, 2020, 35(4): 963-976 http://www.jnr.ac.cn
Journal of Natural Resources DOI: 10.31497/zrzyxb.20200417

K =2 (B8] B A X MR & 48 A SR
2z Atpy T

K ELF OELFERDH R REEFE
(1. T RN F AR UE ), B 5T 21000552, R SIS R A BB 2224 B8 , R 5t 210023 5 3. B iR
HEAD b BRI R B R S, H A 21002354, VLR HOBEAE B S IEIT & S A DM R AT e, B A
210023;5. g 5T A LRBC AL B G B A 210029)

FEE: A EEA R s MR 8 R, R e zs ) BAT A R
FEI e 1) s 8] A AH S, X R A 1A W e 1 s SRR R b BB B . 3EF 20164 2017
AR I R I TSN AL 25 3.2 m 2O R R EUR, X EE AT T 5 AR Ak e £ 23 () FAH DG
FEENE Ry BUGARRAE 5 1 FH b AR TR PR g . 1 S PR IRGE B RGO s 28 f 1) 17t 1) SRl
G484 Moran's I fll Geary's C =70 7Zs ] [ AH SCHE 4L, SR )5 0 8 38 142 FAs il i g 8 25 i)
[E) B (Lag) 5 B R AR FAHOCTE 5k, 25 R30I - (1) G2 fb i) 2 7 25 (] b LA 0 35 % IEAH G
P, (2) 42 J7) Moran's IFI12Y: 5 22 BRECHZS & 7] LA 2 B %) Lag 38 . (3) A3 AR b ) o 1y 36
Bt AR G A8 H0RN Ry 8 Moran's TRESEHE = KA B, F1 43 AR Wi 0 T/ 3 - (4) 700
AR A ) A2 0 JE A LI A AL Lag Y6 N 18 R G 18500 R B EMGARAE , FLA bk U8
AR b R T 20% L 1o Al A E A S B R RR 2 R )8 G 1R B b 18 B
AGARAE AT AT 5O R e 375 P DX 3 A R M ) 2R A A RS 1

SRR BRI 5 23 W) A DG ; JR G AR B di F b s + b 55

b D A A S 2T B S e R P R P R AR A . ARSI Y IR
PRI 2 0y i FH L R KR BE . B B 1 E i FH M I AR e . i 2s [a) 4y
B RSB T S PR ) e b (5D, AR ARG TN X T 30 i A ] Pl o ] B
B RAEERE L,

235 () 1 AH CFE M AR 78 4340 X VTR AR EARA M, 2 B) 47 2 B A DG PR R R ™
25 (] AR S 1 BE 0] 0 4 Jry s (8] | AR SRR dR 2 0] | ARG . 4R 2s 18] A A G HR A ik
MG B EEARIT A IGO0, FIBT IR R AE X BN & A REEFAE, (DAREHI I HhTs R AE )
g Jmdlas i) A A H R SRR Y BARN B, FEAS [0 B IR A5 iz m
M. W 2SR AR A8 ECA Moran's 17, G HI Geary's C7', 4= J5) Moran's 1 FH 2K 15 BH 7
IR SRS HA S [B] HAHSE, JaEh Moran's 1 TR R 925 B3R 4L, IE(ER/R 28 [A]
JC SRR EARRL, FUERRAAELL. R GHEEUH TS, s E R ERIE
RE, RENEEFRRSERE, BRENTEFNMUERE. JHE8 Geary's CHITHRIME
R IX BRI A

KRS EHA: 2019-02-27; EITHHEA: 2019-11-16

E®WH: EEARFAEETH (41471283)

EERA: K (1962-), B, IHmaA, AB, B TER, BT 2 HIENE ., E-mail: 93126347@qq.com
BIES: FEAF (1965- ), F, WACEHEA, W, 282, BLAESI, FF5007 1 R S

E-mail: weiyuchun@njnu.edu.cn



964 H % % | % i 35

TERE G, 23 ) F AR SCHE BN EE AR R e AN Tr T . (1) @R, B
Feft AR SCHE B T I RS B T 02, LA WIiE A —Buisgms ™, A i
J&Moran's [, HUUE GHEEL, WHFER IR RS 8] B AH AR N SRS TR RE S 4 &5 70 26 G
B (2) mBIERARKEIN . J2 AT R 5 0 R AR, FHAYIEIR AT Landsat TM™/F
SAR™., H Al B HEECH 42 )5 Moran's 1, P58 B 42 Ja 23 ) FAH Ay — T sl L
SRR AT 7 12 1] AR A B 1 ) M 7 i 2R A o A5 v (P s ) 0 25 £ 2 S 15 A
I, mss B PR ER LM 7RO TR AR B, ok, B A A )0 A S
B RO | 2 ARE, R ER B9 25 18] F AR SCPERYRRAE o ey A7 20t ik 1t P
GRS (8] ARSI R AL i S W B M R A A B DB RUHSARFALE , 75 2 2 BT

ARSCHET PP AL 5L 25 2203 R PR G 5 PR 1B O 1 A Al 1) 8 A 23 18] [ AR S B
XS AR ARSI BE A2 o T T R ST sy =S SR DX P, P X A2
TXFHERACEIG (Lag) i F AL o] AARSCHR R, X33 T T RISk

RO WIRFS 4 GRSl

1.1 B3 AR S 4R SRR 118°40 118°50E
P I A A U X RS S 7&/

(B 1) o X3k 1A F R m P8 AT PRS0 o IR0
VDB T A ER VDU, Ab T R B VR VT A ST
RIRREEN E, e EARRIE RS . T E
I3 A AR AR TE K 0 R e AR SRS . 20124F
Joi R R R I, MR R A T W
B AL . DX 2 FTDX 38 3 40 5146 R v A8 IX By dL
ERAIHER, 2R X 2015 4E i R R E A, HL R
FEAN R E R P R H R R AL A A A
TRVEETIX, R R e PR i i

AN DRI M B 55 AR A SR AR FH b Y ik
DR T HB I BE N DX iy ) b e 7 55 R
R S AR, TFAFER . F2. %5, 1)
s b B S B84 B WF9E TR g T 3 0

BEFILR 2 Sk PR T A g T T o o e sy
RGN, B R BSALIETE . G LDRELLA A B
EUR A2 153 HF% 0 3.2 m, ZRECH 320000 2016 4F- 11 H 27 HAI20174F7 H 18 H ., =4
X3k A 5 DL I 2~ 4, Horp ARfE B N T AR 2 SR . 52016441 L, 20174E9F T
AR Hb S LA B S
1.2 BRI

ol FH 3 128 A i) i 9 B 0 S kA T R FH b g AR A A

T Y PG B B AR A e e, BRI ) R A SRR A ) F AR SGERAE, SRS
SEMNERIXAE W o 28T 028, RIS AR IX . e, AR Hb ) A9 J LA R AR
AN, BNT 10 MG I I BER R BEEAT 220, P A 28 AR A (4%

32°10N
32°10'N

WHX

320N
32°0N

TR
0 7.5 km
I

118°40E 118°50E




4 sV S RS TR] FURRSCTE R i R AR o B ) A A 965
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Fig. 2 True-color image and change of ground truth with 625 rows x 625 columns in the first area
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Fig. 3 True-color image and change of ground truth with 625 rows x 625 columns in the second area
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Fig. 4 True-color image and change of ground change truth with 1250 rows x 1250 columns in the third area
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Table 1 Confusion matrix for change detection accuracy assessment
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F2 MIRX 1T EERNEFE Moran's I, fRfEL ZEFPE

Table 2 Global Moran's 7, normalized Z value and P value of the change vector in the first area

Apfln) 4= J5y Moran's / JifBik brifk Z A P{E
S B 0.87 BEHL G311 872.68 0.001
IER A 872.68 0.001
SR 0.85 BB A 853.73 0.001
B 853.72 0.001
B 0.87 BRI A 872.44 0.001
Nyl 872.45 0.001
EH e 0.83 KEHLA> A 831.66 0.001
B 831.66 0.001
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Fig. 5 Global Moran's / with different lags

A3 AR 1 A8 2 AS] Lag RS EiEAR f ) s 192 07 25, JFRBR AR R LA
—Ak, $RJG 54 )5 Moran's X}, DL 1 ), Gkl BoAR 4k 1a) & 10 2 J7 22 fl 4 )5
Moran's IXF LU 6 7R . Bl Lag UK, 42 )5 Moran's T8/, r 2=k, RA
NSRS 7St R/ N ST S i1

T EEREASE, B EMNL S 4R Moran's THIZR 277 — A28 05, FATA X A3
UM T A A OGS A8 S P, 7R Lag (B A4S Bl N BAT S B0 0 A AR DG . 0T DX Jk
1, MER— BB DU B, 25 ilE 627, 556, SEl6M3H 420, Bgmm
Lag (87 MR EZ K AR B M2, WE—I BRI B, 383437 S
e, 556, 657, 435, [RIFHURS Lag {7 RHEZ0 AMKCHEE . B4 Lag



4 sV S RS TR] FURRSCTE R i R AR o B ) A A 969

a B BB b. BB
1.0 = ————— 1.0 = —
0.8 0.8
Moran's / Moran's /
206 Semivariance | E 0.6 Semivariance 1
S S
04t
04}
02}
0.2
I I 1 I I I I I 1 1 0 n L n i n n n n I n
1 6 11 16 21 26 31 36 41 46 1 6 11 16 21 26 31 36 41 46
Lag Lag
c. B=WE d. BB
1.0 - ————— 1.0 —_—
0.8 0.8
Moran's 1 Moran's /
g (G Semivariance g 0.6 Semivariance
S S
04} 04t
02} 02+
1 6 11 16 21 26 31 36 41 46 1 6 11 16 21 26 31 36 41 46
Lag Lag

K6 Xk 17284k a5 Moran's 75235 2219781k

Fig. 6 Global Moran's / and semivariance with different lags of change vectors in the first area
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Table 3 Multi-scale parameters configuration
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Lag=1 EINGS Lag=1.2.3.4,5.6 ZREE6
Lag=1. 2 ZREE2 Lag=1. 2. 3. 4, 5.6.7 ZREET
Lag=1. 2. 3 ZRE3 Lag=1.2.3.4.5. 6.7.8 ZRES
Lag=1. 2. 3. 4 EINET Lag=1.2.3.4.5.6.7.8.9 ZRJE9
Lag=1.2.3.4.5 ZRES
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Fig. 7 Change distribution with the multi-scale local G statistics in the first area
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Fig. 8 Change distribution with the multi-scale local G statistics in the second area
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F4 XEI1FXE2 AERERS GRS EITME

Table 4 Accuracy assessment by the multi-scale local G statistics in the first and second areas (%)
X3k 1 X3 2
EIN; 3 X " X "
A A F15351 A4 iR F138L
1 68.6 82.9 75.1 72.6 76.2 74.4
2 72 85.1 78 77.6 78.6 78.1
3 76.3 85.9 80.1 81.2 79.9 80.6
4 79.4 87 83 84.1 81.6 82.9
5 81.9 87.7 84.7 85.7 84.2 84.9
6 84.2 87.5 85.8 86.3 86.7 86.5
7 87.6 88.9 88.3 88.6 90.1 89.4
8 84 87.4 85.7 86.9 88 87.4
9 84.3 84.8 84.6 86.1 87.7 86.9

fE (F5), XFHa AR mZE R (F9, K10), e A MSIEE.

MEOFE 10 ] LAE H, B4 LUR IR BRI GREiE Be i 28 4k ) A R ARRAE, Az
iR/ R Z (K9 FE 10 F 45 A), AR Geary's CJa 45 R I %A X
A JRER G 8 ECM R Moran's 15 /NEIBEW D, IR G 48 B RGN 25 SR 5
(9 FIE 10 RS C), KB R5ed, A Es I I B/l .

PO AL 10 A6 25 S AOKS BEPEAS A0 6 6 BT o IANIIESE IX ) RS R AE LA A FI D Y
AR | BRI FL BTG, CINAE % RN FL 8RS fom, K1 AX
B2 53510 87.6% . 88.9%. 88.3%41188.6%. 90.1%. 89.4%, Wik &, fli A kiaEi
JrrR 2 (8] F AR CAR B RE ST S AR A I FRORE FE . =88R, DURES GHREC I, M
Fo T R e B A b ) AR ARG (6 P AISR"S A, X8 1R X3 2 4G 25 SR )
BR AUERMFL 0B R T 25.9%., 15.1%., 21.1%124.4% . 17.6%. 21.3%.

NI ey B2 ] [ AR SR EO RIS FE B R TR A5 o DA DX 38 1 R DX 38 2 F A 2
RGOS, ARk 2 0 R G 15 B0FN 53 Moran's 7485506} #2152 FH Hb 28 fb G
ALK, R Geary's C HSZIHLES .

J T MR B 5 R s A A AR B R, DUB S A S{EAE
FAEAE RS X e K Lag o0 7 B = AN25 (8] H A SCFE BUR WL 22 S e T o B854 A
Bedlp= A 28 NI, 45N 11 Fios

x5 BEBRHIASERES

Table 5 Feature combinations and codes

%' S3 TIPSR FFAF 4 i
A RIS G e B AR Ak ) 4
B 75 Al 1) H55 =58 Moran's 195 4K 32
C ARy AR G 84K 32
D ARA ) R AR Geary's CTEEX 32
E Al JR# Moran's THEEUNRHS G a4k 60
F Apfblal i RS Moran's T35 5URIURHE Geary's CHRAL 60
G AL R Geary's CHEEUHURIHS G 4% 60
H P Al ) R = AR A ) AR DGR AL 88
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Fig. 9 Change distribution in the first area by different image feature combinations
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Fig. 10 Change distribution in the second area by different image feature combinations
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Fo XiE1FXIE 2 REHHEA S B LA E T

Table 6 Accuracy assessment by feature combinations in the first and second areas (%)
X J5f 1 X 35 2
-~ - X Jc
HAER AR F15380 AR AR F153%1
A 61.7 73.8 67.2 64.2 72.5 68.1
B 75.1 83.7 79.2 77.2 82.8 79.9
C 87.6 88.9 88.3 88.6 90.1 89.4
D 52.6 74.2 61.3 72.5 70.7 71.6
E 82.5 87.7 85 87.2 88.4 87.8
F 64.4 83.7 72.8 75.4 79.4 77.3
G 79.9 84 81.9 84.5 86.3 85.4
H 69.7 85.6 76.8 84.8 86.7 85.8
a. X31 b. X2
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Fig. 11 Local autocorrelation statistics and change differences in the first and second areas
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Fig. 12 Change distribution in the third area
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Table 7 Accuracy assessment of change detection in the third area (%)
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Detection of the construction land change in fine spatial resolution
remote sensing imagery coupling spatial autocorrelation
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(1. Nanjing Municipal Bureau of Planning and Natural Resources, Nanjing 210005, China; 2. School of
Geography, Nanjing Normal University, Nanjing 210023, China; 3. Key Laboratory of Virtual Geographic
Environment (Nanjing Normal University), Ministry of Education, Nanjing 210023, China; 4. Jiangsu Center
for Collaborative Innovation in Geographical Information Resource Development and Application, Jiangsu
Provincial Key Laboratory of Geographical Environment Evolution, Nanjing 210023, China; 5. Nnajing
Underground Pipeline Data-managing Center, Nanjing 210029, China)

Abstract: In the urbanization of China, construction land is generally distributed as a
continuous area, and its change shows distinct spatial aggregation leading to the strong spatial
autocorrelation, which is more obvious in remote sensing imagery with a fine spatial resolution.
Based on the TripleSat-2 multi-spectral remote sensing images covering Nanjing city in 2016
and 2017, the paper compares and analyzes the performance of remote sensing change
detection of construction land after we introduced the spatial autocorrelation index of the
change vector as the image feature. Firstly, the three typical spatial autocorrelation indices of
local G, Moran's / and Geary's C are extracted, and then the optimal spatial range of Lag and
the optimal autocorrelation index suitable for the change detection are determined. The results
showed that: (1) The spectral change vector had significant positive correlation. (2) The
optimal range of Lag can be determined by global Moran's / and semi-variance. (3) We used
the local G and local Moran's / with the spectral change vectors to increase the F'1 score of the
change detection, and the local G showed the better performance. (4) Using the local G with
the optimal range of Lag as additional image features, the /1 scores were 20% higher than that
using only the spectral change vectors. Fusing local spatial autocorrelation information
especially of the multi-scale local G as the additional image features can effectively improve
the change detection accuracy of construction land in remfote sensing imagery.

Keywords: remote sensing change detection; spatial autocorrelation; local G statistic; construc-

tion land; land cover



