Ve il Y ojlad @l S 50,8 Slagiss

Sosls 3l eolisuw! b SB ol calizko Gld S5 o098y dinlls dngs
dogyl b y0 B b Jolu j0 Cawadd o,lgal OLI sucmw

5 . . ¥ Y . Y - - Y . & |
il a9y ool yxa yruol (e o lwgl b g3l (9358 T Sgmwge (ol
(\Yaa/-#/+A u,a)“» @)U AAVVYARVARS :cAéli)o @)U)

oS
5098, 4l (CU) CuncngnS Joo g (DT) (6,05 ponad 350 Joo Jolis (glS00ls g, 90 5l eolawl b dslllae ol jo
Sei3en ool d(Fen) J5 Jolas oal Jolis (s m il V2 B 5ho 3os) (il ST aiged VTN 0] Gl JSC 0 ot
dolo ool Slis s jo alllas cole 90 3l e eglS B0 ¢ Coluw 4 glaslate jo (F&o) JSo o ool 5 (Feq)
oylgale OLI ootz pgai 5l aid,5 yp (SeS iie VA olaad ggemme ;0 (hagh (nl ;0 b agd duegyl 4zl o (5,0
SIAR) yolie ils b CancngnS Jow aS olo lis b 28,5 18 eolaiul 8,50 YYAF Lo ole 5 a4y bog po A Cewad
RMSE /-2 gR?=+/AA) g Feq oo i sl (RMSE=+/BY §R2=+/A0) Fer o i sl RMSE=Y/Y0 jR2=
RS K OJbT 5 SR VI S U SERN S P ] G S ool S350 Je o Cnd 6,5V B0 (6l o Fey RSNy G
ezl (5 Vb Cuealoniasjlis Jae 55 58 50 (S (sl prie ES lie wo )0 5 Sl (e @S iz e
(MSAVI) S il oasS Jass 2LS oos oMol jasli s (NDMI) ool Jlo 5 cugh ) cos jazli dlox 5 b
LS)*frv-M CS 50 Joe b avglie )0 CangnS Jow aS ol lis gls IS jebay il oo Feo g Feg Fet oo yion ;o
asllls 350 ailaie o S ol ilize oSt G 231y S 5 siludie )0 6L QLI s Ul sl

] 059y

odizmiw laools lesliiwl L S ol il slo S (o098, aids ags N Fr v o gwlive clg 00l aam b yliwgl w0 (o3l o] (sgumge
Fo-FY iamin ¥V ojleds A Al S (60,5 Glidon Al axlye 805 Jole o casadd o)lgals OLI

(00sS a3lS0) 5y oKy (65,5LiS 0uSiils (S g g pale 05,5 (6155 (geomiilo-)
a5 oBLas (65ylaS ouSiadls (S (pwaigen g pole 09,5 jLeail-Y

oy olKls (5 5,0liS 0aSlisly (S cwdige 5 pole 05,5 SliwhY

oy olzils ¢(65,5LiS 0uSLiils (S> cwdige g pole 09,5 oliwl-f

Ll il e S o8y «(55,5laS 5 s pole caSiails wliwh-0
amin_mousavi@alumni.ut.ac.ir :Ssg xSl oy *

Y



e SB al Galisee sla S 098, s ags

5 it ol glale o 258 IS (el
- SsSS 5l eolazwl L (Shahbazi et al., 2019a) .l Son
g fdolar K slJoe asle gglSeslsy sla
5 e o058y Joe Slinie SoS a4 57 s
5 S STy sland A cavad slojlgale 5 glas
9 Ad (B9 wile (A e yolie (B s3g0e
5 W95 i olpl oy Jlod 5l ladhaie sln ) e
20,5 oaalive (ConngeS Joo Szl (D)5 (el
SS9l b dis Sladllas s3game )8 slacend a5
OhlSen 5 53l oo (Audos (b yd wdbiee He
> » )l ookl L (Shahbazi et al., 2019b)
T80 oLl SS a4 golSesly Sl SusS
azlys Brd dole o 1) jslie ol esd, atis
b g5y e &5 Wdged (9155 5 A dreg)|
doe g S o) Sk s A slp ABus
2T 5 S JS 0T o815 i st Sl et
OhSes g Whlegw allioo culio jslia (oo
@ gladhe ,o Wl o (Somarathna et al., 2016)
ez bl S TS e oskS Sl AV e s
(SrS el L5y Ml s (505, G,
Goe ez 58 bty o Ggmme S 5SS Je
O3S ) e oS Woged A5 5 s3le e 4o
2% e & o e sl pletiy o
Mosleh et ) )|,en § phas .ol aLils by Goas don
Ci i Syan was 455 SS5 s (@l 2016
Jan §Fatilpass s Jao Leiblanogs (3 S,
2 S Sleogas (e lp [T ose S, s>
laey] 50,8 soliial o5 aily 5 ey b siblis
Gl alpans s oo cds a5 Ws)S sunliv
Bl 00y St S Slusgas ST pedd
asds g5lw wbido 3, (Fatehietal., 2016) |, Koo 4
S8 o5l s (50 O+ Sy o5l 5l S JT o S
“obwl o S 88y anss ookl Ly g0 Ve

8 . Multiple linear regression

9. Spport Vector Regression (SVR)

1 . Aificial Neural Network (ANN) 0
1 . Rosting Regression Tree (BRT) 1
1 . Generalized linear model 2
1 . Linear regression model 3

A

doddo
G908 yskieds L2l o pae g BB (oAl
Sl 9 S Olets CELS Grizee 5 2N Ik
adlas (b (pl jo el piloliz! gyl S o
dgd> a5 S o Q@T aliges sl IS Jlade ¢ @058
S0 B3 o ST | ey sl g 5las o my
Wb S JolSS cansy bl Gl sasls Wl
yebieds Lo opl 4o .(Stonehouse & Arnaud, 1971)
L S ple STy oSl s g Gy olulis
G55 Gl 5l S (sl e 5 0 BB 5 00l IS
23,5 o0 gy e 3 i S seg8) (sl patids
Col o Jos g b iy, Jolis S5 058 (5,10 paiss
@ aS gleosls g S slo Sy « S aje oy a5
5l Pt cdo by 5pS Cdg g anie By by Sl
WS oo 1,8 bl gl oo oanel (SaS (sl e
Scudgaze 5§ WM (S Jedoar ol nl 5o
g Comhad pae YU anje (Sl S8 5 Gy il
Jol> Sledbl g aosls Sl iz 9 p3Y oL
sl S5 g ol o pis o S ciw sbasds
-JL e (Zhuetal, 2001) ool aiwgn 5 Soslino
20 9990 oduzy Ly (gilwosls jglaieds 3 sla
5085, 5,0 pands jl alize o o § L Suss S
oeile slasy, a5l TgglSesls wile S
5 i Gl alide slosls gl LTSl
00lj & .ol 48,5 )18 oolainl 090 YU SIS SIS
Taghizadeh-Mehrjardi et al., ) ;|,Ke2 5 (55,5 40
S0 by, 3l eslawl b Sl adkie o (2014
e Olyieds (655098 00055 Al g T 6 S e
|) Sl éLbé,o.C)Q S (S 9 Al ¢ ;]a.ou
Boe 8lp) a0 YA o]y by, ol C80 500,5 ays
Voo BFe Bos lp) ao o MY U (o il V- U yao

. Digital Soil Mapping (DSM)

. Data Mining

. Machine learning

. Decision Tree (DT)

. Random Forests (RF)

. Cubist (Cu)

. Digital Elevation Model (DEM)
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1. Geographic Information System (GIS)
2. Stratified random sampling
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Figure 1. A and B: The location of Urmia Lake in Iran; C: The locations of the study area for mapping and
modelling in the east shore of Urmia Lake (n=131); D and E: Accumulated iron in the surface of the study
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Table 1. Descriptive statistics of soil organic carbon for samples used in this study (n=131)

First Third Standard Coefficient

Number  Min Max  Mean Quintile Median Quintile deviation (_)f. Skewness  Kurtosis
Variation
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Table 2. Performance of DT and Cubist models in modelling and predicting spatial distribution of iron forms
in the study area study (n=131)

Different forms of iron R? cCcC RMSE (g kg™) ME
DT Cu DT Cu DT Cu DT  Cu
— _ Fe: (g kgD 0.78 0.89 085 091 231 225 009 007
Calibration dataset (in the bag) Fea (g kgd) 0.73 0.85 082 087 061 057 008 0.05
Feo (9 kg?) 0.76 0.88 087 0.89 012 0.9 006  0.02
- Fe (g kgD 031 035 046 057 322 308 019 016
Validation dataset (out of bag) Feq (g kg™) 0.11 0.13 035 038 135 128 017 0.2
Feo (g kg?) 0.28 031 049 053 023 019 013 0.06
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Figure 3. Covariate importance rankings used in this study for A: predicting soil total equivalent iron using
DT model; B: predicting soil pedogenic iron using DT model; C: predicting soil noncrystalline iron using DT

model
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Table 3. Contributions of the environmental covariates predictors in the Cubist model

Covariates Fe: (g kg?) Feq (g kg™) Feo (gkg?)
Contribution in the model Contribution in the model Contribution in the model
B2 20% 20%
B3 30% 20% 20%
B4 20% 20%
B5 52% 40%
B6 30% 20% 40%
B7 30% 20% 30%
PCA 0%
NDVI 40% 40% 40%
VARI 40%
SAVI 60% 40% 30%
MSAVI 30% 54%
NDMI 60% 60% 20%
MNDWI 60% 40% 20%
NBR 40% 30% 20%
NBR2
SR 60% 14% 40%
Cl 10% 40% 12%
FMI 60% 40% 30%
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Figure 4. Predicted spatial distribution in this study of A: soil total equivalent iron using DT model; B:
soiltotal equivalent iron Cu model;

C: soil pedogeniciron using DT model; D: soilpedogenic iron using Cu model;

E: soil noncystallineiron using DT model; F: soilnoncystalline iron using Cu model
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Table 4. The mean predicted values associated with standard deviations of iron forms using Cu and DT
models in 2017

Fet (g kg?) Fed (g kg?) Feo (g kg™)
DT model 15.19 3.08 0.59
*SD 3.70 2.28 0.32
Cu model 14.75 2.89 0.41
*SD 3.55 2.12 0.28

S ool Galisee Gla S5 o0 (st polie (uKila 1 sln s Bl il

*: Standard deviation (SD) for each predicted mean value of iron forms soil
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Figure 5. Scatter gram of measured and predicted values in this study of A: soil total equivalent iron using
DT model; B: soil total equivalent iron using Cu model,;

C: soil pedogenic iron using DT model; D: soil pedogenic iron using Cu model;
E: soil noncrystalline iron using DT model; F: soil noncrystalline iron using Cu model
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Abstract

In this study, digital mapping of the most important forms of soil Iron were done using two data
mining technigues namely Decision Tree (DT) and Cubist (Cu) models. The study area includes 500
km? of lands from two different sites located in the eastern shore of dried bed of Urmia Lake,
northwest of Iran. 131 surface soil samples were taken from depth of 0-10 cm and three different
forms of Iron including i): total iron (Fey); ii) pedogenic iron (Feq); and iii) amorphous iron (Fe)
were measured. A total of 19 environmental covariates (auxiliary variables) derived from the
Landsat-8 OLI imagery related to July 2017 were used in this study. It was found that Cu model has
a higher precision than that of the DT model for predicting all three forms of soil iron with the values
R2=0.89 and RMSE= 2.25 g/kg , R?=0.85 and RMSE=0.57 g/kg and R?>=0.88 and RMSE=0.09 g/kg
for predicting Fe:, Feq and Fe,, respectively. In addition, the results of the importance and percentage
of contribution of environmental covariates in both models indicated the high importance of some
spectral indices such as Normalized Difference Moisture Index (NDMI) and Modified Soil Adjusted
Vegetation Index (MSAVI) in the prediction of Fet, Fed and Feo. Generally, the Cu model has a
higher ability and performance in modeling and predicting the spatial distribution of different forms
of soil iron in the study area compared to the DT model.
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Mousavi A., Shahbazi F., Oustan S., Jafarzadeh A.A., and Minasny B. 2021. Digital Mapping of different
forms of soil iron in the eastern shore of Urmia Lake by using Landsat-8 OLI imagery. Applied Soil
Research, 9(2): 47-60.

1. Ph.D. Student, Department of Science and Soil Engineering, Faculty of Agriculture, University of Tabriz

2. Associate Professor, Department of Science and Soil Engineering, Faculty of Agriculture, University of Tabriz

3. Professor, Department of Science and Soil Engineering, Faculty of Agriculture, University of Tabriz

4. Professor, Department of Science and Soil Engineering, Faculty of Agriculture, University of Tabriz

5. Professor, Sydney Institute of Agriculture and School of Life and Environmental Sciences, Faculty of Agriculture, The University of
Sydney, Australia

* Corresponding Author Email: amin_mousavi@alumni.ut.ac.ir




