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yp In recent years, machine learning models have been increasingly recognized as effective

alternatives to analytical, numerical, and empirical models for estimating the dimensions of
soil moisture distribution patterns, without requiring constraints such as boundary condition
specification or recalibration. Therefore, in the present study, the performance of five machine
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EXTENDED ABSTRACT

Introduction

The increasing strain on water resources, resulting from climate change and rising demand for food
production, has posed significant challenges to the transition toward sustainable agriculture. Consequently, the
use of traditional irrigation methods such as surface irrigation—which are often associated with low efficiency
and substantial water loss—is no longer justifiable. This has led to a growing interest among farmers in
pressurized irrigation systems, such as drip irrigation, due to its precise control over applied water volume and
improved water use efficiency. However, the performance of drip irrigation systems is substantially enhanced
when accurate information regarding the dimensions of the soil moisture distribution pattern is available.
Numerous analytical, numerical, and empirical models have been developed to estimate the infiltration depth
and surface wetted width of the moisture distribution pattern. Nevertheless, these models

have certain limitations, including the requirement for a wide range of input variables, the definition of
complex boundary conditions, or the need for recalibration. With the emergence and advancement of machine
learning models, robust algorithms have been introduced that can provide accurate estimations of the moisture
distribution pattern dimensions without the aforementioned constraints. Therefore, the present study evaluates
the accuracy of five machine learning models for estimating the infiltration depth and surface wetted width of
the soil moisture distribution pattern over time under saline water application in surface drip irrigation. As the
first step, a laboratory setup was constructed to record the aforementioned characteristics.

Method

a) Construction of the Laboratory Setup

To investigate the soil moisture distribution pattern, a physical model was constructed in the Irrigation
Laboratory of Shahid Bahonar University of Kerman. The setup consisted of several components including a
water supply source, a soil reservoir, and a surface drip irrigation system. The physical model comprised three
separate compartments, with dimensions of 0.8 x 0.8 x 1 m. A transparent Plexiglas sheet was installed on the
front side of each compartment, gridded into 5 x 5 cm squares to facilitate visual observation and measurement.
Each compartment was filled layer by layer with soil samples passed through a 2 mm sieve, and each layer
was compacted using 15 blows of a 5 kg weight. A surface drip emitter with 4 L/h discharge rate was placed
on the soil surface near the transparent Plexiglas wall so that the infiltration depth and surface wetted width
could be clearly observed and measured. Five salinity treatments with electrical conductivities (EC) of 1.5, 3,
6, 9, and 12 dS. m™ were applied to examine the moisture distribution pattern. The infiltration depth and
surface wetted width were recorded at 10 time intervals of 30 minutes, with three replications. The collected
data from two soil textures were used to simulate the dimensions of the moisture distribution pattern and to
evaluate the accuracy of selected machine learning models.

b) Machine Learning Models

RF: Random Forest is a supervised ensemble learning model that consists of a large number of decision
trees. The model is developed using the bagging technique combined with random feature selection at each
splitting node. This process generates multiple independent decision trees, and the final output is determined
by majority voting in classification problems or by averaging the predictions in regression tasks.

XGBoost: eXtreme Gradient Boosting is an efficient and scalable implementation of the Gradient
Boosting framework based on decision trees. The algorithm builds trees in a sequential (additive) manner,
where each successive tree is trained to correct the residual errors of the preceding ones. With using advanced
regularization, gradient-based optimization and parallel processing, XGBoost delivers high accuracy and
strong generalization performance.

CatBoost: Categorical Boosting is a gradient boosting algorithm built on decision trees that is specifically
engineered for the direct handling of categorical features without requiring preprocessing. The algorithm
utilizes Ordered Boosting and Ordered Target Statistics to minimize target leakage, control overfitting, and
deliver superior performance in both accuracy and training speed.

SVR: Support Vector Regression (SVR) is a supervised learning algorithm developed for regression
problems. It aims to find a function that deviates from the actual observed values by no more than a specified
margin &, while maintaining the flattest possible function. For nonlinear relationships, SVR employs kernel
functions (such as the Radial Basis Function - RBF kernel) to implicitly map the input data into a higher-
dimensional feature space. This transformation allows the algorithm to perform linear regression in the new
space, which corresponds to nonlinear regression in the original input space.

Elnet: Elastic Net is a regularized linear regression model that integrates the L1 (Lasso) and L2 (Ridge)
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penalties. The model minimizes an objective function consisting of the residual sum of squares augmented by
a convex combination of L1 and L2 regularization terms. This hybrid regularization enables both automatic
feature selection (sparsity) and the handling of multicollinearity through the grouping effect, making Elastic
Net highly effective for high-dimensional data and datasets with strongly correlated predictors.

¢) Implementation and Evaluation of the Models

The implementation of the aforementioned machine learning models was carried out in Python 3.13. The
input variables included sand percentage, silt percentage, irrigation water salinity, cumulative time, cumulative
water volume, bulk density, and saturated hydraulic conductivity. These inputs were used to predict the surface
wetted width (width) and the infiltration depth (depth) of the soil moisture distribution pattern.

The dataset was normalized using the min-max normalization method. To improve model generalization
and prevent data leakage, shuffled stratified k-fold cross-validation was employed. The performance of the
models was evaluated using the statistical indices coefficient of determination (R2), Root Mean Square Error
(RMSE), and Mean Absolute Error (MAE).

Results

The analysis of the obtained results confirms the acceptable accuracy of the tree-based models in
estimating the depth and surface width of the soil moisture distribution pattern in both soil textures. The most
accurate estimation of depth was achieved by the CatBoost model in sandy clay soil (R? = 0.94, RMSE = 0.27
cm, MAE = 0.10 cm) and in loamy sand soil (R?2 = 0.92, RMSE = 1.62 cm, MAE = 0.77 cm). The weakest
performance in estimating depth in both soil textures was observed with the Elnet model. Similarly, the most
accurate estimation of surface width was obtained by the CatBoost model in sandy clay (R? = 0.98, RMSE =
1.58 cm, MAE = 0.91 cm) and in loamy sand (R? = 0.97, RMSE = 1.76 cm, MAE = 1.06 cm). The weakest
results for width prediction in both textures were also recorded by the Elnet model.

Conclusions

In the present study, the performance of five machine learning models including CatBoost, XGBoost, RF,
SVR and Elnet was evaluated for estimating the infiltration depth and surface width of the soil moisture
distribution pattern in two different soil textures under surface drip irrigation. The results indicated that in both
soil textures, tree-based models exhibited higher accuracy compared to the other models in estimating the
aforementioned variables. Among them, CatBoost provided the most accurate estimates of both infiltration
depth and surface width across both soil textures, often showing close agreement with the results obtained
from the XGBoost model. This finding suggests that these models are more capable of capturing complex and
hidden patterns among the variables.

In contrast, the presence of nonlinear relationships between input and target variables in simulating soil
moisture distribution patterns, along with significant interactions among variables such as water volume,
irrigation duration and soil properties led to weaker performance in models such as Elnet regression,
particularly in soils with high sand content.

Furthermore, comparison of the results revealed that in soils with higher clay content, water movement
in both vertical (depth) and horizontal (surface width) directions is more regulated and system variations occur
in a smoother and more continuous manner. Consequently, the relationships among variables are more
structured, resulting in more stable model performance for both target variables.

Funding
This research did not receive any specific grant from funding agencies in the public, commercial, or not-
for-profit sectors.

Authorship contribution

Conceptualization, Golestani Kermani S.; methodology, Golestani Kermani S. and Saeidi Abbasabad M.;
software, Golestani Kermani S.; validation, Golestani Kermani S.; writing—original draft preparation,
Golestani Kermani S. and Saeidi Abbasabad M; writing—review and editing, Golestani Kermani S and Saeidi
Abbasabad M. All authors have read and agreed to the published version of the manuscript.

Declaration of Generative Al and Al-assisted technologies in the writing process

Statement: During the preparation of this work the author(s) used chatgpt in order to translate extended
abstract to English. After using this tool/service, the author(s) reviewed and edited the content as needed and
take(s) full responsibility for the content of the publication.

Data availability statement
Data available on request from the authors.



Iranian Journal of Soil and Water Research, Vol 57 (5) 1168

Ethical considerations
The authors avoided data fabrication, falsification, and plagiarism, and any form of misconduct.

Conflict of interest
The authors declare no conflict of interest.


https://ijswr.ut.ac.ir/

VAYY—YFYY Ll O 0 ykois QY 0459 () I S g T Wiz Aloxo

Homepage: http://ijswr.ut.ac.ir

Sl cod Cugb,y Rajei 5951 dlail 359139 43 Crwilo (6 SOl 1 (o e 3 Sdes oL,

&lo s

YLl ol awme 3o | B Gle,S  GlindS aslogus

5.g0lestani@UK.ac.ir :asblly .l pl (ylo,S coyla,S il dupes o8l (g5 yglisS” 0aSiiily col _wdins g pole 09,5 ( Jgtume oMk .)
miladsaeidi.abi@gmail.com :asbLl, .l pl ¢yl S ¢ ylo,S dly oMol al5T slEutils «ol wdins g pole 05,5 Y

ouS>

4

Ao OlNb!

dasl 50055 S (275 9 5338 (Slod glaae caslie (30l lsie 4 pble (6550 oo 09l
N3 229 390 Lol b (e Laulpd iy wile placudgioe g SB > Cush) @iy N
9y oD i duo ¢ Juo ) (63559 e Cadis SleMbl l edlaiwl b pils aixd ) gy oyl 3l las S
3580ae )l 4 (bl (Sgpaem culan g 6l (ogase (g (smad o pre (e Gloj ol (69
w5y g d9i e e sl pCatBoost, XGBoost, RF, SVR, Elnet) ) cuile (5,550 Jdo
addy o (gloyhad ¢)ll wiwaw cosLoamy Sand, Sandy Clay) ) S caliswe il g5 )3 usb) b
b s 0,Sloe g ui oolaiwl  Bolas bYW by o lusliwl dboliie ocw)liel (ogy il joSde (sla Joo jo i
eSS 5 350 4 315 s oel ey s 3,5 b3y R2, RMSE , MAE (,lel (sla s L ) solizl
cm R2=+/8A) xhw oy M 10/0=MAE ) ©m  27/0=RMSER2=-/Af) 34i Gac
el op s Ab oanlie CatBoost Jio ,»  Sandy Clay cély ,sem 91/0=MAE ) 58/1=RMSE
4 g5ke Jho b (o (1550 5 398 (Bee (eSS CBY (Sl 45 (5ygbay A oanlis EINet Juo ) j
cm (76/0=R2 ,m 22/3=MAE ) Loamy Sandcm 16/6=RMSE(16/0=R2 slacél » w5y
sledse LUy sl cany s ggeme > )5 odalie CM 67/4=MAE ) Sandy Clay.09/6=RMSE
st B jise (oS e g 00w 518 650k 4 B &) 4lmcd > oty (e (dle 5Ok

AiSn ol Y oy 203 b S8 )3 0y 4 gy by sl 5,90 5

g5y Alie 1o £od

VE-OIYIA sedly s g ,U
YOI/ 16,855k &0
VEDIYIVA %y G ,U
VFe0 ol e 35! g ,U

(S sleojly
WS et (o5 ol
CatBoost . ;3
sjlodsd

soee o cla_fio

Gl cov cugby @95 6o slal 590 53 cyilo (6,53 it slabe 3,Shoe by (VF+8) Mo LT obie (coumw fldgur oS SlundS aliul
https://doi.org/10.22059/ijswr.2026.413169.670123.1\80-VYAd (8) O «3/n/ S 5 of clisio dlxo ¢ glo b

[OXOLEH

oyt ol @l Ll Ao 1L
DOI; https://doi.org/10.22059/ijswr.2026.413169.670123



https://ijswr.ut.ac.ir/
https://ijswr.ut.ac.ir/
mailto:s.golestani@uk.ac.ir
mailto:miladsaeidi.abi@gmail.com
https://doi.org/10.22059/ijswr.2026.413169.670123
https://doi.org/10.22059/ijswr.2026.413169.670123
https://creativecommons.org/licenses/by-nc/4.0/

(oigis — coole) YF+0 31350 B 5 los DY 5,93 ¢yl 2l S g o Slidiss VYV
Ry o Q0 392 ¢l 52 9

-

400
Wlo e ille 5 b Sazmn bl jl dlasgoome bojlsar gyl (socalled (ke 9 e il (S Olgis 4 (55p0liS
9 Caxed il Wle  Lelge (Kusumavathi et al., 2025) cowl 039y dnlgo Siid das g Suis sblie )d 039 ol @lie 3908
i 3 e oslital & xie S BB bl G2lS 5 oSS b (SO 983 wbpme 558 s diE ol Lol
) ol oo Gy sl Sogl slm) iz 5 ol wlie gy 450 ol a4 00 gyt 5 0 Ol Wile gleosle
oSS 4 (65,98 Liso o b osd el Ol Lanass > dalisee sla idu o colsy JLS > Jelge pl(Sishodia et al., 2020
(Sishodia et Delgado et al., 2019) 1l ,lub (65,5UiS cuomw 4 &8y 5 Ol 5l diugs odlitnl jlodie; 45 295 dn gy oo 59,
5 358 IS ¢ os So85 ialS (LUl dbml I g pS sl ale (blie (il 5 & (ol (g )lul e 95 0 8l 2020;
2 o Jeuslty ol 5 485 )8 a2 g 3590 o wlie S 2l odlisel g i S S lsie 4 ] e (50,8 Sk
Cristobal-Mufioz et al., 2022; ) 355 Jles! digs O yg0 1 i o ppdo g lal o (Sb slaais o5 0l sl Slles oyl
o Caduo 93 b aS Sughy 5Ly sl 1 eMbI 1Y g 39 oo @595 ol diin ) dxwes ddlaie ;> O ((gloykad ¢l ,> .(Zhuetal., 2024
gk 5l slul a5 bl 51 .(AI-Ogaidi et al., 2015) 3,5 Ol 5,8 lossly 39x00 )3 (6590 b gul oo Lo a5 dgi5 Gos g Sxbaw
5 kol oo Koo had o alold g ol (a0 yhad 0 gl Cogb, (S Sluogas wle (gdanto (layeS1 36 cov
75 9 5338 ¢ el (gla Jue Jolis o sl o ) ] (g3l sl il gl Jue )5 )18 5 g olS aty) sl S
() Ken g wgllS) Blodds 03ld drwss (glac)io b aRislesl (saosldy y WSl e )T, ladlyy (sluo p 0y sl Jao il o
(Cook etal., 2003; Kandelous _JlJ>v sl Jio 4 al.,2016) (Malek & Peters 2011; Al-Ogaidi et al., 2015; Al-Ogaidi et \YAY
al., 2013; Sejna et al., 2014) ¢>ae 5 Khemaies 2016)& Simtnek 2010; Hammami & Zayani 2016; Moncef &

sl el eolatwl iloads &1yl ol adgl 5 (5550 baylyus cod 30)louy WYslee > (slie , (EImaloglou et al., 2013; Arbat et
eges QLS By 35 (225 b Jde g 2)> (BB SleMbl (91 (popiws 3 5308 ) Oylae 4 5l (o335 9 (oS
- Wlodd oy pai ez baylpd (gl Bjo g M

S $pge Pl Al oo yrr (63959 031 JBlus 4y 5l g YU 85 5 (g pdpdllasil Sl oS Wl yglg 5,559, Ko )l cplple
gk slo el daodly dliiaden Juos b ailes o pile (65Dl (slay Joo Lwly cpl )3 g 039 SB o Ul w55 (SSeSs alllas
sl Jde 4 a8 usle (6 p30b (cla Jae @8ly 1 ambl ond S cla e plo (lp Stalae il g 43S 50l canlie B L 1,
bd e g odzmy blg) 1,06 oo ol WAl dnugs (Sjsel ) ealitl b ()l (slasSl gl sl (gl caidgyme s jgmonsls
Jds 4 o Jas plogMeay .aiad (asuds |y Wosld )0 3930 jbolize gL o S5g 5 ol |y (39,3 9 (62959 (slouxio (po
Ol g aiS S cited a3l Jlas] mje )b 45 olaesld dcgeme b Ables o ¢(5 5oL 4 iy (slad pualy 5l S 0o
Taheri etal., ) Lb (hl38l bingin IS @lul 9 <856 S @al)s 15 1) (oo lagsby) jledlatul b Jue (piie oSy
(2025

Sl €8> byl oad plsl g sdes Gign &5 Made LS S50 Cagb) mg b badye lainghy 9y
AMIN) 015 plosl il Sl el (505 Ao 3> (5 53935x0 Slllan 5 ol St 1o Caghy olizn (33035 3 e 553k
e cunle > 4 cunl S oS (& Ekhmaj 2006; Samadianfard et al., 2012; Karimi et al., 2020; Shiri et al., 2020
Sl oSyl 4 ot (bigel Cosh (SoSSS )0 by Ll bl (B CleMbl 4 g pas b g SB 5 Ol by
g Mt Job BBzl @)l 4 3B 55 (639)9 Sl yuiie (m £58 3929 pie Larlpd ) (> g 03l Jolus L oS cul 0ad (5 Spglie
355 3l o] las olizabl 5 (6 privmenss a8 B 3,5 15 oy 3,50 cilizen Ll 5 ol 5 Slas o ol (55905 a1

3ol 368 (30055l JIS 6 s Sl 3985 a5 (b By 2 S o Cusb i by oS e
(ungs 2)Shos (iludigy > (GIoALS (e (1B g 00D Cguis (glojkad (g)lul slapluns Copo 5 b gl (v e
Cap oble 65Ok glaJao I (B e8> bl 4 pol G 0 W)l Ol Gpas IS (1Bl 655l 5 Ol o
P s ()0 5 3685 Ges Slio b gl Bl Jue S calo B (gl 3 5 0ad aily b Sl dlel (ess



IIVY 3yl 50 mile (S S0l g1 (o S0 3,800 (b3, LT wle (sumw g (Slo,S (Sl (ig3s — sole)

sl 0as plogl oxdaws (gloyhad ,lol cov Calisee o (slaojl

L vgy g dlgo
PAEilo] Jao cé b ()

sl pise Jold o b ailo oS inl gl oSl (bl olKitplojl 5 (S50 Jao S 1l (gl Sl el )y pslite
el 00 @) (V) S5 53 o (ST (gles o8 Ao b (sloylad (bl s 5 SB35 o (el e o I cilisee
Al aw sl yiso oals Ciond )0 0 ol (Goluo 0w duw &y &S A ALY /Fx JAXY Sl & (6508 o5l S ¢ o il 4y
XD ojluil 4 a5 yio gl AvxAe dlal 4y BlS WIS Sy (59 o SleMbl S g Cusby @ig 6Nl oaalie jolate @
S 3l eblad o)lges g SB olad jy0 50 (i Gl Sl Sl el g 2b Al 5 uai g S (o jad o Bl

(VFY ) Kan g 0Ll lie (gumw) A5 o3litw] Blass dio (g9 w5 S3LaY

| o] -
i 0
LA TR T LR VA YT AN T LA T R 7

oS 2,k8-0 Of cuoy-F LS 5 dg-¥ S y350-F T 38w - Joldd ound b lw uhli.;b“l»ﬁ Jso 5 slod L Y USG

g b S lob diged L L b SB diges jl LS sla i § b Kiwosld lal (Jlo oo o 3,5 5 lp

P S 090 & ploilo Ve Culus b Y 4 aY Cjpo a4 SB LSy 1515 2bxl Gl ad 0l jee (gyiade Y S

(535Sl (ol 5 ©BuS) 335 bl LSy Ll pS U ad odsS 055k 0 4ijs S 40 0 LY ja g e layise

g ol ¢l Sandy Clay 5 Loamy Sand cély g3 > &S bobo) 5l (odaw (545 5 3585 Ges SleMbl jl gass pl jo . (AVAY
ol 0as Sl (V) Jado 0 SB ol Clasuin jl Sy &5 00,5 soliiwl

asliiw! 3590 S dh‘;}lg )‘ @)J R Js»

3 Cdow awlo
(gricm?) & }“m (cm/day) (dS/m) (Z) (Z) (z)
V/00 VYA MY FIAY Loamy sand A ) N
VIYY WY/ NS ¥/ov Sandy clay Ve YA oy

b 03litsl yimned] V ()18 5Ltb g el 1) ¥ S0 phad b oo (ol (g lol s G5l e 53 Ol el (s
S9y Ooykd g b QL] el )Lad 0AiS (e g 09l 395 95 1 4 Pog55 Jhe Sl Baid (il )3 odlial 3)90 (S5 0,la3
Gl jlagi B 1 e o) 5 il pu50)I0 5 Cagy B sy sl dlal b 8,5 )3 Glas asio & jglre 13 9 S prdaws
e 43,5 03l (V=Y) Lulyy 5 pates 23,08 31 b las el (s 48 03 o3lizd (VO ¥ & & Y (ds.m)) (695 zsba b
A o i EC olStos J o3l b s J8 155 3190 53558 s (00 51 lisalol sl el ym 53
TDS = 640 X EC EC<5 ds.m™ (\ dla,
TDS =800 X EC EC>5 ds.m™ (v dal,



(u"”@s)"_ @J&) VFe0 D‘b,& fin) b)w QY 8,9 Q,‘,j“ Jl&gui oludss YIVY

o .(Hanson etal., 2006) ol (MQrlit?) odlitwl 3y90 madw 1,8 clale TDS 4 (ds.m™) Ol (c)90 EC 398 Ly, )
Cugby (90 g (I 8 o rdaw &Y (15 gLl b g 0l @i Jae Jl (150 2 3 S ghaw (55) Baekad )bl el
P g iele i Glojojl Ve 53 398 Bae g (rdaw (30 ol (g jlo dlal g 392 osaline BB Blid (6jlad aoxio 3 )b
Setodly (59) SibaY S Ojgo 4 g a5 B ©jg0 4 Jae I s pa S Gilejl e el lam b el IS5 4w
103350 oSTy5 Coley b g 395 Bl gdm Sliuloj] (gl ST )5 0 0,35 Cagb,y 1L s i oo el YV Coto 4y
SleMbl aegomo | i o3kl S > Kas roos il Bl can Souinl A pe cpin jl pwismen b 03l 13 alKiles] Jae
43,5 ozl (edle (6650 (slaue Sl (B e8> iyl g sbo) Sl Slad (s3lodund sl 0nd (5glaex
eile (52530 e (By%e (0
(RF) sl JSier
5l 3olad job 4 45 degesme ) SO 5l ookl b paenal €33 pain o] 0 &S Canl S5 650 gy SO bolay K
ol g5 gy Ko o8 s [Si e 5 5o Sl 4 39 sm 4L s 15 (1,53) (e s S pliipe
J a4 a )by (Shg ool (olad SR Jae primen Nsd o0 S oy 2 il o SO Wy Gl (B0 S (pi
S8 8 el (o it g o Wl Ly o (aalyd 3 (> 1) Bam g (03955 sl pite g B (0051 wtaranls 5 (B0l
LSS = 1) Xi oywling @bz gbdiges =) 1 cwl pj Jolye Jols Bolay JKis Samw,S, wi,ysXl .(Hong et al., 2016)
ladiges | pgwr S5 g @ pislg diged S5 5 Iadiged jl pgw 93 Nigdh oo LB X (Lol 031> dgeca I Bolad ysbo 4 (o plg:
Pl eS =Y s oo able CyulOg I ol dsgesme s S b cdillas (gl €83 o gd e 03 )5 anS I 2
oo Ol jl MSE ( 5teS b anndi aba 9 (SThg cnyie prap 9sbe0 SN I S I (ol dgacmaj S il ey
My (Bolay lisyd plad &S Loy U YL claplS b illae (51 0,3y p3 Waools s oyl 3 =Y 00,5 o bl dsgosmoys
298 dplro (1) dla) olul o Sl e (g )S) (2lod @ D900 ST 03,5 Juols LBy Ll 5 S

k 5
1 (v ol
(XD = D To(X0) ’

(Wang et al., 2018) cul ci s o saimdd (i Ty 9 JKio LS ol K 348 dlayly )

XGBO00St 4 puiiy 151 )5 g gli o3 55!
Coxly & Cwl (LS e (sl prewal S o) 3l pdiwlde g saddlgy (gilwesly S XGBOOSE i ol
bl 5 (ol C8 (slge Cluwbrs 5 803 o2 (siluplaie Wile (SISl gy b g WS o0 Jos Siwogy (LIS
8> (S bl cla by plo alie Jao ol (Chen & Guestrin 2016) am> o ialjél 1) (5590l Cas o g (6 pdpaess
J3e lgie 4 puenas (clacs s jl i Jae opl a8 ol jlamd o il mosilesdl b @b (oilwaiseS o)k 5l 1) b s i
4 e o Sdmn LS onl g dpiee S LS (Saom S8 caa 1) ol @bl sload pMol asus wiS o edlaul 4l
LS‘)’ L_S'?‘S“S‘)J )| 251 M)?i-” )‘ Nt ] u|9’u‘° J"\“° L)" dl“z’uf))ﬁ )l ">‘>)§u‘° °)‘*>‘> LSL‘AB L)“‘Q"S 9 L)“’)?"’T e u*“‘)sl
@ Cod WS (o0 yome |y Jlo o5 (B9 098 ho ladiges Blo g colin i (B0 005 Sk e (e 8L
)y > Ml &Sy o Sy oS 5 &S I Sho Jolai 398 9 A8 i dalS b il Caa 3 b o Sy (S
.(Bentéjac et al., 2021) 5,5 o,Lil ciiS' 0 2ga50 1) 3 S S b

Lilgy b o8ly polie 5 Jis Gistes 51 Jols poliie 0 BST S g3 g0 40 Vgoms 3 i XGBOOSE iz 9531 3
Dgd e dmlxe

0¥ = i — ¥)? (¥ dl,

1 -Random Forest
2 - eXtreme Gradient Boosting
3 -Interaction Constraints
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1 -Support Vector Regression
2 -Structural Risk Minimization
3 -Empirical Risk Minimization
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1 -shuffled standard k-fold cross-validation
2 -fold
3 -5 fold cross-validation
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1.0 Taylor Diagram - Surface Width of Wetting Pattern
1.0

10 Models
‘“' e Y Observed LO o 6s Models
s 0.8 @ CATBOOST ® o ' K Observed
= 0.8 < i © ELNET i 0.8 @ CATBOOST
= 0, = o8
7 o 2 L 0.1 S ot
- 0 \, 0.6 ® SWA 3 e W
£ 0.6 ® xGB o o \ 0.6 ® SVR
] B 06 ® XGBOOST
o ol
7 z
" <
o 0.4 n
~ 2 o4
L S \
5 o2 E o \
2 § &2 \
| = ‘ \
0.0 | \
oo |
Sandy  Clay Loamy Sand

H9b) Sl (Paw (558 (eSS )3 (w12 3590 S0 3Sdes 55l lag05 Y US

AR o Fy Phiwgn g ppy i Oyl g Gl Jold JyuS oz 90,0 ol <S> Sandy Clay S 3 ggexe 4
a8 (Rajhi et al., 2026) cusl Jolsl Caus ¢ 2 )0 Jdo 2,Sles 5 Cuwl Jaio)lidle Ban 5 (63955 (sl yuxio (yo dlaly ases o
sl 3l Jols s awyp cuol 0ad 00U 55 (Mirzaeitalarposhti et al., 2022; Kheimi et al., 2025) alo> ;I cladss plo o
G55 ol b &S cunl calises byl g3 (o e (sla Jio 85 008 Wl 0 b jlo Sl pest dine ) oad ploul ldsiss
Cod g iz glacdl o 1) oF ol iydelp o (Bolal s sl Jie <y (Shirietal., 2020) alos 510yl Sloswen pols
awwlio 1y Jod pé 90,5, 9 ANN Jso cds 35 (Karimi etal., 2020) .155,5 al xaw ) g (o (sloylad (¢ )lo] i
(Kisi etal,,  pioen 13,5 4ol Koo had bl osd s Corluo 3yl 55 (odlal 3BT (glie p ond sl oy55 Jao SO L
39 ol g s o bl Lulys cou usb, shy slal (ees 45 1) ANFIS-FCM-PSOGSA (60 ,sd o 35 2021)
28,5 0wl slo,kad o ,Lo]

Lolgmin 9 (5 35 4R

g SB clizee CL 93 5 (ngb) o 98 B g (Prlaw Bye (eSS ) Gedle (6 x50L Jue B > (bl 4yl Baios
Conds ol b ool b Jae 5 Slas )y <> MAE RMSE |R? (¢ bl (slajadls jl g ai aslsyy g Ol 5,8 ksl 4o
Bl g o 5> by Sy (b (258 5 D98 s e5S 0 Jod BB B> ke gla Jae ggeme y a8 ol Lt ool
@5 5 039 )Ml 385 Gas Cdo (055 (gl (b ST )3 3585 5 ad b By alaly 4 laJue isel Az i l)68
b aw oy o (MAE=:/V- cm (RMSE=-/YY CM RZ=-/AF) 3585 §os  pwadS (5 380 A5 o dul |y cllas oyl dlols
Gl ls oppcans A saalie Sandy Clay cal ;> o CatBoost Jio ;3 (MAE=-/3) cm ¢(RMSE=\/aA cm «R?=-/3A) _ugb,
oy ) (slodld dgaote we Ay (g o 3455 (pl slacodgaoe 1Al saalie EINet Jas o 8l 90 o 0 55 5eSde Claw
SleMbl 1 (¢ 5@y ds gosme 5l odin] lidos )3 39 o Sl 9 039 (BBl Ll pib )3 Waodld (691,35 dlawly 4y 48 3,8 oL
4 g b W sl g jl odlainl b S Cugby o s8lg Lol b (gilodend jolaio 4 0gMedy g 33,5 oolaiwl Calisee glacdl )
oy el Blad dan (S0 50 Soo,lad 18, 518 6gMe 4y .04l dgy Jusb jlo Sl g (o)lS 5l g Sad dgng Jleis]
255 )15 dalllao )50 0401 Cliiid )3 39 0 Sladey &S 2940 agbo Sl o liel

S ol
o Colon
el 03,5 €8l )> (Fgd puf 9 (93 2o g plojl gud 5 Jlo Colen 495un dlis oy



VMY 3905 50 oile (680l 1 (o (S0 3,800 (b3, LT wbe (gumw g (Slo,S (Sl (ig3s — sole)

s 3 oo sl g)lel il 5 43505 «luslre plodl ¢ Simgsy (b csale Slip guis g gt odiungi g bl Jgl o5
e 5l 2l 5 (il @l @ls J3uS g (ow)p e ugidey s @l 9 SN
Ao gl ol g il Wlio L gidin ans daodly (65915,5 5 Liolos] ploul dadiges (gjluwoslel § s cgoedils 1pgd odims g

OO Al 53 (Eghan igh (e SaSy9ld g Wge (Eouan (pigd dedls]

51 onlizanl 51y 53,8 o3l wndSl ) bguse 005> don i jolate 4 Chatgpt 13l 51 (8o g5 ¢l ol (c5lwodle] Jobo 5
WS (o 0 ) 4yl Slgime JolS g 03,8 Glalng 9 oy S oo 3 1) Allas (B )estun g «esd Il
B3l d (o yiasd by

sl gy BB (B x5 | Canlgtyd 3ol Sl pole gy (lbedld

oARgR BYST Uyl 51 (59
Caligl don 10l 3)90 E9d90 (] g Wlodges Culey (oole (gl cnl Uil g ploxl 3 1) (IUST gl (St

&l (5,0
35 gilie s i ) S Kmarsi els] s Lo

&Qbw
Gl amblize e (36 (VY Ldeoro ¢ loyS Cunnigd { sipn bl puai e Abdgw ¢ SloyS SludS 9Me bl wle (sdumw
A=Y ¥ (AN ol (iS5 cplol 4o pits Sload )l 1 lo coyod O @iy

Julos s, 51 el L e L;Io)laﬁ d)L.,J P Sk ok, dyﬁl 3)91).3 .(\\"/\V) 20398 ¢ owle Sumallie sl L5l coglsls
FYV-YYA ¥4 (Y) ‘d/)g/c;/‘jﬁﬁj)/,p}lc alxo . g3lnl

o slolad (ylol 3 gy o8 G Shy p )l OF (99,8 (mabline S L(WWAY)dns so ¢639, Sl (llie pin S
IAYYNOY(F) (SE 5 o il 4 puii

REFERENCES

Alahmad, T., Neményi, M., Széles, A., Ali, NA., Hijazi, O., & Nyéki, A. (2025). Spatiotemporal prediction of
soil moisture content at various depths in three soil types using machine learning algorithms. Frontiers
in Soil Science, 5, 1612908. https://doi.org/10.3389/fs0il.2025.1612908.

Al-Ogaidi, AAM., Wayayok, A., Kamal, MR., & Abdullah, AF. (2015). A modified empirical model for
estimating the wetted zone dimensions under drip irrigation. Journal Teknologi, 76, 69-73.

Al-Ogaidi, AAM., Wayayok, A., Rowshon, MK., & Abdullah, AF. (2016). Wetting patterns estimation under
drip irrigation systems using an enhanced empirical model. Agricultural Water Management, 176, 203—
213.

Amin, MSM., & Ekhmaj, AIM. (2006). DIPAC-Drip irrigation water distribution pattern calculator. 7th
International micro irrigation congress, 10-16 September, PWTC, Kuala Lumpur, Malaysia.

Arbat, G., Puig-Bargués, J., Duran-Ros, M., Barragén, J., & Ramirez de Cartagena, F. (2013). Drip-Irriwater:
computer software to simulate soil wetting patterns under surface drip irrigation. Computers and
Electronics in Agriculture, 98, 183-192.

Bentéjac, C., Csorgd, A., & Martinez-Mufioz, G. (2021). A comparative analysis of gradient boosting
algorithms. Artificial Intelligence Review, 54, 1937-1967.

Chen, T., & Guestrin, C. (2016). XGBoost: A scalable tree boosting system. Proceedings of the 22nd ACM
SIGKDD International Conference on Knowledge Discovery and Data Mining, 785—794.

Cook, FJ., Thorburn, PJ., Fitch, P., & Bristow, KL. (2003). WetUp: a software tool to display approximate
wetting patterns from drippers. Irrigation Science, 22, 129-134.

Cristébal-Mufoz, 1., Prado-Hernandez, JV., Martinez-Ruiz, A., Pascual-Ramirez, F., Cristébal-Acevedo, D.,
& Cristébal-Mufioz, D. (2022). An improved empirical model for estimating the geometry of the soil
wetting front with surface drip irrigation. Water, 14(11), 1827. https://doi.org/10.3390/w14111827.

Delgado, JA., Short, NM., Roberts, DP., & Vandenberg, B. (2019). Big data analysis for sustainable agriculture



https://doi.org/10.3389/fsoil.2025.1612908
https://doi.org/10.3390/w14111827

(u.w.és).!— @J&) VFe0 D‘b,& fin) b)LowS QY 2,93 ‘L‘,‘ﬂ‘ Jl&gui oludss YIAF

on a geospatial cloud framework. Frontiers in Sustainable Food Systems, 3, Article 469303.
https://doi.org/10.3389/fsufs.2019.00054

Dhaliwal, JK., Panday, D., Saha, D., Lee, J., Jagadamma, S., Schaeffer, S., & Mengistu, A. (2022). Predicting
and interpreting cotton yield and its determinants under long-term conservation management practices
using machine learning. Computers and Electronics in Agriculture, 199,
doi:10.1016/j.compag.2022.107107.

Elmaloglou, S., Soulis, KX., & Dercas, N. (2013). Simulation of soil water dynamics under surface drip
irrigation from equidistant line sources. Water Resource Management, 27, 4131-4148.

Hammami, M., & Zayani, K. (2016). An analytical approach to predict the moistened bulb volume beneath a
surface point source. Agricultural Water Management, 166, 123-129.

Hanson, B.R. Gratten, S.R. & Fulton, A. (2006). Agricultural salinity and drainage. Regents of the University
of California, Oakland, 180.

Hong, H., Pourghasemi, HR., & Pourtaghi, ZS. (2016). Landslide susceptibility assessment in lianhua county
(China): a comparison between a random forest data mining technique and bivariate and multivariate
statistical models, Geomorphology, 259, 105-118.

Kandelous, M., Liaghat, A., & Abbasi, F. (2008). Estimation of soil moisture pattern in subsurface drip
irrigation using dimensional analysis methods. The Journal of Agricultural Science, 39(2), 371-378. (In
Persian).

Kandelous, MM., & Simtnek, J. (2010). Comparison of numerical, analytical, and empirical models to
estimate wetting patterns for surface and subsurface drip irrigation. Irrigation Science, 28, 435-444.
Karimi, B., Mohammadi, P., Sanikhani, H., Salih, SQ., & Yaseen, ZM. (2020). Modeling wetted areas of
moisture bulb for drip irrigation systems: An enhanced empirical model and artificial neural network.

Computers and Electronics in Agriculture, 178, 105767.

Kheimi, M., Alotaibi, F., & Algahtani, A. (2025). Conventional and advanced ai-based models in soil moisture
prediction. Journal of Hydrology, (In press). https://doi.org/10.1016/j.jhydrol.2025. X XXXXX.

Kisi, O., Khosravinia, P., Heddam, S., Karimi, B., & Karimi, N. (2021). Modeling wetting front redistribution
of drip irrigation systems using a new machine learning method: adaptive neuro-fuzzy system improved
by hybrid particle swarm optimization-gravity search algorithm. Agricultural Water Management, 256.
107067.

Kusumavathi, K., Konatala, R., Lai, P., Sarkar, S., Banerjee, H., Bandopadhyay, P., Sethi, D., & Upendar, K.
(2025). Artificial intelligence for fostering sustainable agriculture. Gurrent Plant Biology, 42, 100476.

Malek, K., & Peters, RT. (2011). Wetting pattern models for drip irrigation, new empirical models. Journal of
Irrigation and Drainage Engineering, 137, 530-536.

Mirzaeitalarposhti, R., Shafizadeh-Moghadam, H., & Demyan, MS. (2022). Digital soil texture mapping and
spatial transferability of machine learning models using sentinel-1, sentinel-2, and terrain-derived
covariates. Remote Sensing, 14(23), 5909. https://doi.org/10.3390/rs14235909.

Moncef, H., & Khemaies, Z. (2016). An analytical approach to predict the moistened bulb volume beneath a
surface point source. Agricultural Water Management, 166, 123-129.

Nikbakht, J., & Abdollahi Siahkalroudi, M. (2014). Effect of magnetization of irrigation water on the properties
of soil wetting pattern in surface drip irrigation. Water and Soil Science, 24(4), 139-152. (In Persian).

Nogueira, LSR., De Carvalho, MAS., Santos, BDO., Yonaba, R., Bamal, A., Uddin, MG., Bodini, M., &
Goliatt, L. (2026). A comparative study of ensemble and non-ensemble machine learning methods for
predicting river pollution index. Ecological Informatics, 81, 103617.
https://doi.org/10.1016/j.ecoinf.2025.103617.

Priyanka, P., Kumar, P., & Panda, S. (2024). Can machine learning models predict soil moisture evaporation
rates? an investigation via novel feature selection techniques and model comparisons. Frontiers in Earth
Science, 12, 1344690. https://doi.org/10.3389/feart.2024.1344690.

Prokhorenkova, L., Gusev, G., Vorobev, A., Dorogush, AV., & Gulin, A. (2018). Catboost: unbiased boosting
with categorical features. Proceedings of the 32nd International Conference on Neural Information
Processing Systems, Montréal, 3-8 December, 6639-6649.

Rajhi, M., Deak, T., & Dobos, E. (2026). Non-invasive soil texture prediction psing machine learning and
multi-source environmental data. Soil Systems, 10(1), 8. https://doi.org/10.3390/s0ilsystems10010008

Saeidi Abbasabad, M., Golestani Kermani, S., Mohayeji Nasrabadi, M., & Zounemat-Kermani, M. (2024).
Effect of magnetic fields on saline water distribution pattern under time in drip irrigation. Iranian Journal
of Irrigation and Drainage, 1(18), 185-204. (In Persian).

Samadianfard, S., Sadraddini, AA., Nazemi, AH., Provenzano, G., & Kisi, O. (2012). Estimation soil wetting



https://doi.org/10.3389/fsufs.2019.00054
https://ui.adsabs.harvard.edu/link_gateway/2022CEAgr.19907107K/doi:10.1016/j.compag.2022.107107
https://www.cambridge.org/core/journals/journal-of-agricultural-science
https://www.cambridge.org/core/journals/journal-of-agricultural-science
https://doi.org/10.1016/j.jhydrol.2025.XXXXXX
https://doi.org/10.3390/rs14235909
https://doi.org/10.1016/j.ecoinf.2025.103617
https://doi.org/10.3389/feart.2024.1344690
https://doi.org/10.3390/soilsystems10010008

YIAD 3905 53 comile (6180l 1 (o S0 3,800 (b3, LT wle (sumw g (Slo,S (Sl (ig3s — sole)

pattern for drip irrigation using genetic programming. Spanish Journal of Agricultural Research, 10(4),
1155-1166.

Segovia, JA., Toaquiza, JF., Llanos, JR., & Rivas, DR. (2023). Meteorological variables forecasting system
using machine learning and open-source software. Electronics, 12(4), 1007.

Seifu Majdar, R., Rahnamaei, A., & Babazadeh, V. (2025). Hybrid machine learning in hydrological runoff
forecasting: an exploration of extreme gradient-boosting and categorical gradient boosting optimization
in the russian river Dbasin. Advances in Engineering and Intelligence Systems, 4(2).
https://doi.org/10.22034/aeis.2025.509199.1293.

Sejna, M., Simunek, J., & Van Genuchten, MT. (2014). The HYDRUS software package for simulating two
and three dimensional movement of water, heat and multiple solutes in variably — saturated porous media,
version 2-04. (PC Progress, Prague, Czech Republic).

Shiri, J., Karimi, B., Karimi, N., Kazemi, MH., & Karimi, S. (2020). Simulating wetting front dimensions of
drip irrigation systems: multi criteria assessment of soft computing models. Journal of Hydrology, 585,
124792.

Sishodia, RP., Ray, RL., & Singh, SK. (2020). Applications of remote sensing in precision agriculture: a
review. Remote Sensing, 12(19), 1-31.

Smola, AJ., & Schélkopf, B. (2004). A tutorial on support vector regression. Statistics and Computing, 14(3),
199-222.

Taheri, M., Bigdeli, M., Imanian, H., & Mohammadiam, A. (2025). An overview of machine-learning methods
for soil moisture estimation. Water, 17(11), 1638. https://doi.org/10.3390/w17111638

Vanwinckelen, G., & Blockeel, H. (2012). On estimating model accuracy with repeated cross-validation.
Proceedings of the 21st Belgian-Dutch conference on machine learning, 39-44.

Vapnik, V. (1984). Estimation of dependences based on empirical data. Springer-Verlag, 400 p.
https://books.google.nl/books?id=wxFSOAEACAAJ

Vapnik, V., & Chervonenkis, A. (1974). Theory of pattern recognition. Nauka, Moscow. 353 p.

Wang, X., Liu, T., Zheng, X., Peng, H., Xin, J., & Zhang, B. (2018). Short-term prediction of groundwater
level using improved random forest regression with a combination of random features. Applied Water
Science, 8(5), 1-12.

Zhang, X., Sun, X., & Lin, Z. (2025). Improving soil moisture prediction using gaussian process regression.
Smart Agricultural Technology, 11, 100905. https://doi.org/10.1016/j.atech.2025.100905.

Zhu, Z., Waseem Rasheed, M., Safdar, M., Yao, B., Tumaerbai, H., Sarwar, A., & Zhu, L. (2024). Intermittent
drip irrigation soil wet front prediction model and effective water storage analysis. Sustainability, 16,
9553. https://doi.org/10.3390/su16219553

Zou, H., & Hastie, T. (2005). Regularization and variable selection via the Elastic net. Journal of the Royal
Statistical Society Series A, 67 (2), 301-320.



https://doi.org/10.22034/aeis.2025.509199.1293
https://doi.org/10.3390/w17111638
https://doi.org/10.1016/j.atech.2025.100905
https://doi.org/10.3390/su16219553
https://academic.oup.com/jrsssa
https://academic.oup.com/jrsssa

