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ARSI H b ) A2 75 B I 8] R A T AR Ak 1) vy e e B VR mT DA 20 2 1) LA A Rl o 151,
I, T AR AR S N BRI b ANACRT DUAS I ) A 5 AR AR A, 8 R DAAS B A 4y
(R ELARTE AR GE Y. A EE T TR IR I = 06 R AR A IR R G s AR AR B2, DLYZ 4 VR
ARSI B RH].

BT, mobi BRI AR AR 77 k4% 8 B AR IRRS 40 B2 3 20 Loy MG e Akl o X R84,
For U (61 FOSVAZR Te AR ARSI 3 2K

BICH ARSI TT R Tt N2 10— 2K, 8 B8 7 ot R TC IR DG TS R I 22 e R K i
BItRE KA. ERIME TR TG A B TR T7 1k AR 03 W R 70 IR
FERFAE M AT 2RI VESE. AR IR 2 43 BT 28 07 vk 32 i B B 2 (A AR B A ) i, FRAR R AR A [ B () K JEE
75 10 S U A% A P R O3 ARER M D7 VA AR A I 2 40 125 (change vector analysis, CVA) [T, Fa{gAs
I & 53 T2 (robust VCA, RCVA) Bl 45484k [ & 73 #17% (compressed VCA, C2VA) O 4. 244
A 53 AT T A2 BRI B 1) B 45 A A 1 R 58 HOARFAE 2 8], DA HH AT e ) AR IR R AR AL
P AT IRG B, 2 R AR AR A T B b 101 R3S 5o o A i G 0 2505
5 0208] 5 B SR A S ME T 1 2 0B AR 7792 (multivariate alteration detection, MAD) (14151
A T IEAS T2 () 4% 52 1A P 3 ) 1) s L1 26 T R B AR I 20 B IS B0 32 L R TR B 25 ) [ AE
SRS ARSI SR, X SRR AR DG IR (A1 RC e, HLAD el T R G R R DR B2 T 32 302 it g H
AT, TR T e i AR I R R FE AR 4 X 28 G TR AR e X 2 07) | IR M2 I 4% 1181, 3D 4
R M 2 9] P EERIp A I 2 201 BRI A id iz m g 21 55 1 H, S T RFR A IIPERE, &
BABEREER AT 7R T X0 m) F L] 22 X Hiss SILE] 3L d L] R B R HERLE] 5T R R
2 DR 2 AT

X G G AR A N 7 7% B8 B BB TGI8 A A FLSE AT R, DRI SR AR T AR A AN Lt g
H AT G AR A B L SR S R R ARSI T KRBT LAAr N B RELEGE L X R 502K 5 L
L ZIPRXT SRS, Hod, B R BRI S — R ER R SR B R, SRS 5 — T
AR BN B (A7 B AT VT L 43 B 261, FEIX — 07k, A7 B VLA AR 45 R 2 0 2. X4
Iy 5 HBEE & — M AL ) S o SR S A U7V, 8 S PR R AT B BI45 B 25 H BT AL
VX &, SR 53 PR G A (R A0 GadE AT AR ARSI (27~290 3 28 vk (R RS U ARS B8 T A AR T A o)
G EIRERE, B8 B A B RIGRAN RS 7E P i R TP AR AT R A — 2. BRI, 22T 3GR
7 2 AR AN, I 2 AR ME S S R 2, DASRAS AR [ RS AR B R IFE47 L
52 130,31 H M7 VR SR B O HE B R 5, JR AR e B EA v B R EOVE B RS, T DR
FHARACKTIMRE S, — ez it — D4R T UL LIy AR, 5110, Zhang 45 320 1] F X A) g B ARAZ
Hiuxr P R AT B R L, IR I 77 SR SR 45 B Du 55 B3 SRS AUSRHE 43 7 AN
DU (Bayes) #RlA SRBESETE T X G025 LA B2 BR IR, B2

MEAZ TG R A DU AR B3 T 15 0 40 738 ARSI T S A8 A A W B8 IIkS 4, s AN AT LRI AME T
XTI B A 2 A5 R AR AR AR, 38 BT DA A R B B AR AR L. PR, AR T AR Ak T e A% H AR
MO 3 e v R RO AR A S By, Wang 55 341 15 545 A 22 I AH g 016 1 P14 o 1) SIE A 8 S 3¢
P 4 2 1) 23 % 2 et G 6 11 R, AR5 T8 LA AT TR RO bR R R A5 AR To AR A ksl 25 SR R4
HATY SIS 73 3 0 UG AT G IS MR, T2 78 5 70 P RGO TR 45 SLEAT WAR TR, 98 )5 % EEAIE
18 TC L 45 BT 43 7% 2 BB DASRAS AR e R A kar 45 5 B39, ARkt Ertiirk 45 B6~381 R R
i e B A ] SO AT OGS AR B TR I BB LR R R AR Te AR A I 77 vk AR B N L, (H 2 I A R
BIIFRIR U FERT B2 5 51 N IBARAL. Liu 55 B @A77 — /N 2R HR G R Tz Ay 42
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H T Ao 2 IR A S T R EBORT 23 ZELAE 2R, 1 I AR 445 A2 A 3 7 PR = A R 25 AR A I 45 2R . W 62 140
B SR AR T AR AAT I ) At L ok 1 R ANME T R i s 4L A AR LR B, AT LA X
IREAFR P EIGEE AR SR L T — AT A B BP (back propagation) #1258 W 44 i) VAR 7o AL A
M7k, CAFE AR 43 e UG -t 78 3545 8. 1Y, Yuan 25 (420 T /i 2k ME AR N FIRR 1 7 LR
BRI T 201 AR RN Rk & 7 k2 2 7k, W DA B & e 3 A 1 AR DA X 2 AR AL AR AZ K. Du
5 131 PR T T ICA R I R R B U A T AR I T v, S I R AR T MR R 2 ok A AR
CHISRIE . Deng &5 14 I T 1] 5 1A T A0 20 A 38T o it v S B0 17 ANIE 7K 380 1 6 1 F) 455 58
R ICHEI. Zhang 55 191 1 S0 FH 22 I A im0l o PR PRV BG4 AP VR AT 2 18 70 20 AR EL i SRR TR A
DUKERE. e, AT 22 3 I EEAT 7, JRSE & 2 I MR BOLIEIR S B R P3G —HM 2 2R3
Pk &5 SR 1461,

SR, PA_E AR T AR AN U5 AR R e AR A 9 A AR I N TR, B HEEHOA R
T IR BORHEAT JE AA AL IX P S BN TE 2 78 7042 3 iR o MR I AR Js R A5 8., Tei:
e A ) P 7O i P A5 i s R S R e ) — B0, 3 2 A T ) ) B AR SR 2R . BV Lin
S5 139 SR 2 I HDG R S B RIS A R MR RTINS R T R 4 R IR Oy
TR IX e A, A AR R 1 e R A R MR AT i R R, AR 22 A i
PR (s G A TR AR T S 7. 1 1 W RV P T 24 AR s D 1 PR AR A AT A Y . i R I i 1) 25 AT
rCIE AR 22 7 I, SR T AR BE RIS R AL AR B M — (sum-to-one) ZU, BOKTRIAL 1R SK
fR RO IRIE. T G2 A M AR o R O U P R 22 S PR A DG I S il A, AR SRk 4 [ UL P R AE A i
T ULECYETE A, BLEE 78 73 A e 2R A R bl BEA7 AR AR T, seAh, ASCRIAITAS B H (Lagrange)
Fe LRV SL IS, Rt T 1 TR A T SR o IR A R AT AR AR, DAAS B d 2 AR A e U
SR, Bon, AR B RSB AR R L SEIG25 SRIGAIE 1 B i L 07 V2% A 1 A R

ASSCAEER 2 711 (8 s O R O AR R TR A, DB 3 79 v S ST B R i 1 'S R AR A
DAY BOE HEAh. 265 4 545 SRR R (R SEEAE R, I8 0/ AR UL BC OGS e G « Rk B
H e A RE D PR UL K B 3G B =F R T s 55 5 948 2 M RS 58 i x b sie g 56
UEFT IR M IERAA R, 5 6 Tou TR T A4 MR 2.

2 ERIERRERRE

2 MR T R BRI ) SRR o A S ) H bR A R s, S B s AR R TR A ST,
BB IRA VU ALNER TN, moGiE B IE Te 6 o] LT R 7= — REFEARY BT (U
JG) B4 E, B

Y =MS+N

st. 820, 1,8 =1y,
Hr Y & L xn 48568, FoRBBECN Ly Boc80y n MERESGIEEIR; M ZREBRECY L. i
TCECN p ) L x p 4EmocHElE, S Fom M PN mICE Y K& METTH I FEEFT R p x n 4
FERE, N FRoREBORZEFNE S, O 7l Ze VR G Y B B SERRER R S, BERL (1) IEXT B RE S it
7 AEf . M—298, ER TR o R MG T R AR AN 1

BN FDCIE AR (1) B, S S i o R ORI = BEAl TN EEARAE S5, B Dl
WEEE Y sk i oA R EERERE M, S, 1K — NBONE IR LR 2 AR B B Sy i Il L. B DG
PRI S5 AW 7638, S8 AR T Wi iR I B 7%, B e s B Y TR i o & 7E

(1)
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= Lxq(qg>p) ERLERCEE A b, MimseERE M ONFERER S (bt FR R4 st
WER Y RTICIEE A BFGERE L B2 BH R BOEMY X, WA
Y=AX+N

- - (2)
st. X >0, 17x =17

T A I 584 R R R ARFAE A A ELAH 1, B (2) b X ARSR A 2 — > ANl E ) L
N T AR EAT SEERY R SRR, R F R X N 2R,

AR (2) WdERE AR, BAMEUE 1 moeiERE M AT e e A, HIHmos p iz
NTOEHERE A PRDGIERIEN L ¢ B, mOGEEER Y RTOGEE A KRBUER X M AA1T
Mg AR, OB (2) BITR N B A RS Ty

!
m§n§IIY—AXH%+AIIXII2,o )
st. X >0, 17X =17,

HoA || X a0 = 14/ D7y X2jllo RMAFEAERE X ERATRRIENE T, X RIEMSEL i HZIE N5
TR, N TR, A AR IR 1 YaEha Oy [ TEB KR (3) FeAkh

1

H}}l’l§||Y—AXH%+)\HXH2,1 )

st. X >0, 17X =17,

RGBT ST AT SRAR. o, (| X |20 = 11/ 207y X251 R 5 T R AT A 510 1)

3 MERHRREIETHARNER

AFE T ROCR A (2) S MG ARIRAE Y (4) G RIRR R D 6 B R A P I A
BRI, 55E ¢, ty ZIRGHEIR I L x n 4ERDEEEIR Y, Yo, & Yo M1 Yo S i ot (8
TE—N L x q 4605 A, MIARSEREAY (2) BIAN, FATEAERE (X0, Ny} F { X5, No}, f8i45

Y =AX,+ N
o - (5)
s.t. Xl > 0, 1q Xl = 1,”,
I H
Yo =AX3+ N,
st Xp 20, 1, X, =1,

Rt (6) JMEMHEA (5) WAT

Y2V, - Y, = A(Xo — X1) + (Ns — Ny)

X
st.| =0, 17 [Xl XQ} 17 .
X2
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K, 4 X2 X, — Xy, N° 2 N, — Ny, WAL (7) 7T LG A LR JE L0 o 1 VR A 78
Y% =AX’+ N?Y, (8)

XHRE X, X, R AE T M2, (HEATRZEE XO R AR A—200. ST (8),
AU BB AR

(1) & Y1 A1 Y, RS sm e B Sk E A &, WElERE YO s fmoh
BEECIEE At Bk Yo Ml A I RAZMERR.

(2) BT Yy 1Yy P i oA H B TG A TP RDGERIEECH, eI ZER K YO
Hh i A e H R/ TR R A DGR IERH .

TR A KL 58 s VERD SRR AL IR ) AR T, B (8) o X0 BRI RIFE S — I ANEE
. (HFE T LA BRI (8) M5 (2) 2R ELWLERAR, AN X° FIME RGBT R, ik, AT
PAFRALIAEAY (4) X X0 BN BR, 45 2040 JE L R w61 R A A Rl A

1
min 2 [Y? = AXP [ + A X1 (9)

BT |- o RAFRESATRERAIRE S, FrLUBRER (9) Jab FIR BRI e i A ke A

4 BIRHER

AATRZ L4 AR (9) HSRARFIEAESE. 7255 3 ik, Ny 7 @B7 (8, B e rif it mot
WENE Y1 A Ys RRAES 1, (RS2 BREE T (1) e ' il B8 o DR A RN 2% A ) A [ T LA e b ) 22
Ji. PR, DA 7l G A 3 AR AR AN, TR S PR PR AR (B AR v . AR SO T AR I3 — ATV
g P AR st A A A

Y; = Y;/max(max(Y;)), i = 1,2. (10)
i EZ I B DA B B e KRGS B A, RT DA B B 6 MR B PR I AE 1 AT, DIk 31 8] 4
RAEMIREEE R E K. BAT, T E06E EGRHER AR CEM S FE, (HARACE 1, AR
R
4.1 [CECSIERE

G 52 AR RS HE R, AT LU 2 R YO 2 Y, — Vi, HERBAL (9). —BHBIL T, JLilkFE A
(AR 26 AH R 22 BN A 1 6 1S 52 AR R BRI 2% A 2 AN TR, DRI BT () ] BRARAE i 22 5. R 7 S 4F
ik 22 BF AR SEAR Bt A AR AT, AR /N I T A A DL R ARE B e, R AT e Ok R 5 G AH T
Be 13 7T, A 22 S BT ARV DCIC Y61 e iR 7 vk a0 R

A, = 'YMUSIC(A» Yé; K), (11)

Hh, yosie ITEMRGE A HOGIERRIEAE YO Brab 123 18) LR BER R 22 K/ AT 3R 17, A 21
5 Y° MULECHDEEE, 1 K MR8 )a ILECCE & A, TR rsm o . Oy 1 at—0 1
A, 5 Y MUCECEE, ARSCER T SCHR (48] AT i AtV e #E 7 vk x) 22 R AT THEIE.
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4.2 ADMM (alternating direction method of multiplier) &%
BT ULHOGIEE A,,, B8 (9) HLLFEMEA:

1
min  [|4,.U - Y5+ AV, stV =T,

HH AN

1
min =||A,U = Y?||%2 + \|V]21, st.U—-V =0.
Uyv 2 ’

HE—D B (12) BRI Rk B H 80N

A

I
L(U,V,D) = S AnU = Y° |7 + A|VI2a + 5|U = V = D,

DN | =

Hdr > 0 NIEN %L IWEEL (14) 743, ADMM SH3kE RN

. . 1
Ukt = arg m[}nﬂ(U, vE DW= arg min §||AmU ~ Y% + gHU — vk _pk)2,

VD — arg m‘}nﬁ(U(’“H), V,DW) = arg min AV 2,1 + gHU(kH) -V -DW|2,
DD — pk) _ grlk1) 4 yr(k1).
BE—PHh, B SHEMERAEE B mTa e U, v s R
UF) = (AL Ay + u) ALY + (VP + D)),

VT(kH) = Vect-soft (Ur(k“) — Dq(qk), /\> ,
I

Hrp, W(k+1)’U7(k+1)7D7§k) 4y E R V(k+1)7U(k+1)7D(k) W 47, B

max {[|bf|, — 7,0}
max {[[bll, = 7,0} +7

BJa, 5k 1 REE TR (12) 1) ADMM SRR,

Vect-soft(b, 7) =

(12)

(13)

(14)

Algorithm 1 ADMM algorithm for solving the model (12)

Input: A,,, Y9,

Initialization: k=0, x>0, A > 0, U©® v () D),
1: while stopping criterion is not met do

2: Update U+1) using Eq. (18);

3:  Update V(*+1) using Eq. (19);

4: Update D(*+1) yusing Eq. (17);

5: k=k+1.

6: end while

Output: X% =U®),
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4.3 FEHITREE

SRIM, SEPRT 1o, TORCHOAEYE, B3 (12) MOMRIE T S WM A0AT, 1X 28T BT iR H o oo A
W ETEZES R, Rk, 7B FOE M0 BRSNS, HERRE A 5 AT IR A i 7c. SCHR [50,51]
KN T IRE VR A% 3 P A B R O A AR 224, (BRI 0 N T 78R S AN R, A L 4% 5 R ek fn ]
Cii A

AR R (Otsu) X245 =3 BE AR B EAT B Ak 20 %1 52 ] DL [ 36 o7 i iff 5 {6 24 8] 7 223k 3
o RIS ) R AL, 3 T ) D 2% ) 1 T = R B A o BT U3 ) s G, EL A FE G

(1) SR R 456 3 P A0 R R AT Ak 1, 19 2 40 31 R

T = Otsu(|X?°)), (21)

b | | FORHEOTRMAERAE, T N REE A 7> B B
(2) ZE T BIBAE T F = 5 R0 AT AT A0 22, R

5
s {o, X3, <,

5 2
’ X750 1X0;1 > T,

Horh, X9, RORFREALE X0 195 0 1T, j FIRITER.
(3) WE X° ALFATHOM LI Ay, FEIF, RSB 224 i T, Bk, X0 MARRATR SN

Idx = {z dOIxXE| > 0}, (23)
J
FCPT R A8 A i o A S TOAE 258 T AR A B 23 3l N
M= A, (;, Idx), § = X°(Idx, :). (24)

SR, B HEAME G A T I 0 (R (68T 45 5 % AT R AR 02
PLHRFE [,
D =315, (25)

D, WA R R D AT EAA R, IR RS S HES, R DS 2 2 A
KR AN ZE R O T A8 A > B AE R BN, A SCERRAELU N PRI DIk (1) 2742
WRE M E D (o 57 B EA R B8R o A, SR RERIE B BIBIE; (2) AR
B D McR BT R 2B KB AT, RN TR E 7 $IBE. AR TR0 =4 s
5, AR AR D &I R AR e 7o T I I A0 A A B AT B, IR R ACR SRk
AR 5 R A B RN B, SEAE - N a0 1 B 1.

5 WSS

AR NS P AR R AN BRI R T X P Sl I A Oy 3 P 0 S S SR AN ) LA i P LS 4
FISUEHA A, BRAN, AT S AR S S T BB M. BRI, 5.1 NI T AR ST
KBl E X LEREAERE VI TR AR, 5.2 NI T BOER AR OIS T ik e OSBRI A A S
5.3 /INTTHEAT T SHUBURIE LI LA R 5.4 /NTTREOR 1 SR8 SO B BT 5 2R
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*1 RBEEME

Table 1 Confusion matrix

Predicted = 1 Predicted = 0
Actual =1 TP FN
Actual = 0 FP TN

5.1 SLIHRE

FERE 1 b, WEPGREIENSH 4, A 5EREERE D, U, V K¥IIRE. i, ENZ
HCH A W] AR 5 28 1) 2 BogUR itk se 5045t TS AR B )R8 W LAZE b O AT 0 6 A VR ] 23t )
ADMM SiEg5 . ltn, STk [50] ¥ xR D, U, V 4 5l0iay DO =0, U = (AL A, +
pl) LAY Y, VO = Soft (U®, \/p). £ ADMM BiEH, IENZ5 p EUEE #2006 Bk s
PAAERRRHIFENA. 9 1 ST SR WSO, AN SR ISR (53] BT ik i) B o3& 5 S 80 R g, Ay
VRN S5/ AR ZE B AR ST DR, DAARFSE ADMM SEiE R R A6 5% ZE ANl Ik 22 [F) 8 fiesia) 0. ikdb, A&
SR RIE AR BN /0B SR ZE AR S5 5 15 U ADMM SE 2 1R 25, s AAE0E H &
RAFARIE B TR AR ZE N T — 45 8 BE I, SR E%kAL

N T AR TR TR R R, A T XS EE SR BRI AT, X EE B (1) AL AR M
(CVA); (2) Rt b2 Hrik (RCVA); (3) IS4 & 73 Hrik (C?VA); (4) SCFRFFEHL (support
vector machine, SVM); (5) K- IT4B%5.% (k-nearest neighbor, KNN); (6) AN £ 7048 0 AG I 5%
(iteratively reweighted MAD, IR-MAD); (7) F 537 #T -K $AE B (principal component analysis-
Kmeans, PCA-Kmeans) '!); (8) GETNET (general end-to-end two-dimensional CNN framework) %
15 P (9) FE TR BRI AR LA 57 (sparse unmixing based change detection, SUCD) B6l: (10) 3
T 61 A IBL) J=5 5 48 06 R 2538 (spectral angle weighted-based local absolute distance, SALA) [55;
(11) FEF AR /M ER 7 (mintreeCD) 051 (12) ASSCRFA R 2 FE# 0 O Al B3, i
N Prop(n). HH, CVA, RCVA, C2VA, IR-MAD, PCA-Kmeans 5 SUCD 5% L H AR5 5
S E; SVM AT KNN SRR Pl g i DL AL @57 3 50025, W DAL 2 3 SR ) — 7 288 ) it
GETNET $ik 2 — Mg 213 G e BHR BE 22 21 502, HAEAR A M R vh b & 7 AV P 45 1) AR e
KRG E; SALA Fl mintreeCD FEA WA A T GBI 2 FIEA 2ERF-AE; T Prop(n) AT H TR UEA
SRR IR A T S A . DL B BB TR TR AR e ol IR ARG IR
JE52 21771, AT LA 2 A BERT L5 2 i H 7 ik i 1 e

N T BALFTRR R S U R PE RS, AT 3R 1 hIREFEREUE L LR 5 AN IR RR: dE
iR (OA). Kappa RE. FEHZE (P). ARIZE (R), L F1 18, T &8 R ik 2i &R .
XeeFabritE AR T,

(1) #EHIZE (OA):

OA = (TP + TN)/(TP + TN + FP + FN), (26)

OA THEAZ AN I8 A AZ TT K BV T B ], JEHUERIE 1 U B AR AR D e = v

(2) Kappa &%\
Kappa = (OA - Pe)/(l - Pe>7 (27)

y
|

P, = [(TP 4+ FP)(TP + FN) + (FN + TN)(FP 4 TN)]/[(TP + TN + FP + FN)?]. (28)
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Kappa 2800 T —F0rk vhal, HAEBRET 1 22 W AS ARG I 45 5 15 20 S AR Ak 43 vl bk — 3.
(3) ¥5H% (P) 5HFIE (R):

P =TP/(TP + FP), (29)
R =TP/(TP + FN), (30)

Horp, p W FOy A HESE, B IERA I AR AL B G TCHE I A R N A B T B S EE. PR B %
T 1, BRI S0 R, R FR IERRI A R G T BT A B SR8 T b (1
EE, R BEBEEIT T 1, Ui IIRAS AR AR TC o5 EUBRAIG. TR D B R A 2 AT A 22 2 P AR EL P R 1 H
B, FrEL P A R GRS A LI 2.
(4) Fy fH:
Fi=2.P-R/(P+R), (31)

Fy 7% P, R (VA% 48 P, R A EHIZIN, o] AERG PP AL Sk RS R 5 A [ R

5.2 BUE&E

AN S IE RS AR TR A I DG G 07 RS, H T IR SE MR 45 R 5 K
AL — . BE)E, 4 3 FMUERIE RIS EE S, M T U0 UE AR A I S ) SE PRk e

5.2.1 SD1

SD1 455 Wl = i U, BiE RS 100x100 MER, MG REE 224 MREBL HL
A G R AR A A 2R M v e T R A AR o ok T USGS 1995 Yei FED i —
TR, MHFFEREFESME S A Fractall {7 IR, BAARE S 0B 1 Fos. £HEEBR N ELE T
W BEAEEPI S RIS >, AFAEYI R A B T O, R T IRIE B AE AN R 7R T AR AR
PEAE, X P IE EE 2 5EINAS [ SNR (dB) (BR: 10, 20, 30, 40) Fmsd AMEFS, R T & AN R A K
PR AR AR SD1, A S I E s G B Dy R B E 2(a) BT,

5.2.2 River

Wl 2(b) Arw, River BIEEAE HHEOWN LA EO-1 #4510 &L isf£ 848 Hyperion AT K4E
RPImE MR B4 SRERIN (8] 4502 2013 4F 5 H 3 HY5 2013 4 12 H 31 H. SEEIMRE S 463x241 4
(3, FAMEFEE 242 MEEE, WAKSEEDY 0.4~2.5 pm, RPN 30 m. 7EZRRME S BB, 7T
FH B 4% 198 /. TR0 2 B0 (b TR0 05 AT B 0 L
5.2.3 Hermiston

W&l 2(c) BT, Hermiston #4500 5% 1 P IR G B2 s R0 T2 EO-1 il s i) ot
PR EE Hyperion SCAER), SRAERF RSB0 2004 4E 5 A 1 HE 2007 4E 5 A 8 H. SIEEG OGS

390200 MEE, MEREE 242 DB BAKVEEDY 0.4~2.5 pm, ZE[A 73 HFR0Y 30 m. £EFFREE
FEBEE, AT FBBRI R 198 A, RHR I L EAR A AR AL A AL

1) http://speclab.cr.usgs.gov/spectral.lib06.
2) http://www.hypercomp.es/hypermix.
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B 1 (MEMFE) TEHES SD1 PREEGKHTMFEE. #1~#9 0 (a)~(1) 2% 1 BEKKRTL
HXNHFEFEE; #1~#10 F (j)~(s) 2% 2 BEGMRTRANENFEEE. ATHETGTREK, FEE
(b) 1 (c) FHIEBHMEITREEMIEMBIZNE (k) 1 (1) FiR; FEE (e) M (g) PHIFBMEITRE EHRNZI20
B (n) #1 (p) Fi7m; Eoh, FEE (i) PRI ETBEEWRRNE 0, TRHFEEE (r); FEE (s) AE 2 BE
G FERTT 410 WFEE; FRinTFEEEERERGPHRFFIE

Figure 1 (Color online) Endmembers and abundance maps in the two images of SD1. #1~#9 and (a)~(i) are the
endmembers and their abundance maps for the first image; #1~#10 and (j)~(s) are the endmembers and their abundance
maps for the second image. To create subpixel-level changes, some pixels in the abundance map (b) and (c) are increased
to the map (k) and (1), respectively; some pixels in the abundance map (e) and (g) are decreased to the map (n) and (p),

respectively; some pixels in the map (i) are decreased to 0 to the map (r); the map (s) is the abundance map of the newly
appeared endmember #10 in the second image; the abundance maps of the rest endmembers remain unchanged in both

images
(b) ()

2 (MEMFE) HERREESEIRREMSSEENARE
Figure 2 (Color online) Pseudo-color map of the images contained in the simulated and real data sets. (a) SD1; (b)
River; (c¢) Hermiston; (d) Santa Barbara

(s)

(@)

(2)

5.2.4 Santa Barbara

& 2(d) PR, Santa Barbara $E 5 HT 605 P IR EME 2t AVIRIS AR IR E SIS R R0 X
(Santa Barbara, State of California) 1%, FA5EMF 8] 737118 2013 455 2014 4. 4318 EE A5 984x 740 4
BER, BMEROS 224 DB FELBRUE S BBUG, PTHIBORI A 205 4. BEH) E 2R REYR
T,

5.3 SEHEURMESIE

TERH ADMM SRR (9) ZHf, FELMIGILEEIERE A, 5 A, FHTE oL
LTS K, "R (9) WISRIEREFE. Ak, AN 670 K = 50, 100, 200, 300, 400, 498
i, BT SRR SD1 B 4E EratERe A tk. Hih, K = 498 il E RAE B .
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Table 2 Sensitivity of the proposed algorithm to the parameter K with respect to the SD1 data set

SNR = 20 SNR = 30 SNR = 40 SNR = 50
K OA Kappa Iy OA Kappa F OA Kappa F1 OA Kappa 1

50  0.9500 0.8707 0.9046 0.9995 0.9986 0.9990 0.9999 0.9996 0.9997 0.9999 0.9997  0.9998
100 0.9442 0.8555 0.8934 0.9997 0.9991 0.9994 0.9999 0.9996 0.9997 0.9999 0.9998  0.9999
200 0.9429 0.8524 0.8910 0.9995 0.9988 0.9991 0.9999 0.9998 0.9998 0.9999 0.9997 0.9998
300 0.9398 0.8441 0.8850 0.9995 0.9988 0.9991 0.9999 0.9997 0.9998 0.9999 0.9997  0.9998
400 0.9320 0.8241 0.8702 0.9994 0.9986  0.9989  0.9999  0.9998  0.9998 0.9999  0.9998  0.9998
498  0.9290 0.8164 0.8645 0.9993 0.9982  0.9987 0.9999 0.9997 0.9998 0.9999 0.9997  0.9998

. 4 & O0—6—@ 2
© 0.9999 o’e—e/v\@\g
) : @
g 0. .
3 0.9998
=
zo.
5 0.9997 ¥
01 05 1 5 10 50 01 05 1 5 10 50
A 2
(® Legend
‘ . oo —6—0A
g q 2 3 : —<— Kappa
308 0.90 Fl
e 0.85
=07 0.85 ' MJ
0.6 0.80 0.80
05 1 2 3 4 5 0005001 00501 05 I 5 10 50 100 200
2 A A

3 (MEEhMFE) PR EAETRIRIRE LM REEIRMEN S B EHIFR
Figure 3 (Color online) Evaluation indicators of the proposed algorithm obtained on different data sets vary against the
regularization parameter. (a) SD1 (SNR = 20 dB); (b) SD1 (SNR = 30 dB); (c¢) SD1 (SNR = 40 dB); (d) SD1 (SNR =
50 dB); (e) River; (f) Hermiston; (g) Santa Barbara

2 HIH T R I B S A ORFEINE S ) SD1 BiE4E EXF S8 K MBURMESLIe g 1. T By
B AT AZE S VA AR AS I SVE RS R 5 A 112, 3R 2 AU T 509516 OA, Kappa M1 Fy {8, FT3F
AR S K 7B AR EIE AT LR, 7R — SNR R, [F—HFEFrE S48 K 1
BACFHAK. ALY SNR = 20 dB, HZ4 K FIHUEIZLR] 300 LA B, LR OA, Kappa A1 Fy B A4 BE
FH K B30 IR B R BRI, G R — S5 R R AT R = e AR R (1 R K LR
mi, BT TR IE A A R, RILUCRC S s RS KR35 N4 68 3 2 IR ITEC B, X
SR VT 1 2 0t 22 557 P (RS 0 A VR = A T, 3 AR AR e AR AR I (PR 5. DRI, %o g s i
J5 PR 1 v e s R A A I 1), 40 K AR THUR S, LB MBS, k2, 8 K 7]
DAL B AR /N —28 (Ebd: 200 BAPY), DAIgZb R DG FE ' 3 o) A8 A AS RS 5 (1) 5.

WIRTSCHTIR, AL (9) FRIENIZSE N BUBUE &5 Bk RE P2 A oM. Ak, AN 4k 4Lt 7t
N WHUE R AR, Frie B SEEAN R BRI R . B 3 B T it b SETEA R s
£ FITERETRAREE I 0S40 A BB L. AT DUE W, SR BE AR AR DG T IE WS40 A EUE
BN, T H, 3T R AR AR, & A F A DU T W S HCE A AN R EUE X ), B, T
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Table 3 Indicators of the algorithms obtained on the synthetic data set (SNR = 30 dB)®)

Algorithm CVA RCVA c2va SVM KNN IR-MAD PCA-Kmeans GETNET SUCD SALA mintreeCD Prop(n) Proposed
OA 0.9462 0.6082 0.9098 0.9584 0.9484 0.9415 0.9309 0.9817 0.9988 0.7651 0.7757 0.9958 0.9996
Kappa 0.8608 0.0744 0.7375 0.8862 0.8516 0.8487 0.8150 0.9528 0.9969 0.3923 0.4198 0.9891 0.9990
P 0.8969 0.3084 1.0000 1.0000 1.0000 0.8881 0.8152 0.9624 0.9977 0.5516 0.5718 0.9988 0.9989
R 0.8976 0.3990 0.6556 0.8411 0.8030 0.8885 0.9116 0.9679 0.9977 0.5514 0.5716 0.9851 0.9996
F1 0.8972 0.3479  0.7920 0.9133 0.8830 0.8883 0.8607 0.9652 0.9977 0.5515 0.5717 0.9919 0.9992

a) The number in bold indicates the maximum value of the corresponding indicator.

A AR FE AT AR AR SD1, HOX B (1) A & 1R W S EUE TE B M (5, 50), % HUE G Fl 2= B
W 75 58 B (1) BRI T oK. thAh, X0 T SCdE4E River, Hermiston 1 Santa Barbara, 5% B BETE bR
BEHEZH N BUEAR A AN FRRFE 3D, e8I A 1E TR S EO0DUE TG A 22 80k, LLi: Santa
Barbara X M )43 1E N S BEEFIHER T, {6 Hermiston i M 403 1F ) 2 HCHUE i B ) R 45
XT3 1 DU S R AR v Rl b (B 4R, 7 Bt i Sl AN 4 e i e A D IE I 24 K 3
AT PUE ), &S EESE SD1, River, Hermiston F1 Santa Barbara F)1E NS EHUE 5N 5, 3, 0.1,
100, PRI R SCH SE5S Heok R I S 30

5.4 XL REER MR

AR/ 38 T Ll S I B0 I BT Bt A TE A R B4R B e, o, IR BHRDE KNN,
SVM TERANEHE AR B mlBENLIESRE 25 N IE . SOREARYIZR 7 588, Mt BE NIARYE SC & Ak k47 2
B E. BT GETNET HyErJE A 7E Hermiston A1 Santa Barbara Z(E £ F TR, A w2
TR (24, 25) AT SEORE. BUAL, 158 & EE 4R BRI A 1 DT RGOS FE T, BRI Y
e 5 R AR R T RE UL A6 HE P2, BRI R SD1, River Ml Santa Barbara 33 £ Fir K F 6% 1%
JEIEI AT USGS 19953 61 2215 1), Hermiston HHE 4 i T8 B IR BB Ko A5 B, B & a2k
B — HAE AU oIl Be e R, R EO GG RN % 18 T Alg ook, FLUUAC G 2 2w it 12 59 R
MG IC AR B0, SR T RIFRARMESS N 20 UM B S SR 1P I (A.

T, KT SD1 $d 4R, sLi R HAE M /KT SNR = 30 dB g By tERe KB % 3
BT BT th A ) b RATE B E 4L B BEAR AR, R 3 B E XS LT U ) BT
FEAERERAZE . Kappa 230, ARIZE, DL Fy BT T3 HORE, (EE B HEZR 7 A T C2VA,
SVM FIl KNN 5k, X R0 Fri AR AR R 45 R 5 BB i — 8t i, HEA SRR
ROAAE AT RS 2T SVM Fl KNN 3% (H2&, C2VA, SVM Al KNN Sk % R AS 2 & LA = 1)
TG FNAM S R 1. ARt RS, CVA, RCVA, IR-MAD, PCA-Kmeans, SALA 1 mintreeCD
L ARSI FR PR AT R 2 (R A2 RCVA B3%), 1 GETNET Al SUCD Hik A Fa bR 4, i
B =i R AR R 5 B B TR A A A I A

Bl 4 J@7R T BTt B EE AN S 0 LA AE SD1 HdlR 4R AR IEE R, N E S E 4(n) XL
Rl DUE H, B EE LTS T B S 2% E e e — SR AR R I 25 . HECZ R, RCVA Y
IR R T AR B, B R 2R AR A 2280 m; C2VA, SVM Al KNN Jiifsr [ ¥F 2 80 FAZ4L,
XS5 E 3 BT —EH); IR-MAD M1 PCA-Kmeans 778 22 8 o (1 XA AG I B 45, CVA
JRUESPA TIRAS AN AR 2, (R SRR DRSS = BE T RSB ) SALA 5 MinTreeCD SHEIIHE
DAKE IV AF e 2 RS AR Ak B T /D BENE S5 4, GETNET, SUCD AR 25 2 488 Ui it 374 i 552925 U1 B 45
T 5 AR A T AR ARG 4

3) http://speclab.cr.usgs.gov/spectral.lib06.
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Figure 4 (Color online) Change maps detected by the algorithms on the synthetic data set (SNR = 30 dB). (a) CVA;

(b) RCVA; (c) C2VA; (d) SVM; (e) KNN; (f) IR-MAD; (g) PCA-Kmeans; (h) GETNET; (i) SUCD; (j) SALA;
(k) mintreeCD; (1) Prop(n); (m) proposed; (n) reference map

(k)

# 4 BHKE River R FAOtEaLIET »

Table 4 Indicators of the algorithms obtained on the River data set®)

Algorithm CVA RCVA c2vA SVM KNN IR-MAD PCA-Kmeans GETNET SUCD SALA mintreeCD Prop(n) Proposed
OA 0.9440 0.9466 0.9276 0.9263 0.9392 0.9464 0.9387 0.9444 0.9513 0.9624 0.9604 0.9586 0.9640
Kappa 0.6475 0.6766 0.6601 0.6496 0.6391 0.6621 0.6607 0.6914 0.6933 0.7633 0.7504 0.7391 0.7733
P 0.6775 0.6772 0.5474 0.5606 0.6308 0.6914 0.6132 0.6391 0.7201 0.7836 0.7719 0.7614 0.7929
R 0.6788 0.7372 0.9620 0.9065 0.7229 0.6916 0.7995 0.8288 0.7198 0.7723 0.7842 0.7622 0.7931
Fq 0.6781 0.7059 0.6978 0.6877 0.6724 0.6915 0.6941 0.7217 0.7200 0.7721 0.7839 0.7618 0.7930

a) The number in bold indicates the maximum value of the corresponding indicator.

()

5 (MEIRKE) SEELE River BIRE EMTHIGMLZER
Figure 5 (Color online) Change maps detected by the algorithms on the River data set. (a) CVA; (b) RCVA; (c) C2VA;
(d) SVM; (e) KNN; (f) IR-MAD; (g) PCA-Kmeans; (h) GETNET; (i) SUCD; (j) SALA; (k) mintreeCD; (1) Prop(n);
(m) proposed; (n) reference map

F 4 P T PR EVE RSN L EIAAE River 045 EROMEREEARE. R 4 R IIBUEST EaT
DUE H, BTl A AEHER 2 . Kappa REL. Bk, DL Fy [HJ7 TSm0 LR, AR A B2
KT C2VA, SVM, PCA-Kmeans fl GETNET 5. 1X 3B BT th Bk AR il 45 3R 5 | s s b
() — 8t i s, HEA SARREER, EIRR T i T C2VA, SVM, PCA-Kmeans fl GETNET
Bk HSE, C2VA, SVM, PCA-Kmeans 1 GETNET 5095 (1 15 73 [512 72 DL 26 A % AR 45 31 1)
TEFIREEH, CVA, RCVA, KNN Fl IR-MAD 8- 1 E2e 5 A [l 2, (HAH R 3 BUE AN =,
SRS P AN = MEEZ T, SUCD, SALA, mintreeCD LA AN & = B 288 W 0 4 R 5092 S A4 6 A
PR, HA i T g S [l 2R

Bl 5 BN T FTHE SRR &5 LU VA TE River 248 BRI IGINSE . N5 S %K 5(n) KI5T
Ferr el LA, BT H 2 IR AR ARG &5 R TG V8 S 75 TOHR 1) B U A X 5, 3B R 7R P AR AR 4L
Xk, #REMH - 5SHEREF 78 HIKZ T, C2VA, SVM, PCA-Kmeans f1 GETNET 4 HI7E &5
BN A AR A DX G I B 1 22 D A8 4k, EDIE T IX S8 BV i ) 3 TR SRR R 2 7B 2R CVA, RCVAA,
KNN Fl IR-MAD 7E &K T 4052840 R B, A 21— L6 0y A8 fb,, IFBA T 1% L BETE A [ AN A dE 5 TH
I A A2 ; SUCD FIFE T A B R SALA LA A mintreeCD By NI 2K T Y2 B ELR AR 4H S 1
AN R T B SRR T R A R S i Rk, (HHERGIAE EAMR T EZ AL, X
T B = AR T SR T DA — s R M A 1) £ A A A
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Table 5 Indicators of the algorithms obtained on the Hermiston data set®

Algorithm CVA RCVA C2VA SVM KNN IR-MAD PCA-Kmeans GETNET SUCD SALA mintreeCD Prop(n) Proposed
OA 0.9736 0.9743 0.9782 0.9498 0.9779 0.9791 0.9761 0.9843 0.9744 0.9744 0.9782 0.9850 0.9857
Kappa 0.8819 0.8857 0.9041 0.7466 0.8955 0.9064 0.8927 0.9297 0.8856 0.8853 0.9025 0.9327 0.9360
P 0.8969 0.8953 0.8990 0.9130 0.9710 0.9183 0.9081 0.9377 0.9008 0.9144 0.8993 0.9411 0.9439
R 0.8972 0.9056 0.9349 0.6718 0.8527 0.9185 0.9048 0.9396 0.8997 0.9156 0.9007 0.9415 0.9444
F1 0.8970 0.9004 0.9166 0.7741 0.9080 0.9184 0.9064 0.9387 0.9002 0.9150 0.9006 0.9413 0.9442

a) The number in bold indicates the maximum value of the corresponding indicator.

B e (MEMFE) EEATE Hermiston HIBEE FMNTHRNLER
Figure 6 (Color online) Change maps detected by the algorithms on the Hermiston data set. (a) CVA; (b) RCVA;
(c) C2VA; (d) SVM; (e) KNN; (f) IR-MAD; (g) PCA-Kmeans; (h) GETNET; (i) SUCD; (j) SALA; (k) mintreeCD;
(1) Prop(n); (m) proposed; (n) reference map

% 6 &EEF Santa Barbara ¥iEE FRYtREISHR ¥

Table 6 Indicators of the algorithms obtained on the Santa Barbara data set®

Algorithm CVA RCVA C2vA SVM KNN IR-MAD PCA-Kmeans GETNET SUCD SALA mintreeCD Prop(n) Proposed
OA 0.8703 0.8635 0.8321 0.9215 0.8832 0.8720 0.8562 0.9086 0.9260 0.8522 0.8607 0.9183 0.9323
Kappa 0.7298 0.7148 0.6503 0.8374 0.7458 0.7334 0.6858 0.8146 0.8449 0.6905 0.7083 0.8297 0.8590
P 0.8240 0.8208 0.7763 0.8763 0.9372 0.8266 0.9142 0.8239 0.9053 0.8112 0.8219 0.8832 0.9004
R 0.8523 0.8353 0.8049 0.9321 0.7545 0.8538 0.7002 0.9764 0.9066 0.8136 0.8245 0.9129 0.9309
F1 0.8379 0.8280 0.7904 0.9033 0.8336 0.8399 0.7930 0.8937 0.9060 0.8124 0.8232 0.8973 0.9154

a) The number in bold indicates the maximum value of the corresponding indicator.

5 BT BRI BRI &0 EE BV AE Hermiston BUREAE EEOVERETRARE. WK 5 o Kt
ELAT LLE Y, ATt SVEEMER R . Kappa REL. AR, DL Fy 85X E T 5 b A, e &
7 BSAK T KNN Bk, X R B prde th BE 1Ak 45 R 5 e i) — itk i s, HABAA &K
HOIRAS 2, A AE REAS Ry T T KNN B9 {H2, KNN SEH A [l Rz A n frde B i B SVM
PLAMEG LU AR, R LIRS R 5. ERIREES, SVM R ARKE IR B i Ik, GETNET HiEFIA
B 35 AT IR A S SRR RS FE S TR SR O BRI, B RGN R S H H %, HAh
VPSRRI B2 5 B3t B AR 2 A K, HLRR AR B i P B v e 5 4 [l 323X — SOm] DAACEATTAH
EANZH) Fy HPE .

Kl 6 JERs T TR B R A & 0 U B9 #E Hermiston 2R 4 LA LAS I SE . NS5 S %K 6(n)
XS LR AT LA B, GETNET 5 A8 =5 FE AT R b 50025 DA S B 8 W R0V AR AR il 46 SR B 17 0
VRSN, FIRAAAEN I I 52 EIRFE T — 30 B, SVM, KNN ZEEE AT, |k
W A T EIRA TV 2 AR X, XA EE T E AR A [F1 % IR-MAD NEAE 142 T XA
fk; M CVA, RCVA, C2VA, PCA-Kmeans, SUCD DL FEF A EMER SALA, mintreeCD Hy%: ] fE 4G
H T2 D0k, X2 T AT A v 2R L At R K — L 1 S A

%6 B T TR L ELVEF &0 L BLVETE Santa Barbara R E FAOTERETRFRE. W 6 T HIBUHE
XTECRT DAE Y, BT R HER 28 . Kappa R T3 T4 L ARDE, (EAE S HER 7 KT KNN
M SUCD %k, 78 8 M ZJ5HAL T SVM Fl GETNET k. X % Uz 0L A i 45 5 5 &
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Figure 7 (Color online) Change maps detected by the algorithms on the Santa Barbara data set. (a) CVA; (b) RCVA;
(c) C2VA; (d) SVM; (e) KNN; (f) IR-MAD; (g) PCA-Kmeans; (h) GETNET; (i) SUCD; (j) SALA; (k) mintreeCD;
(1) Prop(n); (m) proposed; (n) reference map

SEAR A ) — B S, (BRI A R A 5 T X AR B AR, SR, £ A B MA RIREN F EHYET
X P B, 3R B AT B AE ST R R AR RS 7 T ) 45 A SO B . BE LA, KNN A PCA-Kmeans
LSRR B, HEAN A BERERRAC, RF MR RIES; SVM Al GETNET 5k A [Fl1 %
B, (HEATMEERER, R EAIR RS T it EE. ERREET, CPVA 1R AR I
FE . AAER A R 7 RIS AE A CVA, RCVA, IR-MAD 53T HE&EMM SALA, mintreeCD
FHERER G RIZER AKX, 1Tt T Fri th 5%, SUCD MR & RIS Frie th SA SO, 72 B
FYRASE (1) P48 5 T . R AT

K 7 R T PR EE AR LR E Santa Barbara B4 EAILAE IS R, NS5 %
Bl 7(n) WO EEHR AT DUE )BTRS SRR AR AR I 4 R AE A 5 53 B 1) — S s, SUCD Sk
W2, M SVM R ¥ 2 T, KNN fil PCA-Kmeans SR 7 — o4 s 2 4b 19 X 38, ENSE T8
ITEA AR A A1 ZE; CVA, RCVA, C2VA, IR-MAD, GETNET #1 SALA 7E ARARAL 1 X 8 je 46 7 4
2T, T mintreeCD NS H 7 VR 2 AR PR IX S5k, EDIE T E M TRARI &SR, RE SVM,
SUCD F i th AR — Lo R AR WAL Te e R A4k, (HE AT Rl 46 5 5 2528 TR A — Sk s . 17
AN = AR T 11 9 R RV B A 5 SR 5 B R BV AR b, B T 2 B O AR B R Ui B
W7 SR ] LAYE — e FR A B4 D AR A A

g5 b, ARSCHr R B SEAAE ) AR 5 I 3 MR ML SR 48 3 PS5 T EE I 22 A Kappa
AL, R HARRT IS R B SR  — Bt e . RAE TR B R B R S A B A LA
B, (HERG EHERNH BRPRE) Py AT X E, R RE A Tt R R A A
T3 RIS B T T 1T, B Bk . [RIRS, i Al b SO0 3R B A ST AT 1) =F RE AR T SR s T LA
SRk U ) RS ATk, AR SR S A P [ R e D' i AR A A v R A R L S A .

ASCHE R R BAE R AT, 10 22 I AR DG I8 RGAAR 22 7 B, 5L 1 T O R AR A e
LD BB AR IR O 1 ST AR IR KIS L, A SO T2 (W] UL C B AR R T LRSI P, I
Beit 7 AR T e TR ML ML A AR Y. A, R i 1 I IR 5 = P A
[, ARSI BTE T N R AR S AR 45 R AT 5 R ERAT, DA AR Bh b oo AL A s I
SERIIFE . A2 5N OS2 LIRS Bl seis 45 SRR W, AT i i 502 T US55 SR L i
N BRI A5, HRENS B T R T A AR . AE R R AR, FATRE 2 — PR =
Jei R R AR TR {5 BT A 18] E 1 A5 20 A2 A Al A AR AR A .
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Abstract Hyperspectral change detection can investigate whether ground objects have changed, while
hyperspectral unmixing can investigate the (subpixel-level) composition of ground objects. Therefore, unmixing-
based hyperspectral change detection can not only investigate whether the ground objects have changed but also
provide more accurate detection results using the evolution information of substances. This paper first reviews
the linear mixture model of hyperspectral images and simplifies the linear unmixing model based on the sparse
unmixing idea. Subsequently, the direct change vector analysis is used to analyze the sparse unmixing model
of multitemporal images, obtaining the collaborative sparse unmixing-based unconstrained hyperspectral change
detection model. Second, a matched spectral library is constructed based on the subspace projection to alleviate
mismatches between the spectral library and hyperspectral signatures. Third, an alternating direction method
of multipliers is designed to solve the unconstrained change detection model. Fourth, an adaptive abundance
truncation strategy is designed to aggregate the unmixing results to obtain the final change detection map.
Comparison experiments on synthetic and real datasets demonstrate that our proposed method can not only
achieve high-precision change detection results but also maintain an excellent balance between false positives and
false negatives.

Keywords collaborative sparse unmixing, change detection, matched spectral library, alternating direction
method of multipliers, adaptive abundance truncation

2300



