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Introduction

Understanding the particle size distribution (PSD) is of great importance for plant growth and soil
management. In recent years, the science of soil has witnessed a significant increase in digital soil mapping (DSM)
activities. In this regard, machine learning models (ML) have emerged as an alternative and tool for DSM, which
are mainly used for data mining and pattern recognition purposes, and are now widely used for regression and
classification tasks in all fields of science. Hence, this study was undertaken to spatially model sand, silt, and clay
particles utilizing machine learning models such as Random Forest (RF), Support Vector Regression (SVR), and
the Co-Kriging geostatistical model. Additionally, auxiliary variables with high spatial resolution were incorporated
into the analysis. This investigation was conducted in a section of the Marvdasht plain, located in Fars province.

Materials and Methods

The present study was conducted in a part of Marvdasht plain located between 35.82°41°52"' to 1.07°57°52' east
longitude and 35.02°48°29' to 14.72°2°30" north latitude, and 40 km north of Shiraz with an area of about 50,000
hectares. After determining the study area boundaries, the positions of 200 sampling points were determined using
the R software and the conditioned Latin hypercube sampling method. In other words, for soil feature modeling, 200
samples were taken from two depths of zero to 30 and 30 to 60 centimeters in the study area. Then, the samples were
transferred to the laboratory, dried, and passed through a 2 mm sieve. Finally, the soil texture components were
measured by the hydrometer method. The environmental variables used in this study are a wide range of
representatives of soil-forming factors that were prepared as much as possible from sources with minimum cost and
high accessibility. In total, 75 environmental variables were prepared, and the raster format related to all
environmental variables, including 39 elevation and altitude variables and 36 remote sensing measurement variables,
was extracted. Finally, the factor-tuning inflation variance and Boruta algorithm were used to select the optimal

variables.

Results

The minimum amount of clay was measured at 10.21% and 10.45%, respectively, and the maximum amount was
32.65% and 36.35% at the surface and subsurface depths. The average amount of clay in all samples was 37.91%
and 35.61%. The average amount of sand was measured at 25.65% and 26.02% at the surface and subsurface depths,
respectively. The maximum amount of sand was observed in the northern and higher parts of the study area and was
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equal to 54.68% and the minimum amount was predicted in the low-lying areas of the study area. Low-lying areas
and sedimentary plains in the central part of the study area contained high amounts of silt. Four depth variables
valley depths (D), texture (TE), topographic wetness index (TWI), and clay index (CI) related to geomorphometric
parameters and the normalized difference vegetation index (NDV1) variable related to remote sensing indices were
selected as optimal variables. The RF model with R? of 54.0% and 36.0% for predicting sand, 48.0% and 64.0% for
predicting silt, and 52.0% and 49.0% for predicting clay at both surface and subsurface depths performed better than
the SVR and Co-Kriging models. The most effective variable in predicting the spatial distribution of soil particles
was VD with relative importance of 60% and 65% for predicting sand at the surface and subsurface depths, 70% for
predicting silt at the surface depth, and 70% and 65% for predicting clay at both surface and subsurface depths,
respectively. Only TE and TWI variables were more important than VD for predicting silt at subsurface depth. These
results show that topographic variables are effective in the spatial variation of soil particles. Unlike clay, the highest
amount of sand in both depths was observed in the northern part and the highest part of the study area, and the lowest

amount was predicted in the low-lying areas of the study area.

Conclusion

In general, with the aim of this research, maps of the spatial distribution of soil texture components were prepared
at both surface and subsurface depths using machine learning and geostatistical approaches along with
environmental covariates in a part of Marvdasht plain. Among the selected environmental covariates, topographic
attributes, especially the valley depth (VD), had the highest effect in justifying the spatial prediction of soil texture
components. Also, the results of comparing the performance of machine learning models supported the higher
efficiency of the RF model than other models. Therefore, the approach used in this study to prepare a map of soil
texture components can be useful as a guide for mapping useful soil features in areas with similar climatic and
topographic conditions.
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Table 1- The applied environmental covariates for predicting soil texture particles

(a)

Km
1 165 22
5900000 5910000

3472000 3480000 3488000 3496000 3504000 3512000

References Covariates Abbreviation Formula Source
&b e (B i & laid | Cadle Joe L
Normalized different vegetation
U.S. Geology index NDVI (NIR+Red)/(NIR-Red) RS
Survey 2014 b5 Giliseo (cladisS o Jloys asls 90 3l Lo
Renormalized difference
U.S. Geology vegetation index ROV (NIR+Red+L)/(NIR-Red) RS
Survey 2014 lizee gladisS 0ad Loy ddome sl 193 31 Lo
N
U.S. Geology Band 2 of Landsat 8 Blue Landsat 8 image individual band RS
Survey 2014 A cewdd Y b & 6358 B A ot pgas 393 51 Lo
U.S. Geology Band 3 of Landsat 8 Green Landsat 8 image individual band RS
Survey 2014 A Cawdd ¥ b jo 3% S A Cundd ygai 93 ) i
U.S. Geology Band 4 of Landsat 8 Red Landsat 8 image individual band RS
Survey 2014 A candd ¥ 3l 08 3% S A Cundd ygai 93 ) i



4v4

sharmo G ko g (lilo (6 S0l 0,9 5l edliiwl b S b gl32] (s0g8) (5519 i (o 9 (Slg pous

U.S. Geology
Survey 2014

U.S. Geology
Survey 2014

U.S. Geology
Survey 2014

U.S. Geology
Survey 2014

U.S. Geology
Survey 2014

U.S. Geology
Survey 2014

U.S. Geology
Survey 2014

U.S. Geology
Survey 2014

U.S. Geology
Survey 2014

U.S. Geology
Survey 2014

U.S. Geology
Survey 2014

U.S. Geology
Survey 2014

U.S. Geology
Survey 2014

U.S. Geology
Survey 2014

U.S. Geology
Survey 2014

U.S. Geology
Survey 2014

U.S. Geology
Survey 2014

U.S. Geology
Survey 2014

U.S. Geology
Survey 2014

U.S. Geology
Survey 2014

U.S. Geology
Survey 2014

U.S. Geology
Survey 2014

U.S. Geology
Survey 2014

Band 5 of Landsat 8
A Ceosd O BL
Band 6 of Landsat 8
A cewsd 5 8L
Band 7 of Landsat 8
A Candd Y 8L
Wetness brightness difference
index
Cagb) (2lidy) Cglis yasls
Normalized difference salinity
index
Syod Solas o Jlo g yadlis
Normalized difference moisture
index
Cugb) gl ord Jloy (adls
Brightness Index
wlidy) pasld
Gypsum Index
Clay Index
oy SB sy
Carbonate Index
alo S jasls
Ratio Vegetation Index
Enhanced Vegetation Index
N
Green-Red Vegetation Index
oS e (2L paSl
Differenced Vegetation Index
Infrared Percentage Vegetation
Index
38 gple (BLS Ao pd el
Iron Oxide Ratio
ool 2T s
Soil Adjusted Vegetation Index
SB gly odd o 2LS adli
Modified Soil Adjusted
Vegetation Index
Gy 4l i 00l odas alS jasls
S
Perpendicular Vegetation Index
@390 (S asls
Structure Insensitive Pigment
Index
ey sl 4y ol 2515
Modified Normalized Difference
Water Index
4l pois oad Jloy ciglis O asli
Enhanced Vegetation Index
oSyl (LS padli
Soil Adjusted Vegetation Index
SK gly odd pulais LS asls

Near infrared

Ero9d & SO
Short-wave infrared-1

V= zge oBS Ewg
Short-wave infrared-2
V= g9 oS gpmg)

WBDI

NDSI

NDMI

Bl
Gl
Cl
Cl
RVI
EVI
GVI

DVI

IPVI

IOR

Svi

MSAVI

PVI

SIPI

MNDVI

EVI

SAVI

Landsat 8 image individual band
359 LA Cawdd yy 008
Landsat 8 image individual band
359 LA Cuwdd yy 008
Landsat 8 image individual band
2,8 BL A cunsd gl

(NIR-SWIR)/(NIR+SWIR)

(Green—SWIR)/(Green+SWIR)

(NIR-SWIR)/(NIR+SWIR)

/ 3) Red+Green+Blug(
(SWIR1-SWIR2)/(SWIR1+SWIR2)
(SWIRI-SWIR2)/(SWIR 1+SWIR2)
(SWIRI-SWIR2)/(SWIR 1+SWIR2)

Red / NIR

Gx (NIR-Red) / (NIR+C1xRed—C2
xBlue+L)

(Green—Red)/(Green+Red)

NIR-Red

(NIR-SWIR)/(NIR+SWIR)

(NIR-Red)/ (NIR+Red+L)

)/2)25NIR+1—(2+NIR+1)2—8+(NIR—
Red((

(Green—Red)/(Greent+Red)

(Green—SWIR)/(Green+SWIR)

Gx(NIR-Red)
/(NIR+C1xRed—~C2xBlue+L)

RS

299 3| phors
RS

293 3| phors
RS

293 3| phomias
RS

299 3| phors

RS
293 1 o

RS

29% 1 o
RS

293 3| phomis
RS

293 3} oo
RS

293 3} oo
RS

293 3} oo
RS

299 3| phomis
RS

293 3| phois
RS

93 ) i
RS

93 ) i
RS

293 ) i
RS

293 3| phois
RS

93 ) i

RS
293 3| phois

RS

39 3l o
RS

293 1 o

RS

293 3| phois
RS

293 3| phois
RS

293 3| phois



VFeY wdwl— cpode F 0ylois MY alr (S g O @,

ar.

U.S. Geology
Survey 2014

U.S. Geology
Survey 2014

U.S. Geology
Survey 2014

U.S. Geology
Survey 2014

U.S. Geology
Survey 2014

U.S. Geology
Survey 2014

U.S. Geology
Survey 2014

U.S. Geology
Survey 2014

Olaya (2004)
Olaya (2004)
Olaya (2004)
Olaya (2004)
Olaya (2004)
Olaya (2004)
Olaya (2004)
Olaya (2004)
Olaya (2004)
Olaya (2004)
Olaya (2004)
Olaya (2004)
Olaya (2004)
Olaya (2004)
Olaya (2004)
Olaya (2004)

Olaya (2004)

Bare Soil Index
Index-Based built-up Index
oSy e glacsls asls

Enhanced Vegetation Index 2
Vordcyshs (olS asls
Visible Atmospherically
Resistance Index Green

o = 5y B (s o] gl s

Green Normalized Difference
Vegetation Index
o glis 013 Jloys LS a3l
Tasseled cap wetness
Tasseled cap greenness
S s (g
Normalized Ratio Vegetation
Index
GBS S 0ad Jloyi jaSl
Wind Effect
oL sl
Analytical Hillshading
Aspect
Catchment Area
JRAPPIIRN
Catchment Slope
Ag> G
Channel Direction
o sl b 6oy, cax
Channel Network Base Level
wliog) 4 4yl s
Channel Network Distance
Glag, aSus alols
Channel Network
Glgy 4
Closed Depressions
0N guean Slowhd bt Slogls
Convergence Index
wSen yatls
Diffuse Insolation
oliS Ty pulimdls
Direct Insolation
Flow Directions
ok Sl
Geomorphons
$99)5°95
Landforms
b JSS e
LS Factor
g Jsb 555

BSI
I1BI

EVI 2

VARIgreen

GNDVI

TCW

TCG

NRVI

WE
AH
Aspect
CA
CS
CD
CNBL
CND
CN
CD
Cl
Diffuse
DI
FD
Geomorphons
Landforms

LS Factor

(NIR-Red)/ (NIR+2.4xRed+1) 2.5x

(Green—Red)/ (Green+Red—Blue)

(NIR—Green)/(NIR+Green)

NIR/Red

RS

299 3| phors
RS

293 3| phors
RS

293 3| phomias
RS

299 3| phors

RS
293 1 o
RS
293 31 o
RS
293 31 o
RS
293 31 st
DEM
EW)l (008, Al
DEM
EW)l (008, adils
DEM
EWS)l 098, it
DEM

EW)l (ogb) 4
DEM

EW)l (088 Al
DEM

EW)l (088 Al
DEM

EW)l (ogb) 4l
DEM

EW)l (ogb) 4
DEM

EW)l (ogb) 4
DEM

EW)l (o8 4l
DEM

EW)l (o8, 4l
DEM

e 098 it
DEM
e 098 it
DEM
e 098 it
DEM
EW)l (o8 At
DEM

EW)l (o8 4t
DEM

EW)l (ogb) 4t



¥ oo 5 o g cilo (5 SOl (50,50 g j coliiwl L S5 Cdl s3] (098 (6,10 paddis (] ) g Silg s

Olaya (2004)
Olaya (2004)
Olaya (2004)
Olaya (2004)
Olaya (2004)
Olaya (2004)
Olaya (2004)
Olaya (2004)
Olaya (2004)
Olaya (2004)
Olaya (2004)
Olaya (2004)

Olaya (2004)

Olaya (2004)

Olaya (2004)
Olaya (2004)
Olaya (2004)

Olaya (2004)

Olaya (2004)

Olaya (2004)
Olaya (2004)

Olaya (2004)

Mass Balance Index
P Jolas asls
Modified Catchment Area

MRRTF

Plan Curvature
awe sl
Relative Slope Position
Slope Height
b )|
Slope
Standardized Height
3ylusbl glis))
Stream Power Index
ol oIy padls
Surface Area
rhew colue
Watershed Basins
sl 4
Wind Exposition
ol cqa
Valley depth (m)

0)3 Gos
Multiresolution index of valley
bottom flatness
YL zgog a2 L 0)d ©)lgen eSS
Normalized Height
odJlo 5 gl
Midslope position
sl e Cusdge
Terrain surface texture
O aw
Slope gradient
B
Vertical Distance to Channel
Network

gy 4 U (g290s dlold
Solar radiation or insolation
Sedygs G
Convexity
Topographic Wetness Index
Cagoy Sl S sl

MBI
MCA
MRRTF
PC
RSP
SH
Slope
SH
SPI
SA
wB
WE

VD

MRVBF

NH
MS
TE

SG

VDCN

SROI
Convexity

TWI

DEM
el 058 4kl
DEM
el 058 4k
DEM

EW)l (ogd) 4t
DEM

EW)l (ogd) 4t
DEM

el 058 4kl
DEM

el 058 4kl
DEM

EW)l (058 Al
DEM

EW5)l 098, it
DEM

EWS)l 098, it
DEM

EW)l (008, adils
DEM
EW)l (008, adils
DEM

EWS)l 098, it
DEM

g (s098) A
DEM
)l (s098) s
DEM

EW)l (088, Al
DEM

EW)l (088, Al
DEM

EW)l (ogb) 4l
DEM

g (s098) A
DEM
g 098 A
DEM

EW)l (o8 Al
DEM

e 098 it
DEM
e 098, it

dlo)lyhla ),g9L43 )‘ ool Cawddy dlﬁ)ﬁ.&'ﬁ L;}LA: a)'l_\.i‘ b cwlin
0L (St dbol el oo (gla piio (oYU ol i LS

.9 jl Liex RS=Remote sensing ¢l 48, 8 DEM=Digital elevation model

2l claJUT LAB=laboratory analysis « cab ¢ i R=Telief o clygge O=0rganism Sk 334 S= soil properties

Cooyd Colps ;0 a7 Jodo A dupd (Jausne yuxie VO (£ goome 50
oo Yoo Jsbo ojluil b Jae (glausio plod & bgipe (6w,



VFe¥ wihwl- (pogg & oylods FY ol (SB g ol a,u AVY

8,8 148 Lo laieds ol mje e Jloys d 3o

(Y 93 tian) Grbile (5 Sl (5 anas

Siledie & udle pSb e SlilhS bl
o1 M il 3o 5 il o odlizul LB SB gla 556
Gos 90,0 SB bl slinl (gilwJde o e cpl L L cwl
O 3 el 2359565 )18 (@bl 3)90 ¢ Slllas adlaie )3 )l 350
bl agg o sl jusio 5 oS e cla e
Sl yie olpon & SB b il oalS pagin Jhe rie
2 ek 350 (S (025] G (gl 0ub ] gy e
Biatal,) solay Kin Jio 000,85 oolaiwl 35 Sllllas adlaio
B> sladilbls p e cpible (6500 la e 31 (S (2004
> ki 5> bai )8 03258 0 51 (S Clgis s 0590l &S ol
J3e ijoel a0 (Beriman, 2001) 3945 oo Gguime S 048,
U9y dhwgls 3 ol 0 oSl claFa (dolai JSis
Slad ©ygo LSy ) Glasgere Gl JHIS L Rl
P 38 oM (dmiby dsgeen; g dnie (el 5 Sl
W35 o bl Bolal < yguods 8,5 punds (yled ol

Dl Sl ey S o] a4 350 Iyl o
Silwdde sl bl o 0aS L s Hlisl g coro
sodls 4y ogMe ¢ 058y (g b padd » SB cdl glinl s
5 eliyl 058y Jdo 3l odd i (oS slaodly 4 b Slalis
9 ik g (S puie YA jlate (s Bl J lojlgale gl
Sooaly obj e d dx g Lo S sl o0 ) iomis juite Y2
ot Syt laied; qgjludio 115 5 ealitul (gl S50
Py Bolk wiposl g by ey yeSE (bgy I oS
e 31 00l degesme o iaslio Wbl g,y SPSS(V.20) 33l
W (arme lajeste QBRI g oad ang aee (sl JS

A8l o syppd s o yieS @)L e glnl el

1Se g ludas
(V 320ks) ool (e 5 3uaso

O] B9 (s &yl gl p3 A pdy Ojgo gl g2yl
CM) oxdaw slos! 13 S el glinl SleMbl 355 sl gyl
A5 sy yy dalllas 390 ddlaio o (Ye=F+CM) oo 45 g (+=V>
AIC GIS Jl58lp 5 Lawgs sk ol o ool 3y90 (cla sl oolos
55 gy wlely Geostatistical Analyst sy 10.8 dseus
e layie 5 Cépdy ©jeo (Co-Kriging) U8
ol 04 BLY Jgdo 30 sy o9l LPSD i (sl coniie
5 odlawwl (slys (Covariates) SeS' L Jace (sl pusio picron
B 823,85 QB gy (Ko B9y 4 Sz S5 (b9
sl yiag ()l (o) sloig) 3ilp pll ) oS sl o)L
ol 0 a8 05 Juols laeksl baodls laodls ms595 (298 Jloy 5l &8
&Y U+ o (Sl g =Y B+ oo (Ne polie ikgh

Sz 5595 )bl (e 9y (812 e (S iie —Y g
Table 2- The selected covariates for Co-Kriging geostatistics method

Soil properties Depths Covariates 1 Covariates 2 Covariates 3
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Table 3- Statistical summary of Soil Texture Particles in study area at surface and subsurface depths
Sk il gl Glsl ke SBlas Gl e Bl ol CLYCH JOVES U

Soil texture Depths Mean Min Max SD (9
Sand 0-30 25.6 8.50 68.54 11.2 0.45

o 30-60 26.0 3.76 66.06 12.58 0.48

Silt 0-30 36.4 10.13 70.66 10.7 0.29
s 30-60 38.3 4.91 76.13 10.69 0.30
Clay 0-30 379 10.21 65.32 9.78 0.25

o 30-60 35.6 10.45 63.36 9.90 0.25

CV: Coefficient of variation, SD: Standard deviation, Max: Maximum, Min: Minimum
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Table 4- Environmental covariates used in Soil Texture Particles spatial prediction
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Soil Forming Factor Symbol Environmental variable Source
gl g VD 0)3 (3o
Topography (r) Valley depth
sk g TE Gty g gty <8l a3 Ld
Topography (r) Terrain surface texture eyl a8y o
b g TWI Gl g g o a3 LS Digital elevation model
Topography (r) Topographic wetness Index
sl g (g cl o oesL
Topography (r) Clay Index
oy NDVI odd oy LS b Jlola jadls 9% 3l Lo (sl ool
Organism (O) Normalized differences vegetation index Remote sensing

isuts SCOMPAN Jdo )3 (gt ) 9 (sl g (St (sloygS LS s 50, 0 5 T
r, p represents topography and organism factors in the scorpan model, respectively.
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Figure 2- Environmental covariates used in Soil Texture Particles spatial prediction
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Table 5- Validation results of the geostatistics model and machine learning models for Soil Texture Particles at surface and
subsurface depth in the study areas

3T als ] Jue O R G R2 NnRMSE PRD

Property The best predictive model Depth (cm)
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Sand SVR 0-30 0.16 0.62 0.70
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Co-kriging 0-30 0.16 0.97 0.45
30-60 0.06 0.87 0.55
RE 0-30 0.48 0.19 1.47
30-60 0.64 0.24 1.21
Silt SVR 0-30 0.10 0.32 0.90
s 30-60 0.06 0.34 0.83
Co-kriging 0-30 0.002 0.86 0.34
30-60 0.01 0.90 0.31
RE 0-30 0.52 0.16 1.67
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Clay SVR 0-30 0.08 0.27 0.95
o 30-60 0.11 0.27 1.03
- 0-30 0.04 0.46 0.56
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FIAD 5l o 5 (CCC)' o Gl (Stvod 053 5 (RE) e
Opored Dy piie Lo yd DA B AF 5 ¥ B FY MY BAA ANV L
9 V/Yd RPD (Tu'msavas et al., 2019) . ,\Ken o (ilglusgs

00,8 )55 e g oy cmsiu (sl 1y VIO

sl (5La yaiie Susenl
o ML ladse ngin ) me lopsie LS 5 450
223 &yl eolawl 3)50 030> dcgasme Cuble y50 j3 o yiin Wlg
S S8 5 ML a2 QR 4 J e 04
$2959 iz & bjliel jasass Bl groes b Shy (i
S 2ol 1) gilede ) Sl o ete U A8 o ool )
S Syt g sl oad odlitnl (Jaxe (sl e Cuenl
JS5 )3 RF o Loy oo ) g ooxbaw glas] 55 S )b
Slp o #0 95+ LVD Lolul cpl il o odly oyl ¥
ot sl vop Ve v pjg (v Bos ) 0b moin
P 0y S Sl Lo PO g Ve g (xaw Bes ) Cow
Sl b ol Comnl (it Gl (odaw 25 9 (raw Bes 9
S TWIE 5 TE (glajste (oo yj Boe 53 Sl (mipie
ok @l ol (V7 JS3) adli oo VD &y s (gt Sl

3- Lin’s Concordance Correlation Coefficient

23,8 eMel 3.5 (Shahriari et al., 2019) |,\Ken 5 (5L yoe

sl sy 2,8das Sl (6)lel e (sloJdo 4 s RF 1o oS
Llgy Slyice (Bolas S Jo sl 19y 9 Sl 08 (Sl
P el SB Gl Shy s e i o (Jad
LG sl B ppizmen blod blod (i 5 sjldie 1015 o
Lles 6ol (B3l 08 9 Ble (e S Jl o slaedls o pe
Sowse gl (Azizi et al., 2023; Khosravani et al., 2023a)
RF Jao YL cds> )5k, 55 (Mousavi et al., 2020) ) o
Sl (Jos Jols SB (xas slashsy ot
sl (Jgame Sizm S o9y 41 Canmd s 5 oy ¢ Jolro ol
aS oy Wi 3 (Sahraei et al., 2022) ) \Son 5 oo ol
Slas 6l (SVM)' ol Joe edle J3o & Cai RF Jas
Jae a5 3655,8 pMel Ll ] S5 il il il s
RF 1o odmy sl Jde 4y Cond £y i bld 4 SVM
@ Comd RE Juo cplply cimd oo LS 1) (e Cunbad pae
Adbe By SB il i clp ) 65YL <8 SVM s
Ol &8 2 ol 0 (Zhang et al., 2023) | Ken ¢ Sl gl
0S3le &S g pgbor s oo GRIBISB Gas L o] 95 5 SB )
cupd (RMSE) s clay o u55ko adyy (MAE) Gsllas (sl

1- Support Vector Machine
2- Mean Absolute Error



ayy oo 5 o g cilo (5 SOl (50,50 g j coliiwl L S5 Cdl s3] (098 (6,10 paddis (] ) g Silg s

o Sl clolgai b oy el STy o5 ol ol
L VD [asls &8 gygbots Camr baslyon (Y S g 0 ¥ JSC3)
e STy ol s 3 1) Gy Curmnl (e VL
(LieR et al., 2012) buwgi 5 (olie guls «al 03gad ] )
9 &) Gl b Les o) 53 (o) e 4T 253505 (o 9 18 5,15
b oo il cud lodl b g gals cud

Sy 5 (s 5 b 3a5) 0 o Sy (5550
5 O 3B L ) (eliie 259 ¥ USS bl (e Bos)
9 OF/YY g VONNY odaw Gos 50 0dd i oy jlide oy yieS
Lo )d (uaﬂ ¥ Jg.w) YY/5. 9 WIVY ).gl)..g ux]am Bos 2 u.l.w.:
2 3o 93 0 byl i () S 35 sdalde
13,5 ssnlive dslllas 350 ddlaio Coand (xS po 5 (Jlowd Cuound
03,5 oanliie aalllas 390 ddhaie Cams (Slgi 0 o ke oy 2eS
2 s Glyuss B9y (@ F JS5) 3o oS caol Jb jd s o)
g Cony gblie a3l palie () ¥l & (v Gos
aslllas 350 dilaio (53S0 Chowd 0 gow) (Sl Cudd pised
O‘il LY D90l Oli'f O‘?g&.f u:]);l_..: BUVATY) S d’l?.)' ﬁblli.o d9l>
b S sl lipl glp awy) g (daw Bas 90 )0 Oy
&3P &S 039 gy g9 vl gaanl Jlgs I Slie ool s
Omed 0 A o bl Bes d maw 1y cdl glisl ) alaiel
o 98 byl (Wilcke et al., 2008) ) Sen 5 Sy L,
5 905 Loyl 395 Sldllas gddlais o gli)l g S il gl
b el dinly (glo ol )l o Cute  (Stuned S oS 3900 o
Gessler et al., 2000; Ziadat, )  piize plo lowg polie
bls,l 5,50 ;5 (2005; Riza et al., 2021; Mousavi et al., 2023
Slaan] b ol osd sdalie glis) Gl yuss g SB cél glipl oy
2o g9y 2 sy 5 il slasnlp JS b (B Sg
a5y 5blie 53 e 5 it he S il Iinl e L8],
Ol e gl Bblie )3 9 (55 e iy (o 4L 5 415)
..))1.) .)9?9 80 )IJJLO

Wby plo 0 (S8 (lojsio Glgsa Al o badss oyl
5 o3l LB Ol (s S 5 (3l] oo & bgye (slacsn,
(Ostovari et al., 2021) 15,5 1,3 soliwl )90 SB (4 5u5diol>

2- Multi Resolution Index of Valley Bottom Flatness

Foe SB Oy G Sl p (BS99 slaiie &5 a3
Oer 5 e o) (B @l b aslh ol il
Taghizadeh-Mehrjardi et al., 2016; Maleki et al., 2023; )
pdie (6,51 g ol sl o (Khosravani et al., 2023b)
o ki (Pahlavan-Rad & Akbarimoghaddam, 2018)
I by J5S L baee SB b ojlul @iy p (S5 gy usl
Mahmoudzadeh et al., ) 538 o ysb S @lyd & Jo> g
S o adl,s (Zhang et al., 2019) ))\SKea 5 KI5 (2020
adllas 53 505 )5 (3,555 (clo J S o pmo 3 A 4y s
l SK @l aje & cul BlSes Jole opiare VD yibs
Gl w3 (390 alols Kby VD sl a3 50 cou
RS CueS o Gl (o Jole nlpl el JUET e
(Lee et al., 2020) cwl Sidde,und slasnld o 38156
Pahlavan-Rad &) pade ST 5 o) lsles
Otpege |y anlyl a3 b alols (Akbarimoghaddam, 2018

John et) ohlKea 5 ole 03,5 (plolid ) (Gmpier 3 e
Ry \) );)j 0)9> g TWI u_‘a.».‘xn dLm),,i:a (al., 2020
Olrllog 3 133, (8 yme SB slo Shy (i Sl sl ite
Solged asls 35 (Dharumarajan & Hegde, 2022) ou8» 4
ke (o piete Olgieds |y (MIVBF) YL S5 a0 b oyd i
Codlil o LIS 00,8 (Byme Sl Se miel s 5
g gyl e98) Jio aS” W25 Ly (Kaya & Basayigit, 2021)
SB O @35 o > asre slagiie (o yege o Slinie

SB 3 lse e

Cokriging s SVM Jis 93 & Cuus RF Jao a0l @y a5
ol 351 1058 3 ST il elinl i st el oYL s )
ok ¥ JSS » RF Jao lawgy SB il S mje slaaiis
aw Bes )0 oy Sl g Bl ¥ S uloly ol o 00l
VoIXY cwpa (odaw p Bes 0 9 OV/AY 5 V-/AY Ciy &
P e (S 43,5 edalie Moy (z 5 & ¥ JS3) OF/AY
adlllas 3)90 ddlate Jlod Chond )3 (raw g (raw e 93 2
b3S ye aope (15 5 ol e e & Jb 0 b gt
20 299 g

Sty )3 ey Hle (9 omlb &5 dyee 4 o
A olends Cgwy g piulo il p 8t & wly Jles
O 3 b gL g @i pe (3blie oS (bt Bl oo (SIS 9295
ol 4 e el JUil g (S5 S Gail & 039 Jlod

1- Channel Network Distance



VPV wolwl— Crogs oF o lo IV uls (SB g of 4 g YA

Sand 0 - 30 cm = Sand 30 - 60 cm =

s
-

-

Relatrve imporasce
| e
s 4
.,c-i-'v-tiu)a
T 8 €

5 £
” i »m
. ; -
v . ;- » . "
! B = _ = u = 0 _ =
v . ™ (4] L w n " N "
Ui e S e Al e S ke
b) Silt0 - 30 em —— Silt 30 - 60 cm e

Relative importance
o e e

T ¥ = 8 ¥ &8
Relatie imporasce
OISV

= « %2 9 ¥ O B OB S

' ‘
. = =

w » -~ ™~ L w " Al ™ -
St e A i Al e 5 e
c) Cluy 0-30¢m Clay 30 - 60 em =
. ]

Relative imponance
e | e o
2 E B
i -ul o
8 5

g w
»
X}
& 2 20 &
" m w
" q ' m :
: H = = H ; m H =
o i g ™ ™ o vt " W o e
Optimal sy sromncutal covaiuos Optimal eny irounestal covarsiles
B s e S Ala

Mﬂ},@@é«:)bw).ysw.y‘&ﬁ.lewu&ﬁdlﬂwdhﬂﬁoml)b,&—fﬁ
Figure 3- Diagram of importance of environmental variables for predicting a. sand, b. silt and c. clay at surface and
subsurface depth



AL ma (slo e 3 cmblo (5,0l (500,543, 3 o0liis] s S U (5132 cosd ) (6,10 il 5,150 3 g s

Clay 0- 30 ¢m

= High : 52.57
Low : 2093

Sand 0- 30 cm

Sand 30- 60 cm

Clay 30- 60 c —

; High : 55,17
- High : 52.94 — igl
. Low : 20,42 - Low : 14.46

— High : 54.24
_— Low : 15.14

Silt 0- 30 ¢
g High : 73.60

- Low : 17.23

Silt 30- 60 cm

High : S3.52
i g
Low:2493 024 8 12 16

by )y (E w3 o (& o 15 Sl (e (daw (u s > o (o s Cdaw (< &390 ki - IS
RF Juo buwgi 0w (ot yi
Figure 4- The distribution map of Sand, Silt and Clay predicted in the surface and subsurface depth by the RF model (From
top right to bottom left).

Gy Jle o Sdes 13 590 il Lo sloodls b oljan glas)l 068,
4 VD e a5 gysboas 29 %o juby Como g o b oty
adbate > SB Ol S mjgf (mobe 2 e (e e
P OlF e csmuie By wlibl gly s slelis adles )50
ool 350 3,595 (yired 3,5 sdlatwl (gl glaedls 5  sloa
sbais gans slp gl flesa Sl G ol

2,8 )1y8 eolasiwl 5y50 S ply o e

S 5 4ol

SE il gl gbais cans K5 B b sl Siagh

2ol ghobe slygSl o ytege (2lslid 5 (o 5 S ¢ 0)
5 oile S0l el Jie (SoS b cudgye b Ll 5 oo
Co- 5 SVR Jus & Cuws RF Juo 055 plbosl (g)lel e
o) o Bos 93 2 53 (o) 9 Clow (38 (S 3 Kriging
bl (g 3 )8os (ol ¥emF ) (oxdaw 15 5 (el
Cugby wbe) (eoasie Jalge bawg & S b gl 4 a2

&bo

1. Arrouays, D., McBratney, A., Bouma, J., Libohova, Z., Richer-de-Forges, A.C., Morgan, C.L., & Mulder, V.L.
(2020). Impressions of digital soil maps: The good, the not so good, and making them ever better. Geoderma
Regional, 20, e00255. https://doi.org/10.1016/j.geodrs.2020.e00255

2. Azizi, K., Garosi, Y., Ayoubi, S., & Tajik, S. (2023). Integration of Sentinel-1/2 and topographic attributes to predict
the spatial distribution of soil texture fractions in some agricultural soils of western Iran. Soil and Tillage
Research, 229, 105681. https://doi.org/10.1016/j.still.2023.105681

3. Breiman, L. (2001). Random forests. Machine learning, 45, 5-32. https://doi.org/10.1023/A:1010933404324

4, Bi,D., Li, Y.F. Tso, S.K., & Wang, G.L. (2004). Friction modeling and compensation for haptic display based on
support vector machine. IEEE Transactions on Industrial Electronics, 51(2), 491-500. https://doi.org/10.1109/

TIE.2004.825277


https://doi.org/10.1016/j.geodrs.2020.e00255
https://doi.org/10.1016/j.still.2023.105681
https://doi.org/10.1023/A:1010933404324
https://doi.org/10.1109/%20TIE.2004.825277
https://doi.org/10.1109/%20TIE.2004.825277

VP wiiwl- (poge o oyl IV uls (S g o s ¥

10.

11.

12.
13.

14.

15.

16.
17.

18.

19.

20.

21.

22.

23.

24,

25.

26.

Dharumarajan, S., & Hegde, R. (2022). Digital mapping of soil texture classes using Random Forest classification
algorithm. Soil Use and Management, 38(1), 135-149. https://doi.org/10.1111/sum.12668

de Jesus Duarte, S., Glaser, B., & Pellegrino Cerri, C.E. (2019). Effect of biochar particle size on physical,
hydrological and chemical properties of loamy and sandy tropical soils. Agronomy, 9(4), 165. https://doi.org/
10.3390/agronomy9040165

Chen, T.L., Shi, Z.L., Wen, A.B., Yan, D.C., Guo, J., Chen, J.C., & Chen, R.Y. (2021). Multifractal characteristics
and spatial variability of soil particle-size distribution in different land use patterns in a small catchment of the Three
Gorges Reservoir Region, China. Journal of Mountain Science, 18(1), 111-125. https://doi.org/10.1007/s11629-
020-6112-5

Chen, Y., Ma, L., Yu, D., Zhang, H., Feng, K., Wang, X., & Song, J. (2022). Comparison of feature selection
methods for mapping soil organic matter in subtropical restored forests. Ecological Indicators, 135, 108545,
https://doi.org/10.1016/j.ecolind.2022.108545

Faé, G.S., Montes, F., Bazilevskaya, E., Afid, R.M., & Kemanian, A.R. (2019). Making soil particle size analysis
by laser diffraction compatible with standard soil texture determination methods. Soil Science Society of America
Journal, 83(4), 1244-1252. http://doi.org/10.2136/sssaj2018.10.0385

Friedman, JH., & Meulman, JJ. (2003). Multiple additive regression trees with application in
epidemiology. Statistics in Medicine, 22(9), 1365-1381. https://doi.org/10.1002/sim.1501

Gessler, P.E., Chadwick, O.A., Chamran, F., Althouse, L., & Holmes, K. (2000). Modeling soil-landscape and
ecosystem properties using terrain attributes. Soil Science Society of America Journal, 64(6), 2046-2056.
https://doi.org/10.2136/ss5aj2000.6462046Xx

Geology.com/news/2010/freelansatimages-from-USGS-2. http://glovis.usgs.gov.

Gomes, L.C., Faria, R.M., de Souza, E., Veloso, G.V., Schaefer, C.E.G., & Fernandes Filho, E.I. (2019). Modelling
and mapping soil organic carbon stocks in Brazil. Geoderma, 340, 337-350. https://doi.org/10.1016/j.geoderma
.2019.01.007

Hengl, T., Mendes de Jesus, J., Heuvelink, G.B., Ruiperez Gonzalez, M., Kilibarda, M., Blagoti¢, A., & Kempen,
B. (2017). SoilGrids250m: Global gridded soil information based on machine learning. PLoS One, 12(2), e0169748.
https://doi.org/10.1371/journal.pone.0169748

Hossain, M.S., Rahman, G.M., Alam, M.S., Rahman, M.M., Solaiman, A.R.M., & Mia, M.B. (2018). Modelling of
soil texture and its verification with related soil properties. Soil Research, 56(4), 421-428. https://doi.org/10.1071/
sr17252

Jenny, H. (1994). Factors of soil formation: a system of quantitative pedology. Courier Corporation.

John, K., Abraham lIsong, I., Michael Kebonye, N., Okon Ayito, E., Chapman Agyeman, P., & Marcus Afu, S.
(2020). Using machine learning algorithms to estimate soil organic carbon variability with environmental variables
and soil nutrient indicators in an alluvial soil. Land, 9(12), 487. https://doi.org/10.3390/1and9120487

Kaya, F., & Basayigit, L. (2022). Spatial prediction and digital mapping of soil texture classes in a Floodplain using
multinomial Logistic regression. In Intelligent and Fuzzy Techniques for Emerging Conditions and Digital
Transformation: Proceedings of the INFUS 2021 Conference, held August 24-26, 2021. Volume 2 (pp. 463-473).
Springer International Publishing. https://doi.org/10.1007/978-3-030-85577-2 55.

Khosravani, P., Baghernejad, M., Moosavi, A.A., & FallahShamsi, S.R. (2023). Digital mapping to extrapolate the
selected soil fertility attributes in calcareous soils of a semiarid region in Iran. Journal of Soils and
Sediments, 23(11), 4032-4054. https://doi.org/10.1007/s11368-023-03548-1

Khosravani, P., Baghernejad, M., Moosavi, A.A., & Rezaei, M. (2023). Digital mapping and spatial modeling of
some soil physical and mechanical properties in a semi-arid region of Iran. Environmental Monitoring and
Assessment, 195(11), 1367. https://doi.org/10.1007/s10661-023-11980-6

Lee, S., Baek, W.K., Jung, H.S., & Lee, S. (2020). Susceptibility mapping on urban landslides using deep learning
approaches in Mt. Umyeon. Applied Sciences, 10(22), 8189. https://doi.org/10.3390/app10228189

Loiseau, T., Chen, S., Mulder, V.L., Dobarco, M.R., Richer-de-Forges, A.C., Lehmann, S., ... & Arrouays, D.
(2019). Satellite data integration for soil clay content modelling at a national scale. International Journal of Applied
Earth Observation and Geoinformation, 82, 101905. https://doi.org/10.1016/j.jag.2019.101905

Lucas, M., Schliiter, S., Vogel, H.J., & Vetterlein, D. (2019). Soil structure formation along an agricultural
chronosequence. Geoderma, 350, 61-72. https://doi.org/10.1016/j.geoderma.2019.04.041

Ma, Y., Minasny, B., Malone, B.P., & Mcbratney, A.B. (2019). Pedology and digital soil mapping (DSM). European
Journal of Soil Science, 70(2), 216-235. https://doi.org/10.1111/ejss.12790.

Mabhler, P.J. (1970). Manual of Multipurpose Land Classification. Report no. 212. Soil and Water Research Institute,
Tehran. Iran. (In Persian)

Mahmoudzadeh, H., Matinfar, H. R., Taghizadeh-Mehrjardi, R., Kerry, R. (2020). Spatial prediction of soil organic
carbon using machine learning techniques in western Iran. Geoderma Regional, 21, e00260.
https://doi.org/10.1016/j.geodrs.2020.e00260


https://doi.org/10.1111/sum.12668
https://doi.org/%2010.3390/agronomy9040165
https://doi.org/%2010.3390/agronomy9040165
https://doi.org/10.1007/s11629-020-6112-5
https://doi.org/10.1007/s11629-020-6112-5
https://doi.org/10.1016/j.ecolind.2022.108545
http://doi.org/10.2136/sssaj2018.10.0385
https://doi.org/10.1002/sim.1501
https://doi.org/10.2136/sssaj2000.6462046x
http://glovis.usgs.gov/
https://doi.org/10.1016/j.geoderma%20.2019.01.007
https://doi.org/10.1016/j.geoderma%20.2019.01.007
https://doi.org/10.1371/journal.pone.0169748
https://doi.org/10.1071/%20sr17252
https://doi.org/10.1071/%20sr17252
https://doi.org/10.3390/land9120487
https://doi.org/10.1007/978-3-030-85577-2_55
https://doi.org/10.3390/app10228189
https://doi.org/10.1016/j.jag.2019.101905
https://doi.org/10.1016/j.geoderma.2019.04.041
https://doi.org/10.1111/ejss.12790
https://doi.org/10.1016/j.geodrs.2020.e00260

A¥)

sharmo G ko g (lilo (6 S0l 0,9 5l edliiwl b S b gl32] (s0g8) (5519 i (o 9 (Slg pous

217.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42,

43.

44,

45,

46.

47,

48.

Maleki, S., Karimi, A., Mousavi, A., Kerry, R., & Taghizadeh-Mehrjardi, R. (2023). Delineation of soil management
zone maps at the regional scale using machine learning. Agronomy, 13(2), 445. https://doi.org/10.3390/agronomy
13020445

Malone, B., & Searle, R. (2021). Updating the Australian digital soil texture mapping (Part 1*): re-calibration of
field soil texture class centroids and description of a field soil texture conversion algorithm. Soil Research, 59(5),
419-434. https://doi.org/10.1071/SR20283

McBratney, A.B., Santos, M.M., & Minasny, B. (2003). On digital soil mapping. Geoderma, 117(1-2), 3-52.
https://doi.org/10.1016/S0016-7061(03)00223-4

Minasny, B., & McBratney, A.B. (2006). A conditioned Latin hypercube method for sampling in the presence of
ancillary information. Computers & geosciences, 32(9), 1378-1388.https://doi.org/10.1016/j.cage0.2005.12.009
Mosleh, Z., Salehi, M. H., Jafari, A., Borujeni, I.E., & Mehnatkesh, A. (2016). The effectiveness of digital soil
mapping to predict soil properties over low-relief areas. Environmental Monitoring and Assessment, 188, 1-13.
https://doi.org/10.1007/s10661-016-5204-8

Mousavi, S.R., Sarmadian, F., Omid, M., & Bogaert, P. (2021). Digital modeling of three-dimensional soil salinity
variation using machine learning algorithms in arid and semi-arid lands of Qazvin Plain. Iranian Journal of Soil and
Water Research, 52(7), 1915-1929. https://doi.org/10.22059/ijswr.2021.323030.668957

Mousavi, S.R., Sarmadian, F., Angelini, M.E., Bogaert, P., & Omid, M. (2023). Cause-effect relationships using
structural equation modeling for soil properties in arid and semi-arid regions. Catena, 232, 107392. https://doi.org/
10.1016/j.catena.2023.107392

Mousavi, S.R., Parsayi, F., Rahmani, A., Sedri, M.H., & Kohsar Bostani, M. (2020). Spatial prediction some of the
surface soil properties using interpolation and machine learning models. Journal of Soil Management and
Sustainable Production, 10(3), 27-49. (In Persian with English abstract). https://doi.org/10.22069/EJSMS
.2021.17251.1916

Mousavi, S.R., Sarmadian, F., Rahmani, A., & Khamoshi, S.E. (2019). Digital soil mapping with regression tree
classification approaches by RS and geomorphometry covariate in the Qazvin Plain, Iran. The International Archives
of the Photogrammetry, Remote Sensing and Spatial Information Sciences, 42, 773-777.

LieR, M., Glaser, B., & Huwe, B. (2012). Uncertainty in the spatial prediction of soil texture: comparison of
regression tree and Random Forest models. Geoderma, 170, 70-79. https://doi.org/10.1016/j.geoderma.2011.10.010
Organization of Geology and Mineral Explorations of Ira, (1995). Geology map (1:100000) scale. Marvdasht, Fars,
Iran.

Ostovari, Y., Moosavi, A.A., Mozaffari, H., & Pourghasemi, H.R. (2021). RUSLE model coupled with RS-GIS for
soil erosion evaluation compared with T value in Southwest Iran. Arabian Journal of Geosciences, 14, 1-15. https://
doi.org/10.1007/s12517-020-06405-4

Olaya, V. I. C. T. O. R. . A gentle introduction to SAGA GIS. The SAGA User Group eV, Gottingen, Germany, 208.
Padarian, J., Minasny, B., & McBratney, A.B. (2019). Machine learning and soil sciences: A review aided by
machine learning tools. SOIL, 6, 35-52. https://doi.org/10.5194/s0il-6-35-2020.

Pahlavan-Rad, M.R., & Akbarimoghaddam, A. (2018). Spatial variability of soil texture fractions and pH in a flood
plain (case study from eastern Iran). Catena, 160, 275-281. https://doi.org/10.1016/j.catena.2017.10.002
Paramasivam, C.R. (2019). Merits and demerits of GIS and geostatistical techniques. GIS and Geostatistical
Techniques for Groundwater Science, 17-21.

Poppiel, R.R., Lacerda, M.P., Dematté, J.A., Oliveira Jr, M.P., Gallo, B.C., & Safanelli, J.L. (2019). Pedology and
soil class mapping from proximal and remote sensed data. Geoderma, 348, 189-206. https://doi.org/10.1016/
j.geoderma.2019.04.028

Parent, E.J., Parent, S.E., & Parent, L.E. (2021). Determining soil particle-size distribution from infrared spectra
using machine learning predictions: Methodology and modeling. Plos  One, 16(7), €0233242.
https://doi.org/10.1371/journal.pone.0233242

Radogaj, D., Jurisi¢, M., Antoni¢, O., Siljeg, A., Cukrov, N., Rap&an, L., Plaséak, 1., & Gagparovi¢, M. (2022). A
multiscale  cost-benefit analysis of digital soil mapping methods for sustainable land
management. Sustainability, 14(19), 12170. https://doi.org/10.3390/su141912170

Riza, S., Sekine, M., Kanno, A., Yamamoto, K., Imai, T., & Higuchi, T. (2021). Modeling soil landscapes and soil
textures using hyperscale terrain attributes. Geoderma, 402, 115177.

Rossel, R.V., & McBratney, A.B. (2008). Diffuse reflectance spectroscopy as a tool for digital soil mapping.
In Digital soil mapping with limited data (pp. 165-172). Dordrecht: Springer Netherlands. https://doi.org/
10.1007/978-1-4020-8592-5 13.

Sahraei, N., Landi, A., & Hojati, S. (2022). Digital mapping of soil texture components in part of Khuzestan plain
lands using machine learning models. Iranian Journal of Soil and Water Research, 53(10), 2261-2276.
https://doi.org/ 10.22059/ijswr.2022.348442.669360


https://doi.org/10.3390/agronomy%2013020445
https://doi.org/10.3390/agronomy%2013020445
https://doi.org/10.1071/SR20283
https://doi.org/10.1016/S0016-7061(03)00223-4
https://doi.org/10.1016/j.cageo.2005.12.009
https://doi.org/10.1007/s10661-016-5204-8
https://doi.org/10.22059/ijswr.2021.323030.668957
https://doi.org/%2010.1016/j.catena.2023.107392
https://doi.org/%2010.1016/j.catena.2023.107392
https://doi.org/10.22069/EJSMS%20.2021.17251.1916
https://doi.org/10.22069/EJSMS%20.2021.17251.1916
https://doi.org/10.1016/j.geoderma.2011.10.010
https://doi.org/10.5194/soil-6-35-2020
https://doi.org/10.1016/j.catena.2017.10.002
https://doi.org/10.1016/%20j.geoderma.2019.04.028
https://doi.org/10.1016/%20j.geoderma.2019.04.028
https://doi.org/10.1371/journal.pone.0233242
https://doi.org/10.3390/su141912170
https://doi.org/%2010.1007/978-1-4020-8592-5_13
https://doi.org/%2010.1007/978-1-4020-8592-5_13
https://doi.org/%2010.22059/ijswr.2022.348442.669360

VFe¥ il (pogg & oylods FY ol (SB g ol i AFY

49,

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

Shahriari, M., Delbari, M., Afrasiab, P., & Pahlavan-Rad, M.R. (2019). Predicting regional spatial distribution of
soil texture in floodplains using remote sensing data: A case of southeastern Iran. Catena, 182, 104149.
https://doi.org/10.1016/j.catena.2019.104149

Sahraei, N., Landi, A., & Hojati, S. (2022). Digital mapping of soil texture components in part of Khuzestan plain
lands using machine learning models. Iranian Journal of Soil and Water Research, 53(10), 2261-2276. (In Persian
with English abstract). https://doi.org/10.22059/ijswr.2022.348442.669360

Sgrensen, H. (2004). RPD revisited — a mean to distinguish between poor and good predictions. Journal of Near
Infrared Spectroscopy, 12(6), 321-327.

Swain, S.R., Chakraborty, P., Panigrahi, N., Vasava, H.B., Reddy, N.N., Roy, S., Majeed, I., & Das, B.S. (2021).
Estimation of soil texture using Sentinel-2 multispectral imaging data: An ensemble modeling approach. Soil and
Tillage Research, 213, 105134. https://doi.org/10.1016/j.still.2021.105134

Taghizadeh-Mehrjardi, R., Toomanian, N., Khavaninzadeh, A. R., Jafari, A., & Triantafilis, J. (2016). Predicting
and mapping of soil particle-size fractions with adaptive neuro-fuzzy inference and ant colony optimization in
central | ran. European Journal of Soil Science, 67(6), 707-725. https://doi.org/10.1111/ejss.12382

Tashayo, B., Honarbakhsh, A., Akbari, M. & Eftekhari, M. (2020). Land suitability assessment for maize farming
using a GIS-AHP method for a semi-arid region, Iran. Journal of the Saudi Society of Agricultural Sciences, 19(5),
332-338. https://doi.org/10.1016/j.jssas.2020.03.003

Tiimsavas, Z., Tekin, Y., Ulusoy, Y., & Mouazen, A.M. (2019). Prediction and mapping of soil clay and sand
contents using visible and near-infrared spectroscopy. Biosystems Engineering, 177, 90-100. https://doi.org/
10.1016/j.biosystemseng.2018.06.008

Wadoux, A.M.C., Minasny, B., & McBratney, A.B. (2020). Machine learning for digital soil mapping: Applications,
challenges and suggested solutions. Earth-Science Reviews, 210, 103359. https://doi.org/10.1016/j.earscirev.
2020.103359

Wallach, D., Makowski, D., Jones, JW., & Brun, F. (2006). Working with dynamic crop models: evaluation,
analysis, parameterization, and applications. Elsevier.

Wang, Z., Shi, W., Zhou, W., Li, X., & Yue, T. (2020). Comparison of additive and isometric log-ratio
transformations combined with machine learning and regression kriging models for mapping soil particle size
fractions. Geoderma, 365, 114214. https://doi.org/10.1016/j.geoderma.2020.114214

Wilding, L.P. (1985). Spatial variability: its documentation, accommodation and implication to soil surveys. In:
Soil Spatial Variability, Las Vegas NV, pp. 166-194.

Zeraatpisheh, M., Ayoubi, S., Jafari, A., Tajik, S., & Finke, P. (2019). Digital mapping of soil properties using
multiple machine learning in a semi-arid region, central Iran. Geoderma, 338, 445-452. https://doi.org/
10.1016/j.geoderma.2018.09.006

Ziadat, F.M., 2005. Analyzing digital terrain attributes to predict soil attributes for a relatively large area. Soil
Science Society of America Journal, 69, 1590-1599. https://doi.org/10.2136/sssaj2003.0264

Zinck, J.A., Metternicht, G., Bocco, G., & Del Valle, H.F. (2015). Geopedology: An integration of geomorphology
and pedology for soil and landscape studies. Springer.

Zhang, Y.Y., Wu, W., & Liu, H. (2019). Factors affecting variations of soil pH in different horizons in hilly
regions. Plos One, 14(6), e0218563. https://doi.org/10.1371/journal.pone.0218563

Zhang, X., Zhang, W.C., Wu, W., & Liu, H.B. (2023). Horizontal and vertical variation of soil clay content and its
controlling factors in China. Science of The Total Environment, 864, 161141.


https://doi.org/10.1016/j.catena.2019.104149
https://doi.org/10.22059/ijswr.2022.348442.669360
https://doi.org/10.1016/j.still.2021.105134
https://doi.org/10.1111/ejss.12382
https://doi.org/10.1016/j.jssas.2020.03.003
https://doi.org/%2010.1016/j.biosystemseng.2018.06.008
https://doi.org/%2010.1016/j.biosystemseng.2018.06.008
https://doi.org/10.1016/j.earscirev.%202020.103359
https://doi.org/10.1016/j.earscirev.%202020.103359
https://doi.org/10.1016/j.geoderma.2020.114214
https://doi.org/%2010.1016/j.geoderma.2018.09.006
https://doi.org/%2010.1016/j.geoderma.2018.09.006
https://doi.org/10.2136/sssaj2003.0264
https://doi.org/10.1371/journal.pone.0218563

