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EXTENDED ABSTRACT

Introduction: Digital soil mapping using innovative machine learning methods is increasingly
used to predict the spatial distribution and various soil properties. However in soil science
studies, the use of digital soil mapping methods faces challenges due to the imbalance in soil
classes, which negatively affects the performance of machine learning algorithms. Therefore,
this study aims to address this challenge by improving the classification of imbalanced soil
classes through two approaches: resampling and cost-sensitive learning, using the random
forest prediction model in Zanjan Province.

Material and Methods: A number of 148 soil samples were collected based on a random
classification pattern with a 500 meter spacing and subjected to various physical and chemical
analyses in the laboratory following standard methods. Environmental covariates included
geomorphological and geological maps, digital elevation model (DEM), and Landsat 8 satellite
images, which were selected as inputs for soil class prediction based on expert opinion and
principal component analysis (PCA). Some environmental covariates, such as
geomorphological and geological maps information and features extracted from DEM, were
identified as the most effective predictors for soil classes and were chosen as model inputs.
Analytical hill shading (AHS), sunrise, valley depth, LS factor, channel network distance
(CND), topographic wetness index (TWI) and multi-resolution ridge top flatness index
(MRRTF) were selected as the most effective environmental variables and modeled the most
spatial variability of the soils of the region. Soil-landscape relationship modeling was done
performed using Random Forest algorithm and correcting imbalanced data was done by
resampling approach using ubOver and ubUnder functions and also by cost-sensitive learning
approach using rf function in Random Forest package in Rstudio software environment.

Results and discussion: Soil subgroups were classified into five imbalanced classes, including
Typic Calcixerepts, Typic Haploxerepts, GypsicHaploxerepts, Typic Xerorthents, and Lithic
Xerorthents. The validation results showed that the overall accuracy (OA) and kappa coefficient
for evaluating the soil map with imbalanced data were 65% and 0.32, respectively. After data
balancing through resampling, these values increased to 71% and 0.54, respectively, and in the
cost-sensitive learning approach, they reached 86% and 0.77, respectively. GypsicHaploxerepts
and Lithic Xerorthents subgroups, considered minority classes, were unidentified and excluded
when using imbalanced classes. However, after data improvement and augmentation with both
resampling and cost-sensitive learning approaches, the prediction of these two minority classes
demonstrated acceptable accuracy improvements.

Conclusion: The results of the evaluation of the models showed that in modeling using an
unbalanced distribution of soil classes, due to the loss of classes with a small number of
observations, uncertain maps with relatively poor accuracy are created, and after applying data
balancing, the accuracy of models based on soil relationships - Topography is improved in
digital soil mapping studies. The results showed that the cost-sensitive learning approach,
focusing on classes with low repetition, can be used as a superior model in other areas.
Considering that the research in the field of unbalanced soil data is limited, this study can be an
effective solution to deal with unbalanced data in soil classes and produce digital soil maps with
high accuracy.
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Fig. 1- Location of the study area and sampling points
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Figure 2- Map of a) geology b) geomorphologi in study area

Table 1. Separated units at the landform level based on geomorphological information in the study area

U

Oy JS

s w>lg [EXTRNTE NS A/ gaidyg s e o3
. Landform Landform . . . .
Map Unit Components Shape Lithology/Origin Relief/Morphology Physiography
Consociation Hilll Slope facet  Marl + Lime + Alluvium Medium hill
complex - Colluvium
Hi211 Summit Loas
Hi212 Shoulder Marl + Alluvium 238 08
Complex Hi213 Backslope a Colluv?lrn:l Low hill
Hi214 Footslope
Hi215 Toeslope
Association Pilll High glacic Alluvium - Colluvium Glacic, Dissected
. . . Marl + Alluvium - Glacic, Moderately
Complex Pi211 Middle glacic Colluvium dissected
Association Pi311 Low glacic Marl + Allpvmm ) Glacic, Low dissected
Colluvium
Association Pi411 Side slope Alluvium . . .
Consociation Pi421 Tread Alluvium - Colluvium ~ O18¢ic terrace, Dissected — laials cubs
Marl + Alluvium - Glacic terrace, Slightl Fiedmont plains
Association Pi5S11 Side slope . » SUEALY
Colluvium eroded
Association Pi611 Side slope Alluvium - Colluvium Coalescing fan
. P1.7l ! Upper part Marl + Alluvium - Channeled recent
Association Pi712 Middle part . . .
. Colluvium alluvial deposits
Pi713 Lower part

V¥ 50l ¥ o)lod YY 0,90 (9 (oo pole anlilad

04



WS 098 (5,0 pand jo ool (gilu Jolee oo Sog, o)

J5 5eels LB cal oS lo oo iom (ojlwaige
50 a0 &l o Slee o coleldl gundads e
ol slawy gals L wuS o o i oSl &dlg
5 e Wl (65585 5 e (Smiie sanadb
a3 & Comles b oS Joo S sbul sl b, o0
ool uoLa.\}‘ alises 6[.@0»)15 “ LS’LQU)S “.\.‘Lu )....Ju
dsle W @i (sSae 3l os cnl et o
Sydige S yeie wiyssl &S i S onl bowisd o
Zhang et ) oS lowg <3l WIS 6l 1y IS o e
Cel oolaiwlo ge Joo 0 Sl cpl (al., 2021
axgisygn shiel Grodls ;5 Lo WS gy je8 4 05 0
gel sloosls )5 diges o ( plE jebay o5 1)
Lorye WU Slold eSan bl 2 oS Wb o (559
aS 0gd oo el pladl ] 09l o dule digel ol
aols Jow ;0 6 5Y0 (g (CodBl) dlas ;) oS slodiges
33 39 i Jow sla o i o o 5T g axsl
Lo >xs o Random Forest iy jorf &b 5l casllac )

@ ol 3,509, $ilwesly lp Roudio (cumgiteli
A oolawl 4y

Jon €55 jlaielmin e

sobay bools woolaiuls g Jao 8o byl jshaiea
i sliel 5 hjeel slaodls isu g0 4 dolas
Glp (b9 VYA) ool 51 s jo Ar Laiad RO
olsear (Uedgn Yo) 500 weyo Voo Joo Sijgal
dolol jo .50l eolaiwl o3yl sl p (somw Liel slaosls
Slr o 9 28l Gl Ghisel slaesls L Jos
Sl NSl el st e liel slaools
S, O ygods s s Sl jloslawl b ool coo i
s o ple 5l oozl el eyl )l waials 5,155
ol eds MossSadgy s Masss S5 b Jels
wah 4 e i liel @lp LS oy s
.(Congalton, 1991; Jensen, 1996)

ooy S (g5Lw]oe

Sy o ol S Jus i dolal S Jue
Ohen o My biugi b gl 45 caul (650,40
ey g 4 0B Jue ol s &1 (VAAY)
3 slaegerme poll p sudsanaib slo e b (oS
Py el s el A nsw‘*s oS S sl prie
e o L5 )| 0591 s s (sl (551,55 y9boas Lmesls
~ot Sl e plol g Jins o yiie 5 by
by, plo Sy Solad Kz By, o wsd
lao WS g0 puw y S8 (§35d5me slass a5 S5 o
Breiman and ) 598 o0 ddgi goadl o550 olila b
Conl (29,5 (5 ,50L g, S g, pl (Cutler, 2004
oo oo ol s slass e b ganaib sl g
ool b (g3l Jow ol e 4l (Breiman, 2001) ales
sl ool b Bolas K> (6,500 g, 5l
J¥ley lase )8 wwgd 05 ol oo 4y Random Forest
2% plesl Rspudio

S S digod 0,509, 3l eolwl bosls g3lw Joluin
sosls ol gl 8 ,Sg, pl o (esls 31 suzxe
SNl S dgei i alope g0 yo Jolaial
&b sleslatul b (codsl sla (M) jiaS slows L S
sl b S sl (WIS 51 (6,5 d5g0inS 9 ubOver
ubUnder &b 5l oolawl b (o 25T glvosls) 5 i
&lp 6,10 paiges Hlade .0l oolaiw! Rstudio l5sle 5 o
Gl 33l adl jlade s a1 5o Ly a5 culBl sl LSS
Ogd SuoF Jgers a SG 4y bosls ajer U sl
slosls Aol cdls g0 o o a5 cwl 53 LB
s S Lol ced b ows 3§ 5 Joll
Sloosls ajei aS Wigd oo el by by, (ol 0SS
Abdi and Hashemi, ) s5& Jolete S sla IS
2015

G5l Sag) 3l eslinul b esls (g3bu Jobuis

Jis a4 00,880 0 Sy, ol jo a3 A wles

V¥ 50l ¥ o)lod YY 0,90 (9 (oo pole anlilad

5+



o) Sen 5 alSics con

Saed oW &= o 09,5 ) CJ@» 4o g (Inceptisols)
Faoishle Sows «(Typic Calcixerepts) 3oy 5 owdS
Fosshle Sz

Typic )

«(Typic  Haploxerepts)

F3,8,;  Sewd «(GypsicHaploxerepts)
(Lithic Xerorthents) 33 ,ql,; S ¢ (Xerorthents
ot gl (Rahimi et al., 20232) Lol gauadl
oddodls Hlid ¥V Jeuz o ddhie S sl WS Sl
Sog )T i a5 was o lid Jeux ol mls ool
o) 35559005 S 9 (C ) 5 55hle S
oS Glgieds ao 3 VIYE g AN Slgl 3 L o 5 4y (B
P rseolS Sasss (sloog 5 5 (Sl lass oS slo
5555055 Sapd «(B o) 34 ) 59h e S (A DIS)
S AVIOF XYY 5| iy Slihs b oad i 4 (D L)
oS Glaieds dilaie slaosalie IS 5l as o Ye/AF

A (S ST oo sl
5 Jyere Lulpd 5o oolaials e oo (o Ll guls
ol el Jolaieli slaeols covgasmes a3, 5l am
bl 2 g ¥ dgazr 0 LB a3l g (B Cme o
Ydgaz jo easSady como 5 )5 como glaasls
Y Jgoz 50 oaldl)] bl 4y az g b .ol oaliosls ylis
5 Y plp LS asls Jolul slacsls Ll o
Sibudolete 5l g 003 PO pl (IS Cono (a2 LS
S S0l g oame (6,5 diged 5,500, 90 3l colaiul b laosls
VY 5 - I0F plp s 5 4 LS (el aise 4 ele
20,0 AP g oo 0 VY il i ar (IS Cmo a3l
5o bools g3l Joleie 5l 8 4 o 1) 6 5YL Cdo
» b el plis S sl (WD S i
5ol 0,505, b g5le Jolaie sdelcassay ol wlul
903 3,509y 4 S |) 6 5YL polio anje a4y ol
oo 5 LI (rwcos Glo ot sl some 55
Doy 5o aS el T easmslis yal cpl ol olas S
L sloosloss, oo 5505 anie 4 Wl 50k
slhs 2alS cage pal (nl 5 ol (S8 o5 Syl

G Fnohn lp e slopine Sl @l
Sz Joo bawgs 095 05 gl 0 S sl
Oyllai g ol adlse Jolow by, elul g (Bobas
obiss s ke BY oo 5l a8 ols L5 elih IS
sacs ledbl Jols ( SaS e Vo slaws Coles o
5 8] 098y oo omlidiiren SleMbl ($59l98 9095
@illasle Jeligan sz Jols ol 5l g 5 sl (S
2 Jsb a3ls Moy Bas Moudyss okl Mlaags
gk patls Maalpl aSs b alols MMewd cex
S Az b anty YL s)lsen a3 la 5 U S Sy
wad Sl ame o yiie (3 5e e TV
1) adlate )3 LS G (6 pds i Oliee (0 i &S
bl 2 (Bolas iz (b9 59 eizpen wS (s3le S0
oS byt Sl Lo il Sles ol
P P50 03 oo yielil a5 Sl Gl oaimsplis i
aghio o S JBe gilu]aw o daow e
30 ez e LSTy (7 JS5) sl 005y ilalllas
S 0SSt 50 (e sla e (e
3 Holas Sz Jow lawgi 09,5 p aw jo SB- sla
Se 5 @l oelel el snbosls olis ¥ S
SIS ne @ aily jiite oz wSe are sla i
6 lsen asli nl ] a5t b alols o, ae ol
o 53 Jsb APl 5 Vb SIS Az o b anay VL
s o lid A s Sl o it lile oo
SeSls Jele e Bl ns
39> dalllas ;o Mousavi et al. (2020) .cuol aslacs g0

aghis o

At Oleieds (315565 sla il )l a5 wo S )15
S 6L‘°u“% Lg)‘L.uJ&.o 6‘)-.‘ ‘Slaw 6L‘°Q‘f-f*f:f.
J992) olerdsSod sla Shg 4w mlbs b lke
oS oS sumes, ol el diloles ol 12 5 ()

How smis] o (Entisols) Jew Sl 05) g0 o adhais

V¥ 50l ¥ o)lod YY 0,90 (9 (oo pole anlilad

551



S 098, (5,0 pand jo esls (5l Jolaie oo g, ol

Sllkas yo 5.5 Devietal. (2019) 5 Kang et al. (2022)
L wLm:- (_g)..fob L @QLA’ Ji.p p...,ﬂill )| PHLZRES
@1)59 o)il.o.c U’“"j) u.s‘ ..\...JL').) 9 ..\JQ;OJLQ.HJ 4y
991> (Bolas Sz Joome slaghs; b anlie )3 (09>

el oolal BB 58 S oS diges slrdcgazo 51y

‘D)Siﬁ) )‘ oolawl L osls Sgats sl QLH...; <5)L---’

g odd Jao A5 cds yiolbl 4y e dome (S Aigel
aes o lid el wlab lhas o g2 BB Sgags
.(Sharififar et al., 2019a; Neyestani et al., 2021)

ValleyDepth
ChannelNetworkDistance
MRRTF

LS_Factor
TopographicWetnessind
geomor

DEM

geology

AnalyticalHillshading ©
Sunset °

- . 2 N
anlpl asll G alold
(Channel Network Dislance) W@ E

Value
oy High -208.783
90583

012626 & 15 W
I e,

G S 0 Job
., (LS _Factor)

Value
e High - 61.0599

- Low :0.00019242

012625 5 75 W
O e 58515

I

-5

l T
0 6]

MeanDecreaseAccuracy

09y5 315 gl 30 S L WIS Loy s 5O 00Liwld yg0 (SoS (G pudiio (i Cerodd! lado —F STl

Fig. 3- The value of the relative importance of covariates used in predicting soil classes at the subgroup level
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Table 1. Physical, chemical and classification characteristics of profils in the study area

Slo 1) @l ;

& M‘.‘il.u 7 Sos Pl s ol colls XY Rela(ti/jei;;;;:P;Z:::ltage Ses

Gypsum  Calcium ocC el S PR (%)Top of FormBottom of S 5, (e lw) &

carbonate (CCIES-%— EC o Form : Soil Color Depth Horizon
% ken)  (@smeD ST (cm)
Clay Silt Sand
Reference Soil Profile No. 1Typic Calcixerepts ;2 ,; oulS S Vol valis &,
- 16.70 0.46 12.90 0.49 7.98 16 28 56 10YR4/4 0-15 A
- 26.10 0.26 18.90 0.29 8.30 28 22 50 10YR5/4 15-45 Bkl
) 27.90 0.06 16.30 0.29 8.13 20 16 64 10YR5/4 45-65 Bk2
_ 25.80 0.07 6.40 0.44 8.19 14 12 74 10YR5/4 65-150 C
Reference Soil Profile No. 2 GypsicHaploxerepts ;2 ,;sbls S ¥ 0,lols alis #,S1
7 21.40 1.15 12.50 2.8 7.56 10 36 54 10YR7/2 0-15 A
23 16.90 0.61 9.60 2.7 7.86 10 36 54 10YR8/2 15-30 Bkyl
10 18.90 0.39 15.60 2.9 7.81 18 36 46 10YR5/4 30-47 Bky2
20 18.30 0.35 10.60 9.26 7.62 18 30 52 7.5YR5/4 47-75 Cky
39 13.10 0.19 10.30 8.10 7.62 12 30 58 7.5YR5/4 75-150 Cy
Reference Soil Profile No. 3 Lithic Xerorthents yi5 sl 5 Sood ¥ o jlos salis &, S5
’ 19.30 0.11 25.60 0.43 7.94 36 48 16 10YR5/6 0-10 A
’ 23.30 0.13 23.90 1.04 8.77 40 48 12 10YR5/6 10-40 C
- 25.50 0.06 19.20 2.53 8.26 34 50 16 - 40-80 Cr
Reference Soil Profile No. 4 Typic Xerorthents 5255 gl )5 S F 0 Lo salis &, S5
’ 13.10 0.28 9.10 0.60 7.81 10 22 68 10YR6/3 0-20 A
- 14.30 0.23 10.60 1.01 7.79 12 20 68 10YR5/3 20-45 Cl
) 11.50 0.20 9.90 1.03 7.93 12 20 68 10YR5/3 45-80 C2
) 12.60 0.10 - 0.65 8.15 6 14 80 10YR5/3 80-150 C3
Reference Soil Profile No. 5 Typic Haploxerepts ;2 ,jsble s 8 o )lods aals &,

) 21.6 0.25 18.00 0.76 8.02 28 51 21 10YR4/4 0-25 A
) 22.60 0.16 28.50 1.53 8.63 46 42 12 10YR4/3 25-80 Bwl
) 18.70 0.17 - 3.77 8.66 50 42 8 10YR4/3 80-150 Bw2
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Table 2- The number of observations of soil classes at the subgroup level

o us S oy, ) Loudlive Sl Losaliv duoys
Class Code Subgroups Soil Number of Observations Percentage of Observations
A S S 68 32.43
Typic Calcixerepts
s shls o Ss
B o 26 17.56
Typic Haploxerepts
Foishle S
C s 12 8.1
GypsicHaploxerepts
D M 31 20.94
Typic Xerorthents
E T 11 7.34

Lithic Xerorthents

ol (5500 g dume (g S Aiges 9,50 g;) Woold (g 3lwJolaie jlury g b 09,5 5 ScogigmSl gdam (S iy e =V Jgu
$Hobad S oy 595! b gi (as 32 4y

Table 3. Prediction accuracy of the taxonomic level of the subgroup before and after data treatment by random forest algorithm
(resampling and cost-sensitive learning approaches)

Validation indicators

Kappa coefficient Overall accuracy (%)

oold gilw ol o S5 g,
Data balancing approaches

0.32 65
0.54 71
0.77 86

Joleial slaosls
Imbalanced dataset

dAxe (S diged 3,559, b Jolaie slaosls
Balanced datase with a resampling approach

A 4 les 650k 0,54, b Jolaie slaosls

Balanced dataset with a cost-sensitive learning approach

s, oS S 93 (b aie 4 elee 5500
Blos o b Guyglyy Sed 5 skl Sewe)
odiaiegy (95l 05) olidl (ganadil asyse IS o,
as ols yLzi Fernandez et al. (2018) axdllas gl .coul
Sl @Yb desly an3e 4 Golus 6253k slaghy,
5 sglSesls )3 Gan ST ol pae S b ablis
0,559, a5 Cuwl oaly lad cildasy .aijls udle (6 S0l
0ol degozme a5 slaaslyy jo anie 4 wles 5,50
@l Gy o 8es il Joluiel DS &5 sl
Oebize gl yiomen (Yu et al., 2018) o)l ol en
gomaib Jlao Jo sl &5 w0 s %0
@ e dupe & wle> S0k 9K, (Jolitel

Coro muiww,licl glaosls dacgazs gl wlol »
ol oalodls lis ¥ Jaaz 0 aS )5 g cunSadys
s &S 755555 S 9 5550kl S ooy 5 5
)| oolau 'am wﬁmsa S gamo u.JS‘ 6&50«:){5
Lol Wogs ouis B g oo gy Jolil sla WS
S5 Nged 3,503) 99 b (238l g Wosls Sgnge 51y
OIS 90 (ol dlaws @ 4 je 4wl (5,500 5 duze
F3d JB Como b oy S n; (nl it ol
3,500, b lools sgue a5 sl Jb yo oplzély i3l
4 o YL Lnd 2B anze 4 wles 5,500
ooy S n) (Sl (St 50 Suzme (S Wiged 3,50,
3,509, 50 4S5 &S oo ol @i cpl ol plas S e Bl
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AS o sl s cpladsls plad Joleel slaosls i Zhang et al., 2019;) cusl 5,Sdges LSS
e S Gla oS 5o noaslie slaxi jogs AL as .(Mienyeand Sun, 2021
SN sl m o8] 3390l 5 ool (i e Sam s B8 oadadys gleasds g Jeizme O SO
oolaiwl b vdiges slawd iol38l 51wy Lol 0098 oo oSl g e S diges 0,505, L besls gjle Jolaie
Coldl gla ST Bas 5l o oSl 8az g0 (sl S g, ) ©axg bass ol |y anie 4wl (6,500
—o Sl St S8 Saled 0 5 005 RSl 59 2 3,Sbes (F Jguz) 2)5 5 oanSadss como ol
—odaline Joluial slass @dly )0 .aub oo Sgute Selil sla Sibodsbie 51w 1) (k2P RS9 colil (OIS
el p e )....b Ailg o S sl WNS o oddade slbarss ;o yeol plas aes oo lis Wesls
=L (Rahimi et al., 2023b) il ails e liel Seid 9 35sble Swos NS g0 Lol dgguiee
@lizee Olllas o @lize sl oo oow)licl oold dcgazms ; ooliiwl b ybjgal e a5 35 4ly;
&j )l J.Ja.:d)..o as MO‘SA uLA.MJ (5°93) 6)‘0):4.@ M)QV/\5\“ ).))was;M&ych»Jbemb
3 oolaiwl b sadays sloaial wakais 5 15 4 0,505, 30 Aoy Ver g Ve g damme (G5 diged 0,505, 0
A S 6 YL CBo glils Jolel slaools og.gs sleools 5leolarwl b anze 4 ulas (5,500 5 Sy,
Slodgy  Jaoxe glrosls L oadangs  sleands Coddl sl WS s S 2954 iBbogag
Taghizadeh-Mehrjardi et al., 2020; Sharififar et ) G S 905 3,55, 40 Aoy A 3 VO cusSudg Cono

(al.,2019b O golas 6,500 5,504, ;0 asy0 1) 5 AD 5 daxe

Suzxo (G paS Aiged Oy g)) Losld (gilw Jolaie lary g JuB 09, 5 haw 30 S G WIS (gl 5,5 g owisS g Cexo —F Jgu
Sobas Sz Juo bl p (4930 & wlwe (5500 9

Table 4- Producer and User accuracy of soil classes at the subgroup level before and after data treatment based on the random forest
(resampling and cost-sensitive learning approaches)

(1) y,5 ez (1) sussSadgi oo Obaedbl colild
User accuracy (%) Producer accuracy (%) Validation
S5l b Joe
Joleo glaools Joluio glaesls ol
Balanced dataset Balanced dataset 3 i
Joleols sloosls Jolxols glaosts Machine learning
models
< Imbalanced e Imbalanced
L “ ol sl dataset . 4 ol x50k dataset P SL gl WS
Sazs (g S digas T e (5 S digad a3 09,5 25
. . 955 ) g
Resampling Cost-sensitive Resampling Cost-sensitive .
1 . . Subgroup of soil
earning learning
75 95 61 85 100 85 A
34 71 100 25 83 50 B
100 100 NaN 75 85 0 C
34 81 65 34 100 34 D
78 100 NaN 88 91 0 E

sl 0azSplosl MS ol (Sl (St ER (e oas :NaN*

NaN*: Not a number, no prediction has been made for this class.
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Fig. 5- Maps produced by random forest algorithm before and after data balancing with resampling and cost-sensitive learning
approaches
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! Resampling Method

2 Ensemble Models

3 Hill lands

4 Piedmont plains

5 Mesic

6 Xeric

7 Zinck

8 Principal Component Analysis, PCA
° Breiman

19 Overall Accuracy, OA

1 Producer Accuracy, PA

12 Users Accuracy, UA

13 Kappa Index

14 Analytical HillShading

15 Sunrise

16 Valley Depth

17LS_Factor

18 Channel Network Distance

19 Topographic Wetness Index, TWI
20 Multi-Resolution Ridge Top Flatness Index, MRRTF
21 Mean Decrease Accuracy
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