Vol =W\ F Olbeao / VFoo J’ﬁli/('-""' a)\.q...:/r.h.:_)b.: JL.«/AL:?}\S\" .h.:b)

seas a5l esliinl b (LLWR) Cusgious Bl b S sby anels 5,50

e - g .
S5 N (o g
Y . P4 Y o r B3 & \ . .
SR 25N e 5 P g e T Bl el Slad Sl
(VFoo/a/Y 1 5y G2t e o/P/YA 22l 5o @)U)

s AS>

Soslis o gl Copde 53 bl 1B S kS Gl jasli S O (S Olgea S ol ;.Jc_;w,c,ﬂ 5590
Cdlingy sl S 3l s pSe s 5 (K5 @2y R 5 s 4d oS 5) (B san Ghsp g Sl esliil b pol- ey 55 3,0
9 dlow )l Dbl 5 15 il Cds 5l ot Cudls p S & 503 YO© 53 (LLWR) Cusgdows Bla> b sb ) anls Hlade (S
‘(PD)&&@? s(BD) 64,&% LA@? 5JT Cﬁ; M}é ‘U‘J‘uﬁ”‘ ‘CJ"S M)J Jﬁuﬂi—h*‘uddﬁ a.1|)§ ..L:A QJJT)': d)L:.:P.r.f
J_Jé.}).s d”]’ @\5 g)‘}.'&ﬂ\f LLWR )‘.\.EA" $2909 L;\.AJ.ZA‘)L: Q‘}Zﬁﬂg g(CCE) db\.su r:..‘JS QLQ;} (EC) éﬁﬁ‘ &Lb) ‘pH
bl Gl yat i s ) Ab e3lital Jdo Dge3l gl e3ls 00 5 35501 (5l 3 Yoo cosls YO0 IS sluas 31 .ol 0 48 5
s 4SS Al Jde S AS yatiie Culg s Lol °/‘W‘O.;.,.Jg,.lf.bQLLWR:,,T,J9,:\5&}59#&&;6”:&&
S Jda g3 S sba el Jbe o Sl LLWR 5,90 2 sl p (R?=0/8%) i a2 o5 e b K53 r:w‘,ﬂl—ua‘,m

.JJ:‘.)CJL:'J|JLLWR>)3]ﬁ6|ﬁdﬁwbﬁ&‘JK@W;JQYAWQWQJVJ{JJQ|}‘;GMM

a0l Cuds (S sy s S5 (LLWR) syl Jild= b sb;y auls (8 gmtn s oKd 15 0IS slael

-

4 S 15 Sk Ol e Oltails 50 0 Siass,
e sie 5L sl s () 0L 5 skls L(FA)
Least limiting [LLWR) g sidme Plas= L 25k auls)
05 aals ol s S sl JQS &y g0 |y ((water range
oS ai Of 3 a8 ol Sl by S (sles sdoms 2315
3 s ol il 58,8 S e L Tl
Sl g ) Cusgdone Pl L S SO caslie

4l
Lol a0 5 osdle St 5o O anl 3
saba L olalS ws, Sls [ Sus slge o U
5 Ssh s slacles das o 513 8T Co it 8
S e s ol ole Jlisl sl plewd Jelse
S O erl b end so0nl 5l St s Ol

3ol 5 555 ey Ladlw 5l OLalS (ol -

O pl Ol (Ol 52) Olgiol dly ool 3131 olKils ((g5,55LES 0uSlisls (S phe o5 8-
U‘J’.’.‘ ‘du;cuw) (C)J,,A.GJ} aL<~.ZJl> 4&))}[.&5 e.&:._'v‘: cSl;- (}l& O}J§—Y

Yol

chavoshie@yahoo.com : S5 xSl vy (D30 J sten *



e 5 Sleghe

\foo ﬁlﬁ/(}-« UL«..':/‘..A;}I‘,: JLW/AL:?}\S\’. .h.:b)

sl il (A) 5 Caglin 5 (M) pLsl Sssdn Syl
orlie 53 SLs al 3 O 1 i Jelse s il
Dl ol ol 2 sae g Lo, Sl eslial L Sz
ol 53 OF wle o e 53 S o, S

2L () 0L 5 plde il Jlis Ol ey 355 0
Lo i (Syodon 6l ol aess 53 1 S e, S
Aol S bl asse Sl LRl glsesls 51 jlibess
o i gz gl eyl ST s s S dae 5 sl
slais 3l Jmol bl L 5 ool 35l 1 las o
S5 S0 a8 sl LS 0T ol s S amlie SC3 S
Sl Gl bl e gl 58 s skl LB L)
LLE (1) slea 5 5 dss,slds ol Lis o (slae i
LS ade Sb 50 W by aaile pove jaxld
(D3 e Sl S cils gy gla S s
Sheslial L gl (s oS Sl S do s (g ol S
A5 et 3 (St S b S S B S
53 S ('-:-l)j—Q‘ =S o a5 (FF) Sl 5 S5 5
Glaasls L anlie 5o Sk 3508 dols 5 eS e
4S sls 0L O Kty nl s s (2 me eae
“dds LS sl el S (g5leings o S 5008
GlaaSs Jlo 4 Cod 5558 Dol S e (g5l
Syl a5 b S sl T st e o ean e
2 el Gl Gy S Osl ssae eas seSS
Bl s p%))—@ il e 55k p%))in S
Sla S5y cidre larass 3 opl s il e
sl 5 g eslind (3lutings ot SIS S S 3L s
L s e Sl ilwase L (17) 0L
b aasiie o slabd 3l 4 S5 p-:-l)jin
Sadae LIS s p @l O Ky cpl sy, St
laels 5 ils (slmosls (o pn sl (Sisen o
ol Jla b gl Dlns o s ((R) 0l 635 (asis

1. Spearman’ s correlation coefficient

Cnslie 5 a8 Sl 1S U i)l 8 ol
i S Dl Kls e S a0 b S (S
e S el 5 S catS bl 8y s
Bl U oy by aals 53 O e cpns (gl 05,8 13
Sed g e Sl A g oYL a5 (LLWR) s gises
2Ly oy GRS s S cnsb) lde oYL o
sl 2 0SS pS o3 Vol sl s SRl
2Ll (S5 dai o3 by slie ol d> aeen
ot S P10 n JSLLEe Y S SIS elis
(OF) o5 0 4 S a5 5 o

o gmims S (Sals) by la S35 = > LLWR
S s O 5 0oy Ll o (ool e 4 5 555 e
SlasShs 5l Shs oml a5 L85 enT U5 e el il
5> L O (Sl 5 odd e St 3L 3 5 ok
o s oleis LS (Jle s Sl glaag e il
Sl s SlaseSS Sl eslanal Ly 815l 5ol
S oty b S ol elie Gl S 4 Ol el
sy e pragn sesn slaan e 5 S8 s UlS e
=3

03 Fyn e a5l eslatal [ glaaas s
S Wiy ey 53 S la Sy (o e
s SLasKos (FF S TY P 04 ) o axils ol
S 3l b p SIL oS el olasslies 5l S o suas
e by bl 5 edamy lacdi s Ll o 0Ll (5520
0353 b mae 2 p 55 elS s (Y 5 9) S ) 5
L aS ad e (i3 5el 06U Olpmen o 108 L5 Jas
g b ad b (6850 056 5 Ot S SRl
PS5 S o b L e Sk
s St 5Ls 03 (355 555 85 Lae il )
ey 53 o35 slatags 0pSE (YY) el Lty o sias
e 03 JolSG glagn ;5 S 5 ae 4SSl eslin
(¥ 519) eslS ol (il asle S sl S



e 03Ul b (LLWR) Casgidms Jila b S by asls 5,50

O, 5 Sleghes

Fig. 1. Location of study area (The Khanmirza plain).
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Table 1. Multiple linear regression equations for estimating least limiting water range (LLWR).

Linear Regression Equation MAE RMSE R?
LLWR (cm? ecm) = 0.033 + 0.002 clay (%) 0.824 0.725 0.306
LLWR (cm?® cm®) = 0.002 clay (%) + 0.022 OC (%) 0.38 0.62 0.409
LLWR (cm? cm™) = 0.002 clay (%) + 0.022 OC (%) -0.02 sand (%) 0.35 0.41 0.419
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Fig. 2. Comparison of measured and estimated LLWR values using artificial neural network model in training (A) and testing steps (B).
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Fig. 2. Comparison of measured and estimated LLWR values using artificial neural network - genetic algorithm model in training
(A) and testing steps (B).
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Table 2. Assessing the performance of different models for estimation of least limiting water range (LLWR).
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Abstract

Quick and accurate estimation of soil available water as one of the most critical soil quality indices plays an
essential role in agricultural water resources management. The present study estimated the least limiting
water range (LLWR) for 250 soil samples taken from Khanmirza plain in Chaharmahal and Bakhtiari
province. Artificial intelligence method (combining genetic algorithm (GA) with artificial neural network
(ANN)) and readily available soil properties were used for this purpose. The LLWR was considered as
output variable, and sand, silt and clay percentages, organic carbon content, bulk density (BD), particle
density (PD), pH, electrical conductivity (EC) and equivalent calcium carbonate (CCE) were considered as
input variables. From 250 data, 200 were allocated to model training and 50 to model testing. The statistical
analyses showed that the artificial neural network had a reasonable estimate of LLWR with a coefficient of
determination of 0.93. Finally, the combined model of artificial neural network-genetic algorithm (ANN-
GA) with the highest coefficient of determination (R? = 0.96) was identified as the most appropriate model
for predicting LLWR. The two models of artificial neural network and genetic algorithm generally showed
better performance than the regression equations.

Keywords: Artificial neural network, Least limiting water range (LLWR), Readily available soil properties,
Khanmirza plain.

Background and Objective: Soil available water (SAW) is a key attribute, as it quantifies the amount of
water available for plants that the soil can hold (4). Various approaches have been proposed to quantify the
soil available water for plants. The least limiting water range (LLWR) concept defines a range of soil water
content within which root growth is least limited from a soil physical point of view; conversely, the
boundaries of the LLWR define critical soil physical limits for root growth (1). In recent decades, numerous
models have been developed to estimate soil water retention from conveniently measurable properties,
including mathematical models and physical models. In the case of complex systems, mathematical
modeling techniques may be more efficient in predicting soil available water, such as ANN. There have been
many studies on the use of ANN model, in determining some soil properties such as cation exchange
capacity (2), and saturated hydraulic conductivity (3). Considering the importance of LLWR and the difficulties
in its direct measurement, this study aimed to use ANN, ANN-GA and stepwise multivariate regression (SMR) to
estimate LLWR and compare the performance of these models and pick a better model using statistical
parameters.
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Methods: This research was conducted at Khanmirza agricultural plain (southeast of the Shahr-e Kord).
General identification of the study area was carried out using satellite imagery taken from Google Earth
software and 250 samples were collected. Surface samples were taken from a depth of 020 cm. The pH, EC,
soil organic carbon, calcium carbonate equivalent, bulk density, particle density, sand, silt, and clay contents
were measured for models input. The amount of LLWR was chosen as the output. Three numerical models
of SMR, ANN and ANN-GA were compared to estimate the LLWR. Statistical parameters including R?,
RMSE and MAE were used to compare the methods used.

Results: Based on 200 data for training and 50 data for model testing, it was shown that the ANN-GA model
is a better method for estimating LLWR by improving the weaknesses of the ANN model. This provided
better performance in terms of accuracy (R* = 0.96) and error reduction (Root mean square error (RMSE) =
0.037 and mean absolute error (MAE) = 0.071).

Conclusions: In this study, three numerical models of SMR, ANN, and ANN-GA were compared to
estimate the LLWR. The results showed that ANN-GA was more accurate in estimating LLWR values. This
model was able to explain about 95 to 98% variability of the studied properties. Therefore, according to the
obtained results, the ANN-GA can be used as a suitable and accurate model for use in LLWR estimation. On
the other hand, the SMR model was the weakest in estimating the studied features, indicating the nonlinear
behavior of the studied variable. Due to the more accurate prediction of ANN-GA in this study, it is
recommended to use this model in predicting other soil variables.
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