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EHWARBENETEF ZEREFESEAETERR DTN LB EEEAK, &AM
KB A e 7wy 2 A JE S FaM L 0 FE i A TE] T 58 B A% ( geographically weighted regression-Kriging
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Interpolation of daily mean temperature by using geographically weighted regression-
Kriging. ZHANG Guo-feng'*, YANG Li-rong’, QU Ming-kai*, CHEN Hui-lin"* ('Hainan Insti-
tute of Meteorological Science, Haikou 570203, China; *Hainan Province Key Laboratory of South
China Sea Meteorological Disaster Prevention and Mitigation, Haikou 570203, China; *Ministry of
Education Key Laboratory of Tropical Horticulture Resources and Genetic Improvement, Hainan Uni-
versity , Haikou 570228, China; ‘Key Laboratory of Soil Environment and Pollution Remediation
Institute of Soil Science, Chinese Academy of Sciences, Nanjing 210008, China). -Chin. J. Appl.
Ecol., 2015, 26(5) : 1531-1536.

Abstract; Air temperature is the input variable of numerous models in agriculture, hydrology, cli-
mate, and ecology. Currently, in study areas where the terrain is complex, methods taking into ac-
count correlation between temperature and environment variables and autocorrelation of regression
residual (e.g., regression Kriging, RK) are mainly adopted to interpolate the temperature. Howev-
er, such methods are based on the global ordinary least squares (OLS) regression technique, with-
out taking into account the spatial nonstationary relationship of environment variables. Geographical-
ly weighted regression-Kriging (GWRK) is a kind of method that takes into account spatial nonsta-
tionarity relationship of environment variables and spatial autocorrelation of regression residuals of
environment variables. In this study, according to the results of correlation and stepwise regression
analysis, RK1 (covariates only included altitude) , GWRKI1 ( covariates only included altitude ) ,
RK2 (covariates included latitude, altitude and closest distance to the seaside) and GWRK2 ( co-
variates included altitude and closest distance to the seaside) were compared to predict the spatial
distribution of mean daily air temperature on Hainan Island on December 18, 2013. The prediction
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accuracy was assessed using the maximum positive error, maximum negative error, mean absolute

error and root mean squared error based on the 80 validation sites. The results showed that
GWRK1’ s four assessment indices were all closest to 0. The fact that RK2 and GWRK2 were worse
than RK1 and GWRKI1 implied that correlation among covariates reduced model performance.

Key words: daily mean temperature; geographically weighted regression-Kriging; Hainan Island;

linear regression.

IR WY A KRB RNEAIRER A
Wi B, M A KO B R R R 5 5 BUIR R R
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THRBR G BRI RV 2R R
A e K PEA ) S BERL
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25 10 b DX S 1) 25 T 3 % 30 J 9K TC it JE
P A5 P 0 s 223 18] e 30 e B R B 5 5K
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FELATIORIE AR I g 25 18] 73 A B HE I OB F2 22
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At YA S AL ) 4 1 D7 VR B0 B A A Y
W B R R, IR ARIR S B A B (A4
RIE AR R B AE ) B L [l H 3¢ R 1Y 5 E
WRENS HUAS 3 5 B0 RS BE, W 0] 03 5 HLAK (regression
Kriging , RK) 45 {H 28 J7 A FH A9 22k [ 051 i 02
FE T Fr /N T 1k (ordinary least squares, OLS) A9
2 Jay AR A % [ 9 OC 2 1 25 [l P A .
Ho B Jn A 18] 15 ( geographically weighted regression,
GWR) & — T 25 [] Ja 4 [nl 9 75 ¥, ] LA I >k 4580
FNEARZ 8] 5 ZR A P A b0t B fin AR Tl 15
0 LK% (geographically weighted regression Kriging,
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A SRy IR A3, T 5k 22 AT5 SR SR FH o B AR 4 (ELAY — Fh
IR 7127 Szymanowski %5128 Fff GWRK %}
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S TR 3.43%10* km®, J& KB & (& 1) 06 R S E
LAl 52 2R A 2 75 R 1) AR TR | b 34 rh
vy LI [ 70 ] 8 9 3 % e v U LA LU TRF AR 1867 m,
S ENEIRZY 190 m, LA B2 5 4 5 AR Y
38.7%. g 7 & M AL Py, Ja Pty 2= Ui, K AT T
FE OGRS R RN, RME R
61. 9% , Horf A7 AR Ry i — 2 R i A 452
Y 4200 Z 70, Hrb 1R RA TP 600 A3F, 25 FAE
Y2500 ZF ; i A= B HESh Y 500 Z 80, Horp B
RS2 ( Nomascus nasutus ) 7=t A 4 KA Z — .18
T By TR R R AR A SR AR e | #A
A5 QI IAE ) 7K SR AR 7= e b, T 2R [ e 251 R AR
7 T N T B A
1.2 Bk s f kb 3

W5 ] 302 A~ X H Sl & B 26
R HFERSIE (2013 4E 12 A 18 H) Kl &80
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Fig.1 Spatial distribution of meteorological stations in the study
area.

I . #4505 Training station; I $EYY Validation station.
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A ) P I B 8 SRy il )V R 5 300 SR B
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difference vegetation index, NDVI) i 2013 4F 12 H 18
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ANl NDVI UM R AL E 13 % 13 (R0 H 17 191
{0,
L3 Wik
L3.1 [ AR (RK) 4 HARAZ & 5 5 B 2 i
AR et Hbp R 5B A £ T
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OK) H#ER » Ab 5% 22 & () s feJm U (1) 15 51 v Ak
AT Z () . FIRRE T R 2 1A 5 BLAK .
Z(x0)=r;L(x0)+é(xO) (1)
ASSCHY HARAS 5O H P840, il B8 4
SLNE T R PR m EREEEE NDVI 7 A
At MRS S H P ORGSR
iz AnEl S VAR R SORRTESE RS NI TIEPS
2. [FIE}, F 5 2 & Bk A 7 (variance inflation factor,
VIF) X 4 B A2 1 2 [8] 19 3L 2 1k A7 K 36 % VIF
>10, WIS BRAH B 13 B 22 5
L. 3.2 B A el 58 HLA% (GWRK) M EUinA [m]
I 5 BRSO RK 42w [ (B 45 i GWR (1) Ry
T ] U P — A (5 12 A M BRI AR [ A A o
P o A0 B RS 6 A Bl AR 5 0 [B1H R AN FE
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DN AT e B A [l A 3175 2 Y 22 880 X AL B
GWR HAL .
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AR B R B p BN NG e (x) N
AR R 22 AR I ), EURT SRR

y(x0)=q(x)B(x,) +& (1) (3)
A :B(x,) IO E x AL BT BN RS 18] 55 ¢ (x,)
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B(x,)= I:qTW(xO)q:lfquW(xo)Y (4)
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W (x,) 1 xoﬁiﬂﬁﬂﬂ‘ﬁliﬂiﬁﬁf‘i,ﬁ(ﬁco): [ Bo(xo) >
Bi(xo), ey B, (xg) DAL — RN p Al B 2
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e 2T 2R B9 e 30T R RO O &S R A
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2 d, A5 AL 3 B Ak R, BB r R
SESE W, () B 3 A (W] ) il 2 B2 T A
T 7 12 R SR S AR TF A A% R 1 U ( correc-
ted Akaike information criterion, AICc) WERILH 7
r X BN T R B0 E R DT T FIA R pR RS B
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SEYEIEES 18
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3t P BEATLIZE IR 80 At A ok i 5, AR 222
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AW E ST H R S8, Hb 3R R A
GWR4 52, MG {E 25 [ 70 A R Y A R A
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2 ERENH
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Table 1 Correlation coefficients among daily minimum temperature and the covariates
ZE s R Yoz 0| jie3 e NDVI
Longitude Latitude Altitude Slope Aspect Distance to
the seaside
3 Temperature -0.039 -0.548* * -0.583* -0.101 -0.004 -0.582** -0.330* *
2 Longitude 0.394 " * -0.196 " * -0.170* -0.089 -0.067 0.183* "
2 Latitude -0.176 " * -0.182" " -0.086 -0.018 -0.142"
4K Altitude 0.284* * 0.083 0.709 * * 0.484" *
% Slope 0.156* 0.290 " * 0.150*
1] Aspect 0.085 0.010
MR B Distance to the seaside 0.573* "

* P<0.05; * * P<0.01.

H P40 526 8 4k Rl FE 25 NDVI 4 4>
AR Y 3 B MIHA R R B3R & NDVI, H
KRBT WK (R 2) o B 3 (1) Adj-R* i
K, HAAL 3 3 ANAEHRE VIF Y/ T 3.

WRAR NS HT A2 A 1] 5 43 BT B 5 3 | AR SR
FH RK1( LUK R A B 22 88 ) \GWRKI ( LA¥EA Nl
Bz &)  RK2 (LAZR BE g4k T i 5 25 28 il B AR
i) Fl GWRK2 ( LAk TRl R g S il A2 ) 4
BEFL o A TR SR

XFF RK1, BIHER AT .
Ty, = 13.545-0.008 XAl (6)
XFF RK2, BIHKER AT .
Ty, =47.588-0.008xAlt—1.757xLat—0.014xDist

(7)

Ao, Alt IR ; Lat HEFE; Dist RigRGHE .
2.3 OLS Al GWR [alJ3 434 Fb 8%

R 3 Al LUFE ), 2T CGWR Y P Fp A 4 Y
EhRH AL T 3T OLS (1) W Rl B | 2 1 45 2 44l
BhAR B A9 RK2 H8 T RK1, i i K 5 22 4 Bh 7% & 1Y
GWRK2 A B E LT GWRKI.
2.4 [HFR2E 0 SR B A

H 3R 4 ATLUE 4 Fsd 20 (] )5 5% 22 48 57 pR AL
H1C/(Cy+C)FRTF0.75, BB AT HA R /Y

*2 FA4INEHEEHITESLERANER
Table 2 Results of the stepwise linear regression analysis
using 4 secondary variables

St o RELR? e R R WENHIKT

Model Coefficient of Adjusted R? Significance
determination R>

1 0.340 0.337 0.000

2 0.778 0.776 0.000

3 0.797 0.794 0.000

BERUB & -2 1) Wt R 2) W R A 3) WA IR
2 WGBS Factor items in models: 1) Constant and altitude; 2)
Constant, altitude and latitude; 3) Constant, altitude, latitude and clo-

sest distance to the seaside.

23 [ AR SGHE , 75 A OK #E4T 4 fH. /5 GWRK1 [1]
VB 22 1) 25 ) AR S PR dR /.
2.5 FIADRGRE LLER

PR R TORS BE (9 445 B3 22 MR T0 , Ul

%3 OLS #1 GWR ERABEMEXSH
Table 3 Related parameters regressed by OLS and GWR
models

iR AlC fE RN RRERE REFM

Model Akaike information Adjusted Residual sum
criterion R? of square (RSS)

RK1 677.132 0.337 267.047

GWRK1 146.867 0.951 14.549

RK2 419.497 0.794 82.116

GWRK2 146.031 0.950 14.907

&4 FOLS K GWR EHEHKREMGHT £ RHERR

EBH

Table 4 Variogram models and parameters fitted by using
residuals from OLS and GWR regressions

R R el ERE c/ AT
Model Type Nugget Sill (Co+C) Range
(Co) (Co+C) (km)
RK1 il Gaussian 0.087 2.685 0.968 241.101
GWRK1 & Gaussian 0.010 0.068 0.853 9.190
RK2 Bk Spherical 0.040 0.437 0.908 132.921
GWRK2 48K Exponential 0.006 0.066 0.909 16.520

R5 4ATERN M RIEHMEARRE FRERE.F
HHITIRE HAFRIRE

Table 5 Maximum negative error ( MNE) , maximum pos-
itive error (MPE) , mean absolute error ( MAE) and root
mean squared error (RMSE) on mean daily temperature of
80 validation stations ( °C)

it WRIRE  RIEWRTE FIHXRE IR
Model MNE MPE MAE RMSE
RK1 -0.875 0.791 0.240 0.298
GWRK1 -0.525 0.646 0.214 0.264
RK2 -0.623 1.196 0.425 0.525
GWRK2 -1.724 2.109 0.416 0.578
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Fig.2 Spatial distribution of mean daily temperature on Hainan
Island on December 18, 2013 interpolated by RK1 and GWRK1
(C).

AF R R (RS TROKE P 2 3 i 3% 5 RTHT, GWRK A9 4
MEM BRI BT T 0, GWRK2 ) 4 DMPEMNT5 45
PE 0 85, i GWRK1 A, i GWRK2 2.5
A, MR IETR 22 S 4 xR 22 5 iR 22 3 4>
fEbRE , % B 24 B AR 5 ) RK2 . GWRK2 £ 2
AN B H 2% B3R 19 RK1T GWRK1 #274Y.

FH 302 ASOEIE AT 1 kmx 1 km B 7 BRANEAR | 36
T RK1,GWRK1 #fi {13 FI0F 5% X H - 355 R 40 A
Bl B2 0T DU Y W3 AE 28 [l 434 b o AR AL,
BT L 2 B9 5 B AR i R (B AR AR 2230 5L DAL,
B/ IMEHIA2ZZAR K. GWRK] [/ IMEIAR] T -4.4
C, X ] B S H (AL

3 i

SRR Z A IR T A AT A
S W N B AR B AR A SO GWRK Xt
TR 2013 4F 12 A 18 H Ay H -3 5 pE 74 1
It 5 RK i, 255 R0 5 2 R H <R
L4 AR REFE B ONDVI R AH G ik 3] I 2
AKX 5w ST A5 R — LR S HAY 6 B

At S AN AE SG I IR B 3 KT X 5T
“TEA— 5l 2 A A0 275 R 1) AR TR, 3 e
PG R LI [ U )8 T 8 A 3k — L AR ) e T b O A
TER AT 5 A1 AR5 NDVI Z [a] i)t 25 40 5¢
PR T B VAR O R R B RRIR HL 2 S M A G 4
PSR GWRK [8] 5 5% 22 (1% 23 [a] 7 AH OGPk /)y,
T GWRK1 F 4y i K 7 H P340 5 5l Bh AR i
ZIAAH G OE R 2 [ AR AR e B R IE iR 22 T3
AixfiRs WHRIRE 3 MR E , B IEE 2B A
WY RK2, GWRK2 5 5 Jz fif A S 2 2% 8t 35 1
RK1 GWRK1 #7510 RK2 ,GWRK2 1% #4 v 4 Bl
705t 22 [) )R DA % 47 1 235 SR AR 8 R il 7 )
RK Fl GWRK XI5 47 8 I, AN REAL LA A 1] )9 43
I R R 35T TET U 53 AT %) 5 SR Ay 4 B 35 5l By A
i RIS B RIS SR TER A . 5 SR 28 ]
AL, AR SR A0k 1 % B2 38757 {H GWRK B
FEATSSR T RKL, PRI 1 56 T b A [8] )5 5
B AR SR, A GWRK A58 70 %o [X 35k £k A5
T TAMIEAG (ARG T RS 90 S A, X IX 26,
T F R 38 45 0 b AT e Ab B

U Bh A B 22 I i B AR i 2 TR S 23 B
Z B ILZ I G ™ 10 22 2 X 2k ] 05 A
H BRI BT AR 2 7= A N R 52 (H H R A 4
Xo a4 TN 3 A5 R AL PR £ LR B R PR T
K25 181 43 B ik B 22 8 A 2 P ) 8, AR SR
KH T F M35 B (principal component analysis
PCA) . 1) X B AR 5 1 81T PCA MR Ry 25 51
kR = 85% HE UL 3 1l 43 ( principal components, PCs) ;
2) DIRHUR PCs ARl B 722 1 317 2 508 A0 Inl 15
i e A SE Y PCs;3) DL 35 1Y PCs VE M il B & i 1t
17 RK S GWRK i ( 43J1ic >4 RK3 F1 GWRK3).
ZE % P, RK3 /Y MNE . MPE .MAE #1 RMSE 43 %Il
H-3.206.0.872.0.338.0.570, GWRK3 N KK K
-2.296.0.781.0.331,0.503. %f H % 6 Al UL, RK3 Fi
GWRK3 #i%1[{) MPE 1 MAE [t RK2 Fl GWRK2 A%
KU 0 4 FRERFEARE2 A 40 RK1 AT GWRK1. A SC
FHENZA 103 4347 A1 1T 32 B840 20 BT R e I 42
JR P Ff JEE A 3 2 B [ A T R RIS [ )5 R
FRANA lasso [01U=1 D)2 A P 22 B L2 i [l R ) s
LSRN S || i S VR S s R VAR = e S O
AR TE Y, I S5 A ST I 5 081 T UK.
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