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This study aims to evaluate and to compare the efficiency of support vector machine (SVM)
and random forest (RF) models using digital soil mapping approach to predict soil texture in
part of Khuzestan province. In February 2021, before determining soil texture, 200 soil
samples were taken using stratified random sampling from the surface layer )0-10 cm(.
Auxiliary variables included primary and secondary derivatives of digital elevation model
(DEM), remote sensing spectral indices (RS), from which the appropriate category was
selected using principal component analysis (PCA). Based on PCA method, nine topographic
variables from DEM and eight vegetation indices and spectra from RS were selected to predict
soils texture components (sand, silt, and clay). The efficiency of the models was evaluated
using the coefficient of determination (R2) and the root mean squared of the error (RMSE).
The results indicated that the random forest model had higher accuracy and less error than the
support vector machine model (SVM), so that values of R? in this model were 0.80 for sand,
0.81 for silt, and 0.78 for clay, and the RMSE in the prediction of these particles were 6.02,
5.89 and 6.02, respectively. While the R2 and RMSE in the support vector machine model for
prediction of sand, silt and clay were (0.39, 13.70), (0.45, 10.70), and (0.46, 9.32),
respectively. Also, the results of this evaluation showed that salinity index, brightness index,
and channel network in addition of the 6-band Landsat 8 satellite or the far infrared band were
the most important environmental variables predicting clay, silt, and sand particles. In
conclusion, we suggest using Random Forest model as a useful and reliable method in
preparing digital maps of soil texture in the study area.

Cite this article: Sahraee, 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

© The Author(s).
DOI: https://doi.org/10.22059/ijswr.2022.348442.669360

Publisher: University of Tehran Press.

ISNN: 2423-7833


https://ijswr.ut.ac.ir/issue_10582_11076.html
mailto:e.n@gmail.com
mailto:landi@scu.ac.ir
mailto:s.hojati@scu.ac.ir
https://doi.org/10.22059/ijswr.2022.348442.669360
https://doi.org/10.22059/ijswr.2022.348442.669360
https://creativecommons.org/licenses/by-nc/4.0/

YAYY-YFYY Ll
Homepage: http://ijswr.ut.ac.ir

ClJae A 5l 0wl b oyl o Culd ool 51 oidw 33 S1& CAL 13a] 098y (6,10 wanid

oeele (5500

ng"qa KVESWR LRV IV KA JE PP

Vo 0 ko Y 0,99 ¢yl Y1 S g T Wliins alono

sahraee.n@gmail.com : el <yl lonl jlaal oyl yon dapds oKy ¢ 5)gliS 0uSiils (S wdizs g pole 09,5 .)
landi@scu.ac.ir : Juosl <yl jlonl claal 4l san supad olKuisly o g5y9liS oSl «SB wdigs 5 pole 09,5 .Y
5.n0jati@scu.ac.ir : Jueu! «(yl ! cjlonl cjlanl )l jon dupd oSl ¢ gysliS 0uSuisly «SB- wdine g pole 09,5 ¢ Jgiuno okis g5 .Y

oUS>

4

Ao OlNb!

L (RF) ookt iz 5 (SVM) ol oy odle (sl e S dumlie 5 i) citn b sl adlae
obwl ol 3l ise » SBocdl sl swie e (DSM) SB o) (o)l padds 3,5, 5| eolil
Sl e =V e Bos) (odaw Sl diges Voo o SB Cbl s jokateds AV Jlos peno ) o8 ploml i jos
Jao a6 5 adgl linte Jold (SoS (sloyite Wb (5 pglaen o0 (saaiib Bolal &jp0 4 (550
i GBS 3 i (sla 3L 3 oy sl 85 5L s ) ol (DEM) gl gy
b3 plsl (PCA) Lol slaadge 4555 gy 3l edlatol b bl jl cuslie dtws bl &5 L5345 (RS) 90 5!
<l ol opie ¢l RS Sl (alS (g jadls cuta g DEM I (SIS 9195 joiie & PCA (B9 (bl
cxSole Ay g (R?) Cpans oy (slano,lol 51 oolisl b b Jio (olylS .50 )5 el () g cbw ¢03) S
s s g VL s 5 ol i Jao 3 ol ol 8,5 )5 oloj)l 2,50 (RMSE) s Cley
N 5 Bl Je ol 2 R2 lize o8 s ysbts il sy (SYM) iy oy e Jao 4 o
9 OIAL &Y i 5 & Olyd ol s > (RMSE) et Slayyo (080keo (gl y 9 + /YA oy g +/AY i
IV g oY bl cady a bty b pdle Je )0 RMSE g R2 &S cawl Jbojs opl 39 £/+¥
Gl Gagie 5 odd dlatwl (glapiie ws Caedl picred D ANY g +/FF oy g VeIV g /¥ Cliw
ke A Cowdid o)lanle £ WL ol pois & laal )l aSs g plbyy (asls ((gyed asls ol Hlis SB cal
ALl Sz Joo )98 0 ey (s Hidgr dle 5 S ) O3 08T i (awre sl

D 03\l ddlllas 3yg0 dilais > S 8l 008 (sloadds ans ;o dlaiel LB g Mbe gy leis

g o il g4

A ERV AL PR PR
DAV AREN ST Y
VEONRSE 1 dy G U
DRAARARR el P PN

(S sleojly
SKe il e
09 3l o
Olidy 5l ile

$x5ob sl Juo (S il edliiwl b liwjed cusd (o)) 5l wis 0SB cdl sl o8y (6)b paiias (VFe)) carw { e conl £ o0l (o ¢ oo il

https://doi.org/10.22059/ijswr.2022.348442.669360 .YY£) —YYV& (V+) O « /! SE 5 of clidos alzeo .yl

.olf,\.l.ug_y ©

oyt olEtalsy )Ll o 1,50
DOI: https://doi.org/10.22059/ijswr.2022.348442.669360



mailto:sahraee.n@gmail.com
mailto:landi@scu.ac.ir
mailto:s.hojati@scu.ac.ir
https://doi.org/10.22059/ijswr.2022.348442.669360
https://doi.org/10.22059/ijswr.2022.348442.669360
https://creativecommons.org/licenses/by-nc/4.0/

YY)l b 0 S CAL 15 088 (5,10 i 1y, Ko g (2] yone ( DY — ‘soJ.C)

-

4AodR0
(S pidgis o )l by Ao 511 S )0 (Sflen g olond (S5 sl it o Cunl ST ape (Shy S S il
Sl Sl aie8 4 ds S pole 15 .m0 )y il Con |y SB )3 5K polic g oMol €8 > O )l cud o
3 )50 Gy lasee jl cbslis b lagpe oMo plu 5 LS Cu pie o 8] (60,8 Cuslio (5355400 (slp YU So 2od9 b
.(Dharumarajan and Hegde., 2020) c.l

03 2ss ot 5 455 5 (5glaen Mojls wilizes (slas )8 g ol > S Bl (g4t Jsane (slogis 52
o3l Caows 4 (93bj a B SB (60> pautids (clmogus ¢ Sloea axdaw p gyl 5 39a5 3yl S il S (6 punis b consl 5L
Glpl Glgie 4 (RS))90 5l Lioww slaodly b ladye g slasy9lid 5l oslitwl g (DSM) VSB o098y (5 b pdids sla y5s, ]
Yang et al., 2016; Khaledian and Miller, ) cul €8l s S clbais daws glp L0 3y50 loj g auja ials 4ly
(2020

SleMbl &3l 5 caliseo (sla yolde j3 o piwd Cild YU SISe Sy a8 ¢l o yiwd S 4 590 31 Liomius (slaedls
5l St slaodls cisds > J(Wang et al., 2018) wlaid )3 )13 as g5 3y50 S 098y (o) adids ) didlate (glos peo 3l 3.8
oan 9 SB o Shy yetus (el lp st Sacus 8 oS gty e 5 (058 )l ()9l jloalitul L 59
slodls umd oo )lis 3 WLe 3 e plosl wilalles .(Taghizadeh-Mehrjardi et al., 2014) cul o34l ol Ll S50 20595
Castaldi et al., 2016; Gomez et al., ) 1slb SB  odow sl Shy Gwiw (lp i (SoS piito g o (slojlgale
9 (599890055 (glaoald 3l 493 il ot sbaedld y0gMe (SeS sla o ol ¢ Jseme ysb 4 .(2018; Vagen et al., 2016
9 LA o b, Elgl Ban S I oo (S ysbo 4y el oo sy (DEM) lis)) ogB) (sl S 5 (sorll (slaosls
McBratney) .asb o (oo (sloodiiS i 4 (daey Slialin 30 baipe Gk 5l SB lisee sba Shg s in SB
.etal., 2003

by dea 5l opile (680l Gilise (sla gy il Lo S (siloJde dawg (sl SB ogd) (6l pdlds 5
Sl ;o 0,55, opl ) .(Heung et al., 2016) s5i o odliiwl 0 s g amas (soaSil (5B (slaie (6 pS paoua’ S )
5 glasgomo 3 SB (sl e sy (2 bilgy 8L (sl (glol Ciliseo (sla b, 5 bl SleMb] (slaptugms (ilo 653
Ordle (653l cilisee (sl Juo Nigd oo oMl 0l ()l peiges slagle 1> SB la Sy moin slr are oyt
sty o oedle ) jle oo ol iy ol 0ad a5 ) 4y ] elapedlS g Sl gty ol Gliixe by
Zhang ¥ Slues oy xS6055 K o Zhang et al., 2019 ‘Wu et al., 2018 <Gomez et al., 2019; Mousavi et al., 2022)Y
wasis (Zhang and Shi., 2019) oLl 5 cuets (Camera et al., 2017) ¥ glalos > Siwad (a5, (€t al., 2019
(Cameraetal., 2017)v _sslas 5> Jio o (Bagheri Bodaghabadi et al., 2015¢ Taalab, et al., 2015)% cgiae uas
Wle Jod gl Jue 4 cuns Bolad Ko wile s e gl e a5 smd o LS liie oyl bawgs sdel Cond 4 @l
(2017) Hengl, et al asllas 155 515,95 0 (i 3yShas 5l S 8L (cla S 3)5] 1 g i 50 (slales X (slaygm S
odalin 2w b Sldllas o SB cdl @l wyin » (GBM) Lol S cosis o (RF) Loolas JSia (slaps yoX! a8 oy o)lis
B b uigr jouiS (655 po SuiS dos dilate > slaallles 45 (2019) Bousbih etal. .uS' o Joo (o sla Jio plo 5l o ol
3 yine 2ySdes (RF) Ldolas JSis o6l &S Wdges (5,155 Vo ) Jiuitw sl lsple slaosly 3l oolitwl b SB cdl pess
D S oy olie moba Sl SVM) glady jby oeile

G pddids 3,55, il eolatwl b S ol (g)b padds Bua b ol pl calisee bla o dlisee Glidss aslS Jw s> b

1 Digital Soil Mapping

- Support vector machines

- k-nearest neighbors algorithm
- Multionmial logistic regression
- Gradient boosting

- Artificial Neural Networks

- Random forest
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