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Abstract

Background and Objective: Estimating aboveground carbon (AGC) of forest is a fundamental task
for sustainable management of forest ecosystems; therefore, there is a critical need for appropriate
approaches for quantifying of AGC. The most commonly used approaches for estimating include
global regression models that estimate the target variable over a wide range using cost-effective
auxiliary data. Traditional regression models with fixed regression coefficients at all locations do not
consider heterogeneity and spatial structure in modeling. The objective of this study is estimating the
AGC using Regression Kriging, Geographically Weighted Regression Kriging and Landsat 8 data and
compare methods.

Material and Methodology: The study was carried out in part of Zagros Forest, in Kohgiluyeh and
Boyer-Ahmad Province. Totally, 184 plots (30x30 meters) surveyed and AGC were calculated by
allometric equations. 32 variables were extracted from Landsat 8 as auxiliary data in the modeling
process. The assessment of accuracies of methods was evaluated by K-fold cross validation via criteria
such as coefficient of variation (R?), root mean square error (RMSE).

Findings: The results showed that Geographically Weighted Regression Kriging (R %= 0.66, RMSE=
21) had a better performance compared to Regression Kriging.

Discussion and Conclusion: Hybrid methods with heterogeneity and spatial correlation can be a good
alternative to early regression methods for estimating aboveground carbon (AGC).

Keywords: Spatial heterogeneity, Spatial modeling, Geostatistics, Spatial variability, Spectral data.
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Figure 1. Study area in Iran and Kohgiluyeh and Boyer-Ahmad province
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Table 1. Landsat 8-derived spectral variables

ooy o £
-9l «(SWIRD) oliss” 20 Jsbo L 50,8090k «NIR) 055 5030555k «R) 50,8 4B) 5o «(B) (] ik laaily
SWIR2) o5 50 Jbo s 30,3
B/G, B/R, BINIR, B/SWIRL1, B/SWIR2, G/R, G/NIR, G/SWIR1, G/SWIR2, il glacons
R/SWIRL, R/ISWIR2, N/SWIR1, N/SWIR2, SWIR1/SWIR2

NDVI, GNDVI, DVI, SAVI, MSAVI, EVI, EVI2 LS gl s s

BRIGHTNESS, GREENESS, WETNESS, TCD=(TCG%TCB?°® Salus
b Jowo -

2 90 ol ol B! ] S S s T, i
Oge Sy ol ise cpl jo cplpls .cal osls wig, oo
palur b g S, Beboe (B 2L I 0
S SeS Glo parie 5 oo ki (e alal) a5l (538 0l
5 Bae pite o dbl) (J pl bl Sul SIS s
Oilnle Bl oglite Lad o cenl (Sae (S5 sla s
Ll g5leJoe sl (GWR) Lldlaz s o35 Gaems S,
o0 &) Ko slbpmiie 5 B peiie (o slie SlSe

(Y doleo) conl

2}
. B . . ")
Zewr (s)=f (5)+ Zﬁf (5)x x;(5)
=1

LS oo ,0 (@) Bon yusie 0 dyglp Jlode Zpgp (5]
lae 31 e By (5) el iz JIs (39 (g S5 5 elin

B (518 5K sy
S Py S CosBge 0 Xi e slp (Seer oy
oo B3ln sl loyall (n fpe ol (S slaiie
Sl by 5 (B)S) goar @b L3 1o 059 e S
3,0 352y (BOy5e slp Al ple ! (bandwidth)
Gaussian sy alex 51 (F+) 5,5 ool Ll 51 oles oo
5 Sslise wlus 3 Tricube 4 Bisquare (Exponential
Slp & 5 (il b ) () sz oy g5
=95 &b 5l B cnl 5o 09 oo coliiul lagyjy drlns

c e 5 S S 5 a8 Giy sy (F doles)

O35y 3l eSOty ol HRK) Sz 5 g5
a5 pgpie ol b conl Sz S g (MLR) alfais o
polie ggazma 5l (S0) saiti (5 I paiges sloyy Ko ,o polis
—oile Bb 5l oolainl b (Jsere Kz )5 oy, 4 00l Syl
Ol ) 09ise 351 (b (g 00d 0510 polie s L
Slaye Jlao g 3)) (ot OS5 Jte Tl adlllas
5 (JSiz eo) 59, 00 a5sul) Bue yiie G (OLS
OLD A casadd palas 5l oo zlsenl (oS slo uite
OsessS s sh e Uil 5l ams () asbes) W 03l 3l
oS (5l paigad SloplSe (sl Gge S5 S slaonile 3L

(Y dolae) o 0,515 (Jgere Sz )5 5l solawl b

B
- - = - Q)
ZMLR':S'DJZZ.ER Hxy (5]
k=0
n
2 s & - . - ™
Zpp 15,) =.¢,MMI:S'D_,I+ZH|- (5,0 % els;)
=1

L So 5% jo (Z) Gun yusie ool 9)51).3 Slade j;.;m (5,)
Syslp slade Zax (55) alfais b ogenS, 5l colinul
Sizm,S e,y 5l ooliiasl b So Ko yo Ba yaiie ol
J5 sl P K (S e 6lp g S, calre By
&b booas s slagyys Wy 5,0 (oS sl s

(Y2) Gl gam ) (slooaile 8L 8(57) 5 uilylsS
S (GWRK) (o bdl i )10 ¢y59 Shazms 55 (ygum 55
Sl 5 oS Canl Koz S (g )5 5l Al JolSS a5

D9y ool HOF) ol Sozm S 5 oLl o059 g S




Yy e 03l b (g0 515 bals (sl JSoo (pmo 595 (2y5 4 9l Sl 0,591 2

Silodae )3 poe S SFe)ly wd gl Jgens
il el ey el LT e (glacSiiS ) solizl b lSe
by b (omyp 2 el S ols Aol sl Al sl Jos
Joe SSEIM s wlaye ggame ke (S & azg
oyl (1) goz 5o oad 4l b b il g5,5
Jae 5 (glaoilo 3L g ool (gl 1, pl,Sss s Joke ciliee
Laoailo 3l (g5, Jons Siwzm,S 5l oolitl b ams o olis
55 2l @S Loyl ggeme b pladl o5l 5 53l o
Dy Jde

oo (o1 -

Ghey Ol e oo bl jglear ol asllls o
Loty gelts ansl o oolizsl 10-FOId Llie _mies Lie!
oSl iz (RH) s iy slasasls 1 oslizul L
duslio 0,90 (Bias) PR RV (RMSE) U Sl ye
cas

azsly -

oS el oy sleolal 5l glasds (V) Jga o
Se2g 4 dzgd b .l ool ools plas x> e (59,
oaile Bl Cons pac g bosls ;0 35290 (SouisS 9 Ko
Slaesls b ssluie 5 i Laosls 13 ey sy 3
S5 (1) Uz o Waosls s gl s losil ot s

sl 00

o eslanwl gStat 4 spdep spgwr GWmodel sle
- — l :
it i = gxpl— m

alols dU ‘i o “94’ I osowlive Lg‘)? W) ,42‘ s 099 WU

™

lite D sf sl casdoe 50 o (Y 5 X s ) (wnrldl
Golden-) b sy 5l el (Dandwidthy st
Sl sl ojluil e ol sl (SECtion search
YO (R lase jo Jade ol pol> asdlhe ;o a5 o oolazu
M 0s OsesS) Jae Gle 5l am al alre e
Sz )5 aam Sy dilen (gileJoe ail b dalsl LSl 3>
Zewax (5) = Zewa (5] + £ox (5] )
S e 0 () Boa e ool dy90p lake Zopygy (5]
S 039 Oae,S, e sleosile Bl caims lis &gy ()
W) d)ﬁT)) G]w &Mpu; )| oolaiwl l; aS el @Lﬁ‘ﬁ}
St S gy Joo 59 5o el b oy sline
L RK) Sz s aldliz )b 055 oSy 5 RK)
A8 4 a8 g )5, silw e 5l G dosile BU 5l oaliail
09 s b g S, e dapiite (e DLl
L adhaie JS (gl e ol ools o3l bools 4y L8l
2 0,50 K ey 9y )5 a9l Joe 98 ;) eoliul

Sz S 9)5]).3 Sly Jae 50 Gleoaile SL awy o5 o

BOXCOX Jsuws 9 (HLS 33 () diges dxlad 40 cymo) 9y o255 459l (5 bo] (baarie aods - Jguo

Table 2. Summary descriptive statistics of the aboveground carbon storage per plot (ton/ha), BoxCox-

transformed
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Table 3. Semivariogram models for BoxCox-transformed the aboveground carbon storage, multiple linear
regression (MLR) residuals, and geographically weighted regression (GWR) residuals
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Figure 2. Experimental variogram and fitted models of natural BoxCox-transformed the aboveground carbon
storage (up, left), residuals from multiple linear regression (up, right), and residuals from geographically
weighted regression (down, left)
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Table 4. Validation indices for estimating aboveground carbon storage using regression kriging (RK), and
geographically weighted regression kriging (GWRK)

Bias% RMSE% R-squared o9y
.5 YA -/$4 RK) Sz S 9 5
10 Y\ 158 GWRK) Ky 5 oLz 1055 a5
50 0aile Bl polae bl pl (JSo ol o cpiores (ol ools Shaw ead e Jilie )0 oud cdslive bl il (F) Ui
9 2 IS s Cuwl 0ad oolo (las odd (e Jlie MO39 OS5 5 Simm S g S ) slahy, (L]
i o)l e 55y S A gl o5y 50 o, odls (Blp b SLbI bl e 2iS1n el Soezn S

plosl YL o b (53,915 a0 0550 g, wa0 o0 i oy



o2 g 03! 1P oo 010 35 VA o0 ,lods ciaun ) o (65909555 g pole Y$

(Aa)
Yo
i)
'3
a < itoe
4 - o Sefr o Vol o
: ) #.. .,‘
> :" . L
. -
3 I B .l. K (R
-4’ . 0 g Y
R T T 1 T T
A \s 18 A
(LS | ) sud saalie
(Ba)

yool

P ok e
T %
1 1
-

.
' A
B
<
.
.y
> )
.

%

(ESa i
B
A
B

A \- \a Y.
I)LSJ o) S sdale.

:.a.-Lh‘L

oLl 8

(Ab)

{Bb)

GESa | ) s ot ey

ouilo Bl 5 (Ba 9 AQ) o) (59 (25 ais guil ouls (g S 03Il ol ilio jo ous 391y polio blE ol -¥ Y

(o) GWRK) Sz )5 aldlyi 519 39 g5 5 3 (Y1) (RK) Sy 55 (g9 555 31 05l L (BD 5 Ab)

Figure 3. Scatterplot of aboveground carbon storage predicted vs. observed (Aa and Ba) and residuals (Ab and
Bb) using regression kriging (RK) (up) and geographically weighted regression kriging (GWRK)
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Figure 4. Maps of predicted aboveground carbon storage using regression kriging (RK) (A) and geographically
weighted regression kriging (GWRK) (B)
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