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Background and Objectives: The physical properties of the soil, which
cannot be easily measured, play an important role in the design of irrigation
and drainage systems. Since the direct measurement of these characteristics
is time-consuming and expensive, therefore, to estimate these parameters,
most researchers use indirect methods such as transfer functions. This
research aims to investigate and determine the best model for estimating
soil moisture content in Field capacity (FC) and Permanent Wilting Point
(PWP) using easily measured soil characteristics and pedotransfer
functions in the R software environment and choosing the most suitable
model for the soils of the Ravansar region in Kermanshah province.

Materials and Methods: In this research, the easily measurable properties
of soil were used as input variables for five transfer functions of the
multivariable linear, artificial neural network, Cubist, random forest, and
support vector machine. At first, in the study area, the location of 120
profiles was determined using the Latin hypercube method. In these
observation points, soil profile was dug and studied and samples were
taken from its horizons. Then, laboratory analysis including measurement
of electrical conductivity, pH, calcium carbonate equivalent, organic
carbon, and percentage of sand, silt, and clay was performed on soil
samples. Based on the range of changes of these characteristics, especially
the soil texture, 75 surface soil samples and 33 soil samples from ten
different soil profiles were selected. PWP measurement was performed on
33 samples and FC measurement was performed on surface and depth
samples, i.e., 108, and then modeling operations were performed on them.
Root mean square error (RMSE), mean absolute error (MAE), and R?
indices were used to evaluate the models.

Results: The results showed that the accuracy of pedotransfer functions in
estimating PWP is higher than FC (R? and RMSE values of the Cubist
model for PWP are 0.81 and 0.054 and for FC are 0.53 and 0.085,
respectively). Also, the results for FC showed that between the models, the
Cubist and the artificial neural network have low MAE (0.066 and 0.068)
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and RMSE (0.085) and high R (0.53 and 0.54) respectively, compared to
other models.

Conclusion: The overall results showed that Cubist, Artificial Neural
Network, and Random Forest models with lower error and higher R? have
higher efficiency for soil moisture estimation in FC than other models. The
results showed that the Cubist and random forest models were the best
models for estimating moisture at the PWP in terms of comparing the
coefficient of determination. This research showed the importance of using
new machine learning methods in studies related to soil transfer functions
to estimate difficult-to-measure soil properties. Also, the results of this
research are acceptable for a wide range of plains in Kermanshah province,
which has similar soil formation conditions to the Ravansar region.

Cite this article: Shojaei, Sahar, Farhadi Bansouleh, Bahman, Fatehi, Shahrokh, Rahmani, Mahsa.
2023. Comparison of pedotransfer functions based on machine learning methods to estimate
soil moisture at field capacity and permanent wilting point (Case study: Ravansar District,
Kermanshah Province). Journal of Water and Soil Conservation, 30 (1), 27-47.

@ oIS © The Author(s). DOI: 10.22069/jwsc.2023.20857.3606
AT Publisher: Gorgan University of Agricultural Sciences and Natural Resources

YA



YYYY-Y+TQ i gl LS

SB ool Chlis glb yidgh 4 i
FEYY-YVAE 5ol LS e SRRy &

Y . & M
10, ‘:C‘v.:f;.‘w B2 s

b 5 (mos (51 3 wwilo (5 0L (S sigy 9 (o (S Q39T A lio
(oliilo 35 guilg y dibaio 2,59 590 axfllao) (58 yo 39 g (51 ) wud b

F ey Lge LT 2l 5 s LD il (gola B ey (Y olns e

sahar.shojaei1993@gmail.com sl .o ! lisle S ¢ g3l olKiils (g3,5LaS adSisls «ol wdige 03,8 i)l wlid IS a5l 23l )

bfarhadi@razi.ac.ir :4sLU1, .0l 1 wlils S (g5l oKty ((g3,5laS odSiils «ol witige 03,8 SLiils o stus oo 5 .Y

Wl ol wlisle S Dbl ganb mbio 5 (5355LES 5sel 5 Sl S a5 St Sl oy (hash skl Y
shahrokh.fatehi@gmail.com :asbL1, .0l 5 elisls S (g5,5LiS L) Sisel

mahsarahmani39@yah00.com :asbL1, .ol wliile S (g5l o &Kils (65, 5LiS oS iils wol wdign 05,5« imsh slaws £

oA > Alas SleMbl
5 obel bable b 53 ege i St il s (Kb Sls s iBua g bl Wl g g

ot el a5 0l Slo st il s (Sl SOT Al 2Say sk Tl SIS
oslaul JLEJ;\ C\j: Lle r.;.;.';w.ajf LQLAL}:’}J J‘ L&JSA‘)L'_ u-l‘ M LS‘J" d‘;u;"“}}l
ek ashy sl Sl Ao e e s o DM Gl ) Sl e

. . _ . CAVERVARY :&;-étijb é’JU
cl_,: 5 S Calsg Sls g 3l eslazal L (PWP) @l Sk i 5 (FC) el)3

. . . L . DA VERVAVA :u:?.‘ﬂjéjb
sl e oS Gy 5 Fbe Sl a5 R I35 e s JUis]

IATERVAR S-SR TP gy
sl oLiile S Ol s c

Sl 82505 Sla e Olgea St Cilsg; Olw st 51 Jass cpl 3t fgy g 5l ge

N Y . LY . .. . S sl
9 vﬁ:L@ Ji&- 4&.,.%;.3_5:5 C SR (RS 4.{."« [ e vlz:- k;H.a.ul CL =
. . . e o . Sb (K s poat
g;gﬁ)ﬂdéygfa&aﬂ\ulj)l{wb:)}a@))l.@l)}..’u&a.}l.ﬂ.;ﬂ\ Olgniy s popile 'Lﬁ_jg}i‘,dw
_ (2 >
ol el sl i~ lax S slialie b ol 5 ad was >~ S VY UG
sl 5l i b S S ;o o= £ < ot 3.5 ks

Jold St slakiped 535 2 ARRLST o 5l w35 Sse (sl g
(oS Wil odS Ol S S s gLl oslae (S Sl s (g S5l

Sk L;”JLJ \J"\ o}ijq LAO.?}L} d‘il Q‘)’::"‘: Ll uALA\J.:u.gL?- u»))d:wc&a; Loy

Olaly Jla il Jde

1- Multivariable Linear

2- Artificial Neural Network
3- Cubist

4- Random Forest

5- Support Vector Machine

¥4


mailto:sahar.shojaei1993@gmail.com
mailto:bfarhadi@razi.ac.ir
mailto:shahrokh.fatehi@gmail.com
mailto:mahsarahmani39@yahoo.com
https://orcid.org/0009-0002-5798-5368
https://orcid.org/0000-0002-8285-8099
https://orcid.org/0000-0002-1155-5584
https://orcid.org/0000-0003-3684-6625

s S bl Calime & S es 5l S el YT 5 sl St s VO LS5 4
5 b Gl paeze 555 2 FC (6803100 5 6500 YY (g5, » PWP (¢80l
A5 Ll Lol s iledde Slkes s alo o 53 5 A plowil €503 VoA oy e
gla> :Sle (RMSE) s Slayye pS0ke 4, slagasls 5l adus L350 6l

A oslized (R sy 5 (MAE) illas

Sl FC 51 5 i PWP by 5,50 55 Jll Clp i sl Ol mls el
FC sl 5 /408 5 /A iy o5 4 PWP &l s CssS Jie RMSE 5 R? lia)
5 S sS e oS b3 0L FC cusby 55l s pporer (o +/0A0 5 2/0F Ly
5 530S (/A RMSE 5 (/2 5 /0 V) MAE (ls (i a4 (8 5man e 452

s Ladis plo & Gl (55t (/08 5 +/0Y) R?

oo O3l s 5 8 smms omome 4S5l 5 Conmn 55 (Sl S 55 OLES S 2l i S 4
b 2L S ldae b el SV e s s S Gl b sl K
S sl DL PWP by by e ol il ol b b Suby 5500 oy
Sl e (e G s amlie 51 skl R e Ol 5SS s
el 6Sh g e sy Ol ealinal Coaal Jrask cul diea PWP cosb)y 5,50,
sls 0L 1y Sl il s Sleo e 5500 sl S JUS S 4 by e Sladllas s
JSi Lyl oS sliile S Ol (slacits 51 mpmes aials slp iasy ol gl o oen

et J g3 B L5 1y ils adlate b alie SLt

G5l sla ts, s JES! milss anglio VF+T) Lugs e Slom, gyl o oild poge clguily gln 8 e o sslons 3 Lidiw]
5 o cbliz slojiagy (sliile S puils,; ailais 59,50 anlllas) (F350% 5 ()5 byl Cushy (ees sl wile
V-V ()Y ST
DOI: 10.22069/jwsc.2023.20857.3606

(9D S5 © S e i 5 55,58 e ol 12k

BY NC

Y



OISR 9 (£l e [ e dle 653k S Dg, 2 (e JUET oI5 Ao

33 s S e syl b B L1 St
sldie s s elad LB s b 3550
S Ll s rores LG Y LS e S
S de bus by s e B
25 S S Sadde Sl Sk (e as
s S8ae (WWAA) OLKes 5 oaus (A) ol
23 sk e B e s Les ool e )
Ol ol s ol L3S )z 1 558l
S 28 Oliy s Osn S5 Sy &S 2l
Qg S5 5 (Fyman oas S5 gy 4 Cad
S asl,s bl e Syl e patedr st
s oomb el Lokl b Ope SH B
o b S by e BV s
Al et Rl Wlse s e
T Oar 5 Y Q) il Lz sl
Slp Osm S5 St 5 ola K By, )
Lsls 0L 5 es S eslanal S sl &I ot
S S b awlie g3 sl K s S
Q) Sl oyt 5 e S35 3l O S
A sy adlas L (TY) OLKen 5 5l 5K
2o ol Gasta Sl e gy 2 S
Wiy S ) 4 JUEl ol 31 eoliz b Sl
FpS sl e b die e e sS JUe &S
Sas (1Y) 0L 5 Saaly (0 el
Ssels a5 epitadi ot pE O S
Sl by e 3551 5 1 el S
JLS:J\ C‘f Cas aS s olid @L" L3 gad des s
S A s UG e el K e
Bt Use S P p e SEE &l
2o G s Olgabl B 55 0 e

5 BB b o piiatin Jat 1 O S5 )

AR

Ao

dats 5 FC) el < b S cusb,

SWsse sbesls op Sags Sl (PWP) ol Sk
s (§ Sl & daes bl Slles
olale soad ausa s SC3y Glyas Lol
il gl gl iy, Ssol assis
ol sl sl Jasl sl Wl ausa 5 Ol
Llesls )l St SGd Sleosas 5l aws
b o w Ols e JEl pls gladie e
() Sble oy (V) e e
Slador Copde F) besls a5 S Sy pde
() Olziy oy opile gy 5 (8) besls 2y S
Sl Gl ok Oz JEsl mls o sed oLl
Glapize) S (St gl Sny om bl
Gl i) S glee la Sy 5 (Sl s
e SOy S s Ogres SEbass
) S Joo (I iS5 5 s o s
Cosby ayslp L OYAY) 0LKes 5 08 ol e
Lias dix Sl eslized L PWP 5 FC Ll s Sl
a8 d 45 Kooy a2 pl 4 ndle (5,550
o priakiy Use S5 de Ol3ln 5 5 Shas o e
53l JUE ol 4k 4 s (e 0 Ses
38es S Jl wls s JEs mls o
bl s osldat JEED als 4 o e
sl Aol b oS al s Lol ( JS ) sba . Llaxils
Slesls Sl eslial b dte gla el e o
5 shle Ll (V) sl Gl Crenl aibie S
Sesbs e B Jagn s (ITAY) OlKes
cladie 51 eslinal b1y syl s gl
asad 255l s s S s s S5

ksl e hay 53 a6 3 Ol ol



V€Y o,h».;’s‘\“. 5)53‘6&99705&"(5&’0&55513

d>ye 55 MLP Jue & 0o jaiie foxes
LS o Joe SVM Gl g (6350 U Jbe oo iy
08)

Ole Ul e B S0 mle sz wax 5L
5 Aiea o ey, S Jlal s S oS
Sl o Lol 1 esliad GBSk
5 besls blis 55 Lol L8 el oY dasls
S Gde 10 s b)) il el Sledibl
Slr QU =6 n st e 5 ean PR3 O
5lestizad L PWP 5 FC bl s casb, 5,50
Slp R 5 s 53 St il Sls pax
el olzile S Olisl 3 puily adlis glaSE

W Sg, 9 dlge
@ glamb ool Ol el s Jlash ol
LSJ:")L:S A BL )m Oryree
Job Sl e L wliil S Okl L sdlus

Sed>= Caawy

o2 s S 2V AT L T YUA LUl e
A3 plowil Jled YET OV L YL YT Y LS e
ailie 4 Jles 3l adlass)ge e3gdee () ISE)
o 3l esly Obsed 4 ok Jled 5l ebbel sl
5 A Ol jed 4 s 51 Sl Ol 6 @

By ez oliile S Ol e d 4 84

Yy

syl K e JWE &l e
D ot s b I s IS sbey
Ao 3 GOLLL 5 el s 5 Cusblens
B ot e 6 5pS Olaebl okl (b
O S5 oo boamlie 53 S msb, o
Ien 5 SIS (1Y) Cudls o pinadir s 8
Sl w5 5, Shes L5 4 shasy 3 (oY)
2 S O S et Sl s
Latls  andl i s blis (65,5liS o Lol
o 3ol b gt JS) oy e
3 O S5 s Wl ot G S5 i)
2 Sk Ol Gl i @lp Gl S
S sl 0Lt b sl anwyi PWP 5 FC Lis
FC 3l FeS PWP i e las (IS sba
LS O lie olas K sy 5 Sl 035
5 isdle OF) Conl 035 551 e s L
o Gas gl Gl 53 (TeT)) 0L Kes
i s | S S5 Sla b, St se
5,555, 4w 5 PWP S FC 5 Sl cugb; Ol
s St (MLR) olSiis s 0y S,
Sty sp ortle s (MLP) wim ey
58S oh Ol gl LS alie (SVM)
« ;6 SVM 5 MLP  cgns [isa (,;_l)}ij\

e Jsems MLR & s (5 2 5 Slas &l



OISR 9 (£l e [ e able 653k SURg) 2 (e JUHT @5 A e

worn

WRTN

HTrw

v

46°200°E 46°250°E 46"300°E 46°350°E 46°400°E 46°450°E 46°500°E
34°500°N
4°50°0°N
F34ras0'N
MASON
N
y - [34°400"N
4°40'0"N \ &f
-
1 L]
egen: F34:350°N
450N Logend
% Sampling Point
Elevation (m
High : 2258
Low : 1258
46°200°E 46°250°E 46°30'0°E 46350°E 46°40°0°E 46°450°E 46°500°E

olile S Bl 5 01 53 6o 545 g0 BB Copnd g - K0S
Figure 1. Location of sampling points in Iran and Kermanshah Province.

odd asdllas 5 St Ve il glagil ) 6 5a Y
L sl
O35 0k 535 avza B 4 PWP (5 Seslul
Slg S @ by S @ YV s 2
ol g edle St FC i W et sl s
G e S A VO g, dadise
A g8l St g VA gy g sommesd
PWP, FC L 55 Sl cushy e skes

adae il gla s s

oA L Dl oS 5 S gladisal
NI S F NS CONTRT-TRTIP SR PRI ORCIS:
e Sadde Sl glasls fasn ol

bl S Jil wlp Olsea eslinals s

et WSS gk Gt 0g S5 gade

Yy

A ORI CORCIPY SV o N YN PR P REY

o A s andlansyge dilae 5 Slaalie bl
il gladisas a0l aalllae 5 Loz St i
03 g AE Jime oKlesl 4 es 5 b
s a5l St dls s Sl sast oKL
Sk sty (EC) gLl 8 ojlas S
S S (CCE) sl pods by s (pH)
oo s Sl clee (Sand) & as s (OC)
G3355 S paie Olgen addllas opl 3 s (Clay)
Glis, boam S 15 elials e JEEl ols
Sl yurs als ulol 5 las (¢ Se3lul 5kl
Sl (b o3 o S Sbsss sla S

)LACJSB-&EMLSLA&&‘)‘ AS}QJVO Sl o



V€Y o)h».;’s‘\“. 5)55‘6&99705&"(5&‘;&“5%

s gl Sl gl WV O e
S o) Ve Jlim 8 ol 5t iy e soae
3, (s Y Ky Olgy oY S 4
N 0ss s Y gbls s e (Y IS9)
A S e el ot b ladled 2 S

i et ey b 035
yj = Lwijx; + bj ()

o g es sl Fosldles &8 Y) e
ibedl w3l e cosa ¥ el Gb ol

JJS°)L‘:"L5"\“‘.,)‘°"<‘“‘”3L;E>CUMU‘}3L;‘

9 =) =50 )

S3505 b rie X Sl gl Wockals, cnl o
5B sl sl 6 coils e g il ol WLl D
b s S e b s s Ll LB W
SIS a Sl aalllan pl 3 5l e Sl
Ale 5 Jasme 3 el gl 1 sl Neuralnet

(10) L el R

Input layer , Hidden layer ,

WOl ablS & edle 6, Sk lais) 5 o5 pman
daml sdiagl e OIS iasn  bwy
GlF ol s gl la K 5 esS
SRS IS 4 B3 sl eslaad S sl
Sgh o 4\.';5-1;))1 aJde

Sl B opl e Rl s Js
S JIE s e ate (ol atedly e
ol 3 asde e epitaks e dblee
om el S el Gl o bl sladae
RO Dogea als Gl 5 Jae Gla it
() aal,) o

Y=a+b1(X1)+b2(X2)+...+bp(Xp) )

5 o35 PWP 5 FC uole wls ize Y (0F 55 oS
Sl sy Ao dile JRis sla oiie Xp s X2 Xy
e by s bz by b bl ames S
LS ol s 5l (2,8 @ e 5 i g S

25 o S (S S U S
Skl sy nl 2 B san peas 4SS J
@L? Ol g \QY.L‘;; Qi S5rr (xR
A5 eslizal PWP 5 FC o iw sl s

Output layer

o5 Fan gmas 4505 5 glesl LSl Y IS
Figure 2. A simple structure of an artificial neural network.

1- Multilayer Perceptron



Ol Ko g Sl oo [ .

Cilo (53050l (S g, 3 (Ko (JULST 2ilg damns Lo

oy fKs G A e e s wledd esland
e JSE e huly ue e slad
2k 05 S5 e Sl eslial b ol o iy
Sl Gl Ul asde sl s gl 0 S
S et e S s slade 5l olg e

O 558 e eslazal sl | S35

2 Jl K s e i aS J
oS MO s Je aibians 5 5 035 0l
S AS o iy G b esn K00 el
oS Sl (6w S leml glae S
P S Sy sdbe pl (7 JSE) e
2 S Sl (S slayine) alasisS o i

(Ct s e S 5 ol anw ) oot LSS

Parent Node

/chnde\
\ Node

L/L/VM

Rule 1 Rule 2

Rule 3

Rule 4

USSR S% KV [P P I TR U, T
Figure 3. A simple structure of Cubist model.

il eSS Sy oty ions (slaeki S
03B Wsh o LAl L3 ae samme 4y 5 Ligh e 03l
Jol 658 O S5 L sduaih s S cule
w OAs Wlol e s Chas el Sal sl
Vsama (523035 al & Lpdipe 3055 48 gams
boduarb Ol s s 5o 235 Olje bl
Jbe 3 S lea 5 LYW e Qx,.«)f)
Ll oo bl S S ST glass s e 5S
L5 VU ps edd S5 el Wbl paS Jol s
slaasnd 3l oslaal by glacs s 5 ol
bl 23l e geme @l alul ey
ot e Lol S de ST e
S 56 JMRe Caas & Sy Je 3 ol S
Ao n 05y Sy Gras SO s
s Sl ke Gl aaS a Gl
b 5Sle 2l oty sde eslid o

OA) ol de s o5 e sla s i

Yo

P PP H WOV R IRCNINC S K
BE J;Sdp ealeiwl sueld r Lf:"" Lf‘fhf:'ﬁ Cwl
e 53 law s o 025 gladie cmn 5 Jike

(F aal)) L5800 Ol 3 Dsoas

ypar =a*Ppig+ (11— a)j;'par (&)
kia 5 Vs o5 3 cwiie Ppar lyinlys
Slalaly 5l ap @ g ol 5 3 o S 3l s e
Gl 5 58 Ml Sl g s bl J.oLI:
LIS it S S e o e 4 L0
odol T a8 bl TSt it~ b
L Gl s Sy bled eslinal
S5 el B s Sl sl
el Calis O S5 L gaaid Ol s

1- Nearest Neighbors
2- Boosting
3- Committee



V€Y b)wd“o 5)53‘6&9‘?‘&5&"(5&&:@5513

(¢ 5 b opl Obe Sl SSSE o e
NSl ol gl oin oS5 0l 08 Geot
K slaws (slas gla Ko Jie 53 .ot sldss
°M&;ﬁuiﬁﬁbuﬂﬁ>f;@ bud}:«lﬁ) g
Cowd 2 Ol ded et L Ll
S TR} e Koty 5l e 5 L
oy 0 daly b Sa S, la s K

(8 JS2) 355 0

[Zlk<=1 TrX ]
K

fx) = (0)

sl K SaS sl sne Xeo 5o T calasly ol 5o
Lk & Ol s

kel Koo das sl Gl Gl 3

L. 3 randoamForest Solple s wa

(Y' c\‘\) W obl.&.’l.w‘ R )‘J'e‘ff’

(Y201 ae e Sbeads) gln tdobas o duts
Jhe 53 sed sl 1) ol Ko ), S
LooS o el guauaid 5 s S, Ol
Sl piie aen Ol 5l oS SKSE g Sl eslinad
LS oo ol [ o Bl s o slml S8
Slaas oz p 5 G Sl 48 sems 25 (n g Sl eslized
Syhip caiie w8 53 s SaS sl
ol bl s gl ielas K Je (09)
48 gome § 53 Spmgn (SeS Sl pite sl Ll
S 53 Ol s sl (K05 5 05 e ol
ol iy o ol [ i, S0
LSSl s 4 sl gl () 1y
Gl 4 (S glabais lalie) sl slassls )
$gas A Sl O S5 bl (Y Ntree) asis
Gl piie 5l ol Sl (7 s (6 54 50050
sl 5 alas b e S s e (Mtry) (SeS

Decision Tree-1

Resuit-1

Decision Tree-2

Resuit-2

Decision Tree-N

Result-N

—»{ Majority Voting / Averaging

Final Result

obal SR Jus el Hlle —¢ IS
Figure 4. A simple structure of random forest model.

SUM S e iyl s LYY (1)) S e eslizad YL

3,8 Ol Vel Sy pots Olg e 1y O S5 50

fx)=w.0(x)+b v

\a

S slemile ((SVM) Oluzis Hlsp cmdle Jube
crile 6,85k sd ol (slagn ;ST 51 Dbty
S S oo zslaw 5l Jda pl el BS  a
s Gl (BS 2 Kby sld i)

1- Bootstrap



OISR 9 (£l e [ e dle 653k S Dg, 2 (e JUET oI5 Ao

B e ol o 58 s
Sb bl ml B s aese L Ol oyl
S dien G paSw 5 bl ledber i (o
IS8 0Y) s ealizad Jbaly 6 51 Shass cnl 53
0L 1y olais s opsbe S lesla bl o
A SYM gslesly sl hassy cpl o e s

V) W eslanl R Rl L 5301071 axes

Input
vector (x)

B0 s 5l o b sy Sy WLl s s
Lilea SVM sladie s opl ply scl o 8
Sy e BL O35 Db mas SUS gbad
Sis Slad > ek e sl Ysens
Cosgdoes ol gl Goaa pane b st 2 LS|
slas 4 ol slas i)l L SYM gladae )

Ol (S b 5l eslizal L Sy Gludor

Output (y)

Linear output

b layer
Input layer of ~ Hidden layer
dimension m, _ ©f Ns kernel

inner products

Ol s edle 5 losbu Jlsle -0 Ko

Figure 5. Simple structure of support vector machine.

S, S8
RE=T 5 @)
;(Mi—M)

dﬂfe)\.)u\ﬁ&:ﬂ NBERY Ei 9 Mi ¢,]a.3‘_9) U'l\ BE LY
ol i w B Mo eas st 5 el
Lhdjj.a.'s sl N g U el 6‘?’& 5 Oldalie
i 4 MAE ; RMSE i e s il
Lol o5 s polde o OOl sl Kooy
Sl ij.A Jde 5 o3y J:(’S aM&;a)U&‘
(Y8)
gy warsl SAIGs gladas 2l Gl s
9 ol &Jﬁ tJ.l}) ol 4.:3)5 J.hv BE WJL":';‘
(S slaesls s 4 JGags ul s (ol S
sladde a5 a0 eslaal CARET Sl5le 5w Sl

ooy sl 5 el sbesls s 51 Ks

a3 badde i 5 S SL 6l
53 V) s eslizal 0T Lt s esls S Gl
Byod il 6l S amsy 5 Olos S )i
S0 el S e Sl A s
Sobdie mE bl sl ol S
s Sl oSle aly, bl cloasls
oy s (MAE) sllas slar Sk (RMSE)
QB V Laly,) 4 eslizal (RD) s

RMSE = )

n
.Z (Mi _Ei)
MAE:% )

1 - Leave-one-out cross-validation
v



V€Y o,h».;’s‘\“. 5)53‘6&99705&"(5&’0&55513

oy g b
5 Sl o (IS (sosd (3L slansls
(255 5 eslinals e FC i i sl St pH
oo

4 JJL?- L;L,ﬁe}\b Bl ol J)‘) J—«S‘ )‘Jﬁ‘f.)"
ol aodt s S Sl R ie 3 b

35 bk gas a2l slag 2o 2

Vs 50 FC i lp Jhissse slaesls
5l Jol> pvalue laie SLlyl ol ss <l
Sl sl Sy =5l Lo b 0se5
WSl Sty plal 8 elas (S olis
oo S o IS eedS Sl S A
ol st/ 5l 56 oy b sk, 5 S
aar gl S e G s mis Sl e e
035 Jley gse3l 5l Lol p-value lais S ;p
S S cdes dons gl Sy - mle
Clow Lo s glaesls a5 5,5 Oy Ol o 55 /00
(Yoo Lw)l8 5 508 XS o S5 Jbf s Sl
FeS) ¢S S ad de 53 ) Dk g 5
SR ol e s =TT ) sl (Y )
Sl b aleligly (Y0) Wisged sdueids (/1
ghls S pH Jlaie 5 sy g pd i Gl

Ll oS (S iy s

A sl s OF Glabae 5 vl
Coo ly dde gl 5 5 gla s Ol 5 Jue
B 7""‘"’“.,." JAW | e '".(Y'>M)da )lj.g &J:ﬁ
<30 4 CARET )\_}.élrj.} L ooslaiuls e lade
2y el 2
JZA‘)LJALg‘J.:te)\AT élja.a)ﬂ csza;'- dv\ﬂ DL
A Gl ool UK.\;- Jde )3 355 e eslinal Je
osly w3l C)Li- O 3 S S8 (L s
@il 3l S een 0T JLs @ 1355 0 5
o by aloe o Sle 55k a4 O3 ples s
Ji;’f Jle 6,880 53 sl e Jl s lula
s FC o S wnyy lbaesls gl sl
Js.:,w )‘ C‘)L> LsLhole XD B RMSE ‘)l.)j.a ¢PWP
S ot 5l g 9 S e dbe Sy (Gl
Sl ol eslinal ot Jue 5 e b3 ael gl

() 258 0 0L

FC s gl s3lizals ) go S 505 V1A olul 5 S C3lsgs Slas gpas oo 5 slao,lal —) s

Table 1. Descriptive statistics of soil easily available properties based on 108 soil samples used to determine FC.
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p-value

1E-13 6.60 2.49 0.42 59.22 2.56 0.71 0.15 dS.m™ EC
6E-06 0.46 -0.96 0.37 4.80 8.26 7.73 6.61 (H" pH
2E-07 2.06 1.22 11.98 81.27 63.50 1474  1.00 % CCE
1E-05 2.53 1.20 0.68 51.07 4.39 1.33 0.12 % oc
3E-11 2.75 1.75 15.97 90.07 81.00 17.73 1.20 % Sand
2E-01 -0.24 -0.34 11.15 27.49 65.40 4056 11.00 % Silt
3E-05 1.40 -1.02 9.75 23.36 62.40 47.71  8.00 % Clay
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Table 2. Correlation coefficients of studied properties with FC.

EC pH CCE ocC Clay Silt Sand FC
EC 1
pH -0.035 1
CCE -0.067 0.366" 1
ocC 0.294™ -0.044 -0.395™ 1
Clay 0.091 0.085 -0.115 -0.063 1
Silt 0.011 0.366" 0.087 -0.199 0.165 1
sand -0.063 -0.287" 0.009 -0.1 -0.725™  -0.799™ 1
FC 0.061 0.240 -0.139 0.137 0546™ 05677  -0.7297 1

P<e/o)) o ys 5 (P<ey/00) o Jlex1 dad)z s OS5 4 L

* and ** Significant at P < 0.05 and P < 0.01 respectively
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Figure 6. Relative importance of independent variables in multivariable linear, Cubist, random forest and
support vector machine models for estimating FC.
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Table 3. Descriptive statistics of easily available soil properties based on 33 soil samples used to determine PWP.

ﬁﬁ; j}")‘ Suis S :i1 Skl e S (Sl Bl asl UL::”
\?\;:TIE Itreos_t Kurtosis ~ Skewness 3;?/?;?;?\ ;05:;:3?2; Max Mean Min Unit prof)ce)irlti es
p-value

1.3E-06 8.31 2.63 0.36 58.61 2.17 0.61 0.28 dS.m™ EC
9.9E-03 -0.40 -0.80 0.44 5.70 8.26 7.70 6.61 (H" PH
3.4E-03 0.83 1.08 15.47 86.11 63.50 17.96 1.00 CCE
2.0E-01 -0.13 0.40 0.52 56.84 2.34 0.91 0.12 % oC
7.0E-04 -1.11 0.61 24.01 89.09 81.00 26.95 1.20 % Sand
3.3E-01 -1.20 -0.03 12.80 37.55 56.60 34.08 11.00 % Silt
1.9E-01 -0.86 -0.45 14.05 36.04 6240 3897 8.00 % Clay

5 S (b doys (Sien Lsls PWP o b
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ol PWP s js cusb, L
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Table 4. Correlation coefficients of studied properties with PWP.

EC pH CCE ocC Clay Silt Sand PWP
EC 1

pH -0.011 1

CCE -0.086  0.402" 1

ocC 0.123 -0.047  .0.521" 1

Clay 0.216 0.263 0.057 0.153 1

Silt -0.032 0.286 -0.004 0.126 0.599™ 1

Sand -0.011  -0.307 -0.011 0.157 -0.904™  -0.883" 1

PWP -0.037 0,233 -0.049 0.059 0756™  0.803" -0.885" 1

(PS~/~\> M))&.‘{J (P§~/~O) c.i JL«}\ (":b")s)b;f.“ g_,:JJ..T “ o _5:
* and ** Significant at P <0.05 and P < 0.01 respectively
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Figure 7. Relative importance of independent variables in multivariate linear, cubist, random forest and
support vector machine models for estimating PWP.
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Table 5. Validation results of the studied models for estimating FC and PWP.
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