEFE , R H B8 BOG TS 95 80
NBR, ¥ ] i % 7% fk, J& T 4k 5 mf & 95 VCT
(Vegetation change tracker) J2 [# {5 5 5 v , % F g A%

FaEAAMNSE , 0 LandTrendr \ VCT 7E B 5 54 4 45
FRAGH AR BT (AR B ), — s R gk
T MR SR RN R ), JF B R E R T
A S92 o B AL 33X 7 I S i 6 KR4k I 2 7 AR R Y
GERIERYE;CCDC R T 28wk A, T £ 72 &1
By A7 A B 23 X 43 A 2 B R AR 2%, N Z i )
(R 52 0 R 3R, o 0 — 20 52 ) G 0 235 2R 1) A P o AH
H.Z T ,BFAST( Breaks for additive season and trend)
SR I BAAR B O 1% 45 KRR 08 AR X5 U/ A 0 495 2R 1Y 1%
25, R FH e I 1 5080 A0 3 R A% 14 5 X0 b R 3% 2 AR Ak
{18 G 0 £ 3 R0 w137 3 R, ) T BEORS I LT ST R A
MR AR B AE AL, PR, 7 18 SR 28 Ak 23 BT O T B B
A

WA, B ASE Y B0k 5 T A A 1Y 1) R4, 3 A7 7E HE
b PR 3R 2 5 Wi kT R SRR e 4R ) 2 A A A T
32 KA TR U5 A A TR R AR5 ) B JR N [R]
N FRAE AR A AE R il 2 A, T dfe 2 KA X b 3R
A5 R B 1 0 g 7 R R R Y S A
S, I LRI T] | e 2 [ 23 B 48 1 228 J2 22 A A
BN K B8 G R N B s AR R
TB 2%, Je R A B f R ORI AN 1 % 4b 0 RS 1Y fi
TR RLAS , PR, 19 2 A | B R 28R A 1R SR
2 A5 ARG 1 5 A )R

SRy A b O Db ) R AR AL R R T A A
Hi Bk 5] # ( Google Earth Engine, GEE) = ¥ &
BFAST %3 iy b 22 2 AL A I 7 i 0F 58 . & e F
GEE =¥ 15, fit 2 &b 3 3 Ji& i) 75 B0 4is , A= ni i J% it
[F1) 5 4] B8l 45, DA 48 T E00 40 Ak B0 G2 S AL R B AR
PRI R A0 4 BB Y 3k 2210 5 RS 1 AN PR A 22 5



%73

JANE & . BT =G M BFAST 5 1 B M 36 728 A 46 I 7 3% 181

Uil ik BFAST 533k ol 38 A58 78 X 32 J i 1) 7 31 v
SE PR (EL AT T ol 2 50 25 R T, 8 o R X e SR
Kol T AR A 23 B BE 1, 4 T AR TR X g SR I a0
HR PR DR R 4 TR RS B 5 B S AT g AR S AR A
BE TR N SR X, T RS 5 E .

1 HRXEHER

1.1 HRK

TE] AR S R Y B B TR S R PN R
XA A EIE X, SRR TR X%
o7 B RETT OB & AEAE T AN T S T, B AR
1.4 x10* km®, 52 ifs 1 BR &7 2018—2020 4%, HFEMY
TR DA, T 10T 3 4 65 R T %) 1V DX L i X, il 2
A bR R 35° 477 50" ~ 35°527 28" N, 114°04'10" ~
114°11°01"E, X 48 4 ¥ & 120 ~ 550 m, B2 iR K
PE = XU, 4R F BRI 14.6°C LR BT &
548.8 ~863.4 mm''"* | WF5YIX B A PG 55 10. 41 km,
FAL K 8. 61 km, ST AR 8 963 hm” | [X I, P 3 4k H 75
¥ ) 2R AL T2 T BRI, 1 TR i 55 A L b 3] S JE 5L B A
KA, BB, H B IRR L RE S A
AN TR] - 7 4 28 R A R T M 3R AR AL AR T S 5
UESZIR 45 o AR5 X b B X 37 K 38 JE 5 14 s o
K1 TR o

o
0 2040 80 km

112°0'0"E 113°0'0"E 114°0'0"E

B 1 WFFEIE XA 88 R (B F L (NDVI)
Fig. 1  Location of study area and remote sensing image
1.2 SEIRHE

Landsat £ 31 T0 2 ££ 8o i 0 114 0k BE 7 L i 2%
Sy g — 3T, AT RAAR 4 b A K
] K 2 A e Nk B Ak B A P AR 22
PEHE Landsat8/OLI 12 J&& $% 1% /5 o SO0 5, 2830 B A
TGS E, RATE T 98 RERESGS 5%
By, I E] 5 18 O 2013 4E 3 H & 2020 4F 12 A, W5
X 18 B IR R S R K 2 TR
1.3 GEE =itHEE4

GEE J& 4 Aif tH ¢ 1 % oy S ik 1oy b B T2 2 1%
5 4y 2 ] UL B 19 =35 F A . GEE Z 3 %t
35 i Fr 4 T 3 40 4F 9 Landsat 51 TLE 9 7 277
RURCE , 25 A P AR TR R B 5 ) R A s

073013 2014 2015 2016 2017 2018 2019 2020
A4y
B2 W5 X R G R B 2 S i
Fig.2 Data volume statistics of remote sensing images

], R AR AL 1 07 fEARFEAY JavaSeript i 5 APL4E M
PEAT B b BB S A B B SR A AR
FENH] GEE 1150 F 6 A7 8ot kb B, i/ 1 %08l
HEA BRI A AR T Ko Ak 31 5 00k SE Bl 7
H XS A 3 B A A

2 WMRFAIE

T T GEE 19 38 B i 3 4 Al g, (3 4
Landsat8/OLI M % /& #F * ( Landsat
reflectance ) B4 46 19 8 FT S5 PR 0 i B ik R BY , ik
T CFMask 53325 1) 38 UG 4R AT = S, 12 4K
I8 AL FELR 1 T O 1% 48 B (NDVT) 335 A i [8]
Fro Bl A A, R T PR EES
BFAST # i iF A7 b & 28 (L 46 7, & Jm, % F
Google Earth JF & £ 3F fr . HAKHEAR BR 2t 3
B .

surface

Landsat8/OLI

K3 BAREKL
Fig.3 Workflow of this study
2.1 HIEAEMEFHEE
KO Ak BB YR o AR AL A DS G SR A
FEH oK, HE T GEE V- & 5 I A= Ui 58 X9 Ok 6 3
FEAE . @K ImageCollection 43¢ oK % Ji] GEE
5 N ik B Landsat SR 4, B4l £ %y LCO8/



182 £~k

1R S S ¢

2022 4

CO1/T1_SR, LAt B4 A Sy 92 56 i B IR . @R
Filter A5G pR B0 S04 2F 47 4% 0 0 2k 245 35 38, 4%
JoT R 25 N AT A S B b A ) BCHE R AT A B O e —
BRI X R R IE IR, @B X G 4R |, 2 4
BRBL, ITJE T CFMask B3k (0 = ™ . Gt
S NDVI %4l , % 5 3 @
SR % 45 gt — it & ¥t /7 NDVI 3+ 5, JF R |
Reducer. percentile pR X7 NDVI %% 4 ¥ 47 Mg 7 5
B AT G 52 50 bn ME NDVI 04 5. @ # @ T 5 ih
NDVI i [] 5 51 £ 4 26 & (98 5t NDVI B4 2 14) |
I Az Wi 8] 7 30 a7 7 1A
2.2 BFAST B F S fERERE

BE T I P E A 0 M 2 A AR D, 2 3 g i [R]
G o fi A5 AL BRIE GG AR Bt (1 NDVI) L [i] 42 4
Z IR OC FR I 43 il RS B 368 A in e ) e e [l IS
(i e = W

Y’:T’+Sf+el (t:1’2’.‘.’n) (1)
Hp T =a +bt (7, <t<r,,i=1,2,--,m) (2)
k
(2 .
5,= Y yjsm(—;ﬂﬂs]) (j=1,2, k) (3)
j=1

xr oy, (E B R] ¢ S ] Ay U8 0 5
T—— 3T S ——
a, b——BHIFRE
y,—IRIE
oy B

Horp R MR o3 BOECEE Dy R RV, T AR S I,

BaA (1) ~ (3)T>lfrf(1)ﬂﬁ(§ﬂﬁ—/l\ﬂﬂ%ﬁl
BT SCR AR ]

Y, —X,ﬁ +e, (4)
Hp X' = (1,t,sin(2mwt/f) ,cos(2mt/f) -+,
sin(2mhkt/f) ,cos(2whkt/f) )
B=C(a,,b,,y cosd ,ysind, , -,
¥,€088, ,y,sind,) "

() HH B Z—DRMSEE, W/
Fe it o 2 (4) ROy if e o M AR GZAE A 5 it
Xof R TS B A S BN B 1A RO G
HE T TR B A A
2.3 MEZHEN

il if MOSUM ( Moving sums of the residuals) X}
I} PP B &5 F AR A e AT A, 115

t

M{) = - \1 5

’&ﬁpgﬂu xB) (5)

A p——t =12, n BFIAGIHE
o— T LA HE

SOV A K

~ @K Ve 1L.CO8/CO1/T1_

I AR UL R AS B B R, I h =0 Bh =
n/A5 T S AL T AR L M, |
T 0 EEEHLBE S, 024 a8 R A A
M, 145 2 G PE 0 I 125 0, 15 >4 | MO, | i 25 0 8 2o
95% 1) . 2 Pk i FEEE, BIH) G B IR] 51 45 6 5
W o

TE I A2 A ARG I ok A v, 5 S AR I P b iR T
BB PR B B D s I B, e B B 6 7 0L 00 5 4 i
PRSI S o QR I B Bt , 1t B B ik T U1 25 4 1) A
TS St AT LG, 2 T S 0 A I o B AR ) 4 A
AV T

1 s B B i Dy i 38 R Ry D TS R R .
2% F Reversed — Ordered — Cumulative sum( ROC) ,,
@%: T Bai Perron (BP) Wi Al i1 Jy ™ o Wi 78 A
S, DA S DR AP 8 A TR St B O 2018 —
2020 4, [A e 3 T 5 g AR, 8L SE R T By B
2018—2020 4=, 3 Sy B A 2013—2018 4F

3 HRESN

3.1 HELAEMMEFEHE

BT GEE =V &, 533 £7 4 2K i NDVI
B 1) 7 2 5B, B L1t 98 S, MgE it i ik F L 98
5t NDVI AR $0 88 19 ¥ (B 7E 0. 037 ~ 0. 690 3 [H
el , W EUAT G 4R BE ZE AR . BRiE2E1E 0. 03 ~
0. 16 31 [l N 8% 30, ot 1k 5 -, 00l i o 4T, i)
NDVI 545t g 25 S 45 & W . W0 5% X 80E 4 11 45
RUWE 4,

0
2013 2014 2015 2016 2017 2018 2019 2020
4

P4 b Fe NDVI IR A 389 fER bR v 22

Fig.4 Mean and variance of time series NDVI data

3.2 RTAEUER

Hb AR G I 2 R 2 A4S D AR I R 3h
(W) & A= sf 1), B4 2l (8 ) & A= B 4R 4y Fn H
By o QORI B P Bl (W o) 28 A ai B2, RIVASE Y 103000
S R 08 I (B 22 1) 4 % 25 v (B . XF 98 5t NDVI %%
Pt 57 R PAT L G L R S TR .

Sa N AR B (H B - 0.47 ~0.36,
PIE R - 0. 052, k51 22 0. 065, M 55 125 545
G 5a AR AR, AT HIAE 5 X Y 2018—2020 4F 1Y
P AB 4k DL f i ol 3=



%73

JAM % BT = oF &1 BFAST 550k 1 3t R A8 AUk O 75 183

F 5b ~5d 4331k 2018—2020 4F 3 M4E B 1
ity (LLA BT o), o 2018 4R & A 4 3 1B
IG5 184 A RS FE LA 8 HZ A, N 4414 4
2019 kAL S AR TT 14 009 A, Hob & 44 8 H
ZHTEIHLEh R 7240 4,8 A ZJ5HI R 6769 452020
R IR T 3 435 A4, Hoh & B AE 8 H Z Al
AP shh 1396 4~,8 A Z 5 HEsh ol 2 039 4, M
el it () G it 4 SR 45 A 1 5b ~5d ALSE R, T
2018—2020 4F 8], o o) & 2B B B[] 24 v 7 R 2
47, Ho 2019 AR & AR IR T BuE ok IR R R .

(a) P H7E iR (b) 201844 B AR Al 2 ]

[SIEN PSR
Jn
=IO B NON 00O i
St 37

WA NN 00O = — =

(c) 20194 Bh AR 1k & A it ] (d) 20204E 4 B8 1 & A it i
B 5 BEEE X Pshom E S & A B )

Fig.5 Disturbance intensity and time in study area

3.3 #RWIESHBEFEN
3.3.1 FiREAE

BT IR T R e A A% A R DN 3 M A Ak
K BEBLAAE 7 1% 53 ) A 20 A2 Ao BE R 3l & A=
IR T F) A 00 25 2R e il O T, A RS 2 s 4R [
HT Google Earth 15 73 #¥ R 5L AR K4, i 47 45 R
UEFUE BEVRAT o

PN R EAE SR &) Rk S E S L ik
X 48 (2020 AFAE 4 Y T % ) FF R 45 SR gk, il 6 i
Ro B 6a S kTR 2020 4F Y 3 3R B 45 2R
[l 6b & 6¢ 2 Google Earth 5 73 #F 4 i AR
&l 6b2k 2019 4E 5248, Kl 6¢ 2 2020 4E524%, & 6d
2020 4FEFZAG PRI A 4T, &l 6a ~ 6d T bR IE AL (Z0
A O ET) A — a5, 2 O &5 2R v i 2R
23 733 450, ¥l 6e Jybric £ B ] )T 50 £, RN
P 3l 1R 45 5 & A B s R Ao

X LK 6a A1 6¢ AT E i, K] 6a B3R 51 45 51
1, AR 6a 1Y 25 (0] 3 BER B (H 2 BUE] 6¢ 43
BERSAR AT A ] 6a X IH B 50 50 FIE 25 19 00 45
VG5 X B T ME Te o F %A B 7E 2019
ERRARAE M2 TE 2020 4R B 4 58 1L, 00k T ] 6a
TR 235 SR BsF [R]85 9 M A 1

(b) Google Farth§ % (20194F)

(d) RIC A A5 (B 65245

WAEA A

2014 2015 2016 2017 2018 2019 2020 2021
(o) FRAT AU B A B A SR S B e )
Bl 6 2020 4E 311 51 45 5%

Fig.6 Disturbance identification results in 2020

MNIEL 6e ) 8] 77 51 K4 v] &, 7E 2020 4E 22 Hf,
I AR UL AR AT T R A G, 3 2020
AEHE 2 R BRI R T TE Y 25 (R b R kAR T i
SR ZL Al (R B 8 At ), T A BOUL I AR
K AwA% 1 W0 A2 & o 83 K 6e ] DL — 25 A IR
] 6a U5 25 3 0 ME A P, A 150 I 6 T A SCHR R 1
125 A A ARSI T ) M e A Ak R

P 7a S gl R0 25 25 (2019 45 A 3
FH) I8 7b FE 7c &y Google Earth /5 4 ¥¥ 2 1% &k
AR Th O 2018 4R I8 Te Dy 2019 AE52 AR,
Bl 7a ~Tc bR s (L6 F R EET) N
— iU A R P 28182 5% 0T, W 7d Rid
SR IRE R] 7y 2 B, R 2l 1 0 25 2R D 2R I ] 5

0
2014 2015 2016 2017 2018 2019 2020 2021

() FRIT T 312U ] 45 5
K7 2019 A4 U 45

Fig.7 Disturbance identification results in 2019



184 &l #Hl

L

2022 4

Mo XTHE Ta~Tc ] 13, 5E 6 45t —3, Kl Ta
Xof by 3 A S 1 S G AR 25 U0 3 Il SRS 45 SR Inf
() 5 S VA, T i (BT 7d g — 2D B T RS R Y
T

M6 FIE 7 75U BFE B TR S
(978, BIVAE b 2 78 A 2 AR T, 8 BT Bl R AS B2 A
PEAS AL, T 5] 8a ~8e NI GGHIE ™ A SCH& MY 19 Jy 125 7 4
F B WA KL Al b X P8 3h 0 A6 W BE Kb
Kl 8a ~8d N Google Earth /&7 #F R &A%, K] 8e
R bRiC sl CBEE EVET) 1Y IR 40 s AR 2R il
SR AE IR A, AN TE] 8a ~8d iz, i IX d5
RGBS S, AL A5 R B R+ KR DL B =
TR A AETE 2015 4E 5 H XN DLRR + hy F2 i 4
R, 105 2016 4F 3 F DX 3 P 0] b 390 K v AR K 4 i
2018 4F 7 J XN K AR K MR/, 32 245 M TR R 5%
M DXl PAY i) B A7 DR B A A, T 2 2020 4F 11 ] X A
WNIKARIEA AL g TR LRI B

2020.11

0.4
2015 2016 2017 2018 2019 2020 2021

(e) e A B I 2 e A A 50 130 1 B )5 5
P8 b2 BRI ML AR Ak v i AT Sl A BE
Fig. 8 Disturbance detecting capability in irregular

changes of land surface cover

MIE 8e B[] J5 51 £ 4 &, #r i s 2015 4F 4 2
J& NDVI A778 B i 09~ % B py 15 5% 5, 0d B0 B B
HoZs (Al B ) M 2 8 W O b A Bl R AR B 4 ol K
1£;2016—2018 4 ,NDVI £ - 0.4 ~0.4 =[] J 3,

Wi B [ BEH: 2% 8] 7 B 0 3 R 2 AT IR R
e, Ry AR B R KR S B AR A 5 A 2018 AR T I
NDVI Z 5 AE 0 DL FIE U 3l , 3560 2 B B =3 [) fir
) Hb R P R K A T R ol T D B ]
JF 9 5dE 5 Google Earth 55 43 B 42 18 BGH 15 5 9L 1Y)
5, B, NIE 8e WS ] T 51 B i FH , NDVI
SR LS TR BRI S T e B EAS SCHR R T 1 X
AT T A AL A, JF A A D B B (2018—
2020 4) HERH A E TS (I ) KA 1 ARy A A
o #E—2L UL T, A SO L TE HL 3R NDVI & 4% 4%
TR T, 0T b 3R A8 A URNATY B A HE A 1
3.3.2 MEITH

WAL 6 ~8 M JR) B UG UE AR SCHRE H Y Oy i T
G 0 s, 246 728 Ak %) A 285 R oA AR P L 3 3 e R
L1 P P A < 5 1 N /N A T (N 52 I 52
5 IE FIORS B VF O AR P o M A 18 AR A 4R B i s
FEPE R S U B R, LR s B gk
A it B AR AR Bl e LLIE B . DR G, AR SCRE R 0 ) R
FEVEHT, BIVAE AF B R 0 25 S b Bl R R R S S B A
Google Earth 55433t R 5215 0 IF NG JE AN 50 01F .

53 3N 2018—2020 4F 4 3 A il 45 2 v Bl AL 1€
HURE 43,2018 AF 38 BURE S 180T 625 4~,2019 4F 3% B
BRI 1260 4>, 2020 4F 3 BURE S5 R0C 412 1
Hor, I Al 2 B BT A R SR AT TR BETEAN, ik
LR A A o5 L 25 M) 6 BT AE /Y Google Earth 1%
A A AE BRI GR I A B 5 A3 R G AR B s, W e
TF KRG BE VR, WAz RE o5 B Sy JCRORE A 3 2 )
B 5B 1 A, 2018—2020 4§ 328 BURE £ 19 5%
BE S 5 4 85.1% 77.5% 89. 1% , ¥ 43 3
k1 532976 367 MR I, A RURE SR T RS
VM S5 o WA B0FE 2 & B AE Google Earth 15543 3
HRAR T, ok B R, T R ORE B OE M, 2018—
2020 45 (4 2l A6 0 45 SR IE B A 2325300 R 86. 5% |
80.7% 87.7% , S AKIE WAL SRy 83.7% , 1EH %
L, MEE L R

®1 EETN

Tab.1 Accuracy evaluation results

e tr 2018 4 2019 4F 2020 4F

e shAs I &5 SR/ 1% o0 5184 14 009 3435
Wi BIL 35 JBURE 4/ 15 7T 625 1260 412
Fif B3 TBURE 1%/ % 12 9 12

T A RO /1R T 532 976 367
] A OB R % 85.1 71.5 89.1
R 0 45 SR TE 1 B /1R T 460 788 322
K I 235 SR T R R AR % 86.5 80.7 87.7

4 HEFRIE

F£F GEE A1 BFAST 5 3% 11 Hb 3% 28 {b K i J7



%73

JAM % BT = oF &1 BFAST 550k 1 3t R A8 AUk O 75

185

5 W R ] R 8 AR UG 1R B AR A A B R AT
THREG SR ATR A Hr Rl T CEE BB 4L
ARBOFE AT G 52 56 bn fE A ZR 19 NDVI K [A]
J S B AT LA R W RE i /0 40 e S R A
R Ml AR 1 K HiE b B 5 0 52 B R v 0 R
Rl 38 & B MO, 5 2 T RN W AR i
ik BFAST 583 %F NDVI i ] 3 51 £ 48 i 17 728 4

Kz, BE 4% XoF I [] F7 31 f) 2 AR B 34 E 47 52 70 U
Gy Stk AR AL, o BE 0% v A A T ) i E] 5
(1 5 S M 7 A, 3 T O A TR S O A 0 3 b 3k Y AR
PEIR 35 B o B0 A SCE B IX, 3 38 Al AR I &5
1 SVAORS BE S 83. 7% ,2018—2020 4F 43 4F JiE A5
W) 45 SRS BE 43 50K 86.5% (80. 7% 87.7% , A B

o
=
iﬁ(ﬁ]o

HUANG Jinliang, LI Rendong, et al. Remote sensing monitoring and dynamic analysis of ponds based on

S 6] 522 G (0. S A4, 2016, 20(S) + 1110 = 1125,

Extraction of winter wheat information based on time-series NDVI in

(in

2 £ X B
(1] sk, B, MOS0, 5. B ih 18 B D o ke A3 A [T . Al ML 24 2 ,2019,50 (1) <1 -22.
ZHANG Chao, LU Yahui, YUN Wenju, et al. Analysis on research progress of remote sensing monitoring of land consolidation
[J]. Transactions of the Chinese Society for Agricultural Machinery,2019,50(1) :1 —=22. (in Chinese)
(2] whmsms, sk R, K, S, T Wm0 20T W 5 &0 0[], 4Ol BUi 5 ,2015,46 (1) ;272 - 277.
HAN Pengpeng,
object-oriented rules[ J]. Transactions of the Chinese Society for Agricultural Machinery,2015,46(1) :272 —=277. (in Chinese)
(3] %R, RO I 32 4F ¥ T it doll bl 4 L o I 25 i fb @ S W [ ] . A0l HLA 27 41,2017 ,48(2) 1179 - 185.
HE Zhen, HE Junping. Remote sensing on spatio-temporal evolution of vegetation cover in the Yellow River basin during
1982—2013[ J]. Transactions of the Chinese Society for Agricultural Machinery,2017 ,48(2) :179 —185. (in Chinese)
[4] BACHMANN C M, AINSWORTH T L, FUSINA R A, et al. Bathymetric retrieval from hyperspectral imagery using manifold
coordinate representations[ J]. IEEE Transactions on Geoscience and Remote Sensing, 2009, 47(3) :884 —897.
[5] ®&E, #fm, BLE, %
ZHAO Zhongming, MENG Yu, YUE Anzhi, et al. Review of remotely sensed time series data for change detection[ J]. Journal
of Remote Sensing, 2016, 20(5) ;1110 - 1125. (in Chinese)
[6] HAWBAKER T J, VANDERHOOF M K, BEAL Y J, et al. Mapping burned areas using dense time-series of Landsat data[ J].
Remote Sensing of Environment, 2017, 198.504 - 522.
(7] B, Wi, ARk, . I iEkhs B (8] )3 500 050 W I AR A 2 [ T ] 38 A 4 ,2013,17(5) 11246 - 1263.
YANG Chen, SHEN Runping, YU Dawei, et al. Forest disturbance monitoring based on the time-series trajectory of remote
sensing index[ J]. Journal of Remote Sensing, 2013, 17(5) :1246 - 1263. (in Chinese)
[8] ZHU Z, WOODCOCK C E, OLOFSSON P. Continuous monitoring of forest disturbance using all available Landsat imagery[ J].
Remote Sensing of Environment, 2012, 122, 75 -91.
(9] Xmess. Jp3l g B B R i 2 B RIF Y S (D], b o B A2 B k% ,2018.
[10]  wfd, & KEm, Z2M¥%, % B THF NDVI A5 it X A/ 22 Fhoiid 7 8 8 AR BT . Al ML 4 ik ,2017,48(3) :
215 -220,260.
SHEN Jian, CHANG Qingrui, LI Fenling, et al.
Guanzhong area[ J |. Transactions of the Chinese Society for Agricultural Machinery, 2017,48 (3) 215 - 220, 260.
Chinese)
(0] 03, e, skakse, 4. BTy EVI SR 428 5w 20 So i i A 5K U0 [T ] Al DL 41 ,2015,46 (10) .
321 -327.
LIU Zhe, LI Zhixiao, ZHANG Yankuan, et al. Seed maize identification based on time-series EVI decision tree classification
and high resolution remote sensing texture analysis[ J]. Transactions of the Chinese Society for Agricultural Machinery,2015,
46(10) :321 —327. (in Chinese)
[12]  SkoeHE, TR, WAk, 5. 3T P A s 500 B E Y i I8 J0r b ox [ T ] AR b WL 24 412 , 2015 ,46 (1S F) -
246 -252.
ZHANG Rongqun, WANG Sheng’an, GAO Wanlin, et al. Remote-sensing classification method of county-level agricultural
crops using time-series NDVI[ J ]. Transactions of the Chinese Society for Agricultural Machinery,2015,46 ( Supp. ) :246 —
252. (in Chinese)
[13] MORENO-MARTINEZ A, IZQUIERDO-VERDIGUIER E, MANETA M P, et al. Multispectral high resolution sensor fusion for
smoothing and gap-filling in the cloud[J]. Remote Sensing of Environment,2020,247:111901.
[14] ZENG L, WARDLOW B D, XIANG D, et al. A review of vegetation phenological metrics extraction using time-series,
multispectral satellite data[ J]. Remote Sensing of Environment, 2020,237:111511.
[15]  ®b¥RAe, WIS, BT BT R 7 ) i im0 1 ol 10 5 8 3R AR R R IR [T AR 9% 0 )k, 2021,33 (4)
19 -25.
CHAO Zhenhua, CHE Mingliang, HOU Shengfang. Brief review of vegetation phenological information extraction software
based on time series remote sensing data[ J]. Remote Sensing for Natural Resources, 2021, 33(4) . 19 —=25. (in Chinese)
[16] BREA, LVGF, B, . 58 R 50055 30 PR 09 1L Kbk B B0 A 25 AR 406 4 S B —— LA B 48 1 A Tl Xt

HLRAEIT]. o TRER 4R ,2021,11(4) 701 - 710.



186

PSS A1 M | = O 14 2022 4

[21]

[22]

(23]

[24]

[25]

[29]

[30]
[31]

[33]

[34]

CHEN Yang, WANG Xiping, ZHEN Na, et al. Practice of ecological protection and restoration of mountain-river-forest-
farmland-lake-grassland based on connotation of ecosystem service theory: taking the pilot project of South-Taihang Area in
Henan Province as an example [ J]. Journal of Environmental Engineering Technology, 2021, 11 (4). 701 - 710. (in
Chinese)

L, WhUK, BRI, 5. Landsat 3 T X HUWM 40 4R [ &% LDCM ARE[T]. 854 ,2013,17(5) ;1033 - 1048.
JIANG Gaozhen, HAN Bing, GAO Yingbo, et al. Review of 40-year earth observation with Landsat series and prospects of
LDCM[]J]. Journal of Remote Sensing, 2013, 17(5) :1033 -~ 1048. (in Chinese)

THERHE, JYFRHE, B8, Landsat {C I ] F7 510 () B 28 3 380 1h7 PR ) At 23 2 4k [ 0] 38 82 412 ,2019,23(4) <717 - 729.

JI Luyan, YIN Danyan, GONG Peng. Temporal-spatial study on enclosure culture area in Yangcheng Lake with long-term
Landsat time series[ J]. Journal of Remote Sensing, 2019, 23(4) . 717 -=729. (in Chinese)

EN, 8, £, % JET Google Earth Engine 2 V- 5 B A 9 21 25 B 78 Ak 1< i [H] 7 97 JE SR WO [ T ] v |5 4%, 2018,
37(4) .608 - 616.

PEI Jie, NIU Zheng, WANG Li, et al. Monitoring to variations of vegetation cover using long-term time series remote sensing
data on the Google Earth Engine cloud platform[ J]. Carsologica Sinica,2018,37(4) :608 —616. (in Chinese)

WSCUR, 21, BnlAr. K [R])7 51 2 P50 St i AR AR T L DN S e P e i e [ 1] 1B I 41 ,2018,22(6) 11005 - 1022.
SHEN Wenjuan, LI Mingshi, HUANG Chengquan. Review of remote sensing algorithms for monitoring forest disturbance from
time series and multi-source data fusion[ J]. Journal of Remote Sensing, 2018, 22(6); 1005 —1022. (in Chinese)

WA, B, TKEE. Landsat if PR A8 R AG TN 534 [T ] Mo R A5 R BL 22441 ,2017,19(8) : 1069 —1079.

TANG Dongmei, FAN Hui, ZHANG Yao. Review on Landsat time series change detection methods[ J]. Journal of Geo-
information Science, 2017, 19(8): 1069 - 1079. (in Chinese)

THOMAS R L, JAMES R I. Landsat 8 the plans, the reality, and the legacy[ J]. Remote Sensing of Environment, 2016,
185. 1 -6.

GORELICK N, HANCHER M, DIXON M, et al. Google Earth Engine: planetary-scale geospatial analysis for everyone[ J].
Remote Sensing of Environment, 2017, 202, 18 -27.

PRASAI R, SCHWERTNER T W, MAINALI K, et al. Application of Google Earth Engine python APl and NAIP imagery for
land use and land cover classification: a case study in Florida, USA[J]. Ecological Informatics, 2021,66:101474.

sk, XV B, BAeR, %, GEE FRIETN Al & 32 98l 18 BB ) & /0 2 U EOR [T RO AL 2 41 ,2021,52(9) -
195 -205.

MA Zhanlin, LIU Changhua, XUE Huazhu, et al. Identification of winter wheat by integrating active and passive remote
sensing data based on Google Earth Engine platform[ J]. Transactions of the Chinese Society for Agricultural Machinery,2021 ,
52(9) :195 -205. (in Chinese)

RN, XV, WAL, %, 3T GEE By I K44 it 30 4F 4k R I == g A A2 (b F 52 [T ] ARl ALAR 2= 4, 2020,
51(1).168 - 175.

ZHU Dehai, LIU Yiming, FENG Quanlong, et al. Spatial-temporal dynamic changes of agricultural greenhouses in Shandong
Province in recent 30 years based on Google Earth Engine[ J|. Transactions of the Chinese Society for Agricultural Machinery,
2020,51(1) :168 —175. (in Chinese)

EMe, BT, RIEWE, . BEAST———Fb 23 A7 MR i S (2 AL O BT O ik [T ] K% 2% ,2016,31(4) :196 - 199.
WANG Ye, LI Ning, ZHANG Zhengtao, et al. BFAST—a new method to analyze change of climate extremes[J]. Journal of
Catastrophology, 2016, 31(4) ;196 —199. (in Chinese)

FOGA S, SCARAMUZZA P L, GUO S, et al. Cloud detection algorithm comparison and validation for operational Landsat data
products[ J]. Remote Sensing of Environment, 2017,194:379 - 390.

VERBESSELT J, HYNDMAN R, ZEILEIS A, et al. Phenological change detection while accounting for abrupt and gradual
trends in satellite image time series[ J]]. Remote Sensing of Environment,2010,114(12) ;2970 -2980.

LINDERHOLM H W. Growing season changes in the last century[J]. Agricultural and Forest Meteorology,2006,137(1) .1 - 14.
XNFEHE, FFHE, M, 4. 3T MODIS 4 Fl BFAST J5 vk ARG AR AL WS [ T] . [ -+ BE i ia % 2016 ,28(3) 146 — 153.
LIU Baozhu, FANG Xiuqin, HE Qisheng, et al. Monitoring the changes of vegetation based on MODIS data and BFAST
methods[ J]. Remote Sensing for Land & Resources, 2016, 28(3): 146 - 153. (in Chinese)

ZEILEIS A. A unified approach to structural change tests based on ML scores, F statistics, and OLS residuals [ J].
Econometric Reviews, 2005,24(4) 445 —466.

ZEILEIS A, SHAH A, PATNAIK I. Testing, monitoring, and dating structural changes in exchange rate regimes[ J].
Computational Statistics & Data Analysis, 2010,54(6) ;1696 - 1706.

DUTRIEUX L P, JAKOVAC C C, LATIFAH S H, et al. Reconstructing land use history from Landsat time-series: case study
of a swidden agriculture system in Brazil[ J]. International Journal of Applied Earth Observation and Geoinformation, 2016,
47.112 - 124.



