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Introduction

Soil available water (SAW) is defined as the difference between field capacity (FC) and permanent wilting
point (PWP). FC is the amount of soil water content held by the soil after the gravitational water was drained from
the soil. PWP is defined as a minimum water content of a soil which is needed for the crop survival and if the
water content decreases lower than PWP, a plant wilts and can no longer recover itself. The direct measurement
of FC and PWP soil water contents is very costly and time consuming; therefore, it is useful the use of different
intelligent models such as neuro-fuzzy (NF), gene expression programming (GEP) and random forest (RF) to
estimate FC, PWP and SAW through easily accessible and low-cost soil characteristics. The objectives of this
research were: (1) to obtain NF, GEP and RF models for estimating SAW from the easily accessible soil variables
in the cultivated lands of Ardabil plain, and (2) to compare the accuracy of the mentioned models in estimating
SAW using the coefficient of determination (R?), root mean square error (RMSE), mean error (ME) and Nash-
Sutcliffe coefficient (NS) criteria.

Materials and Methods

The measured data from 102 soil samples taken from 0-10 cm soil depth of the cultivated lands of Ardabil
plain, northwest of Iran, were used in this study. Sand, clay, mean geometric diameter (dg) and geometric standard
deviation (og) of soil particles, bulk density (BD) and organic carbon (OC) were introduced as input variables to
the applied three intelligent models for estimating soil available water (SAW). Data randomly were divided in two
series as 82 data for training and 20 data for testing of models. In all models, six different input variables
combinations were used; SPSS 22 software with stepwise method was applied to select the input variables.
MATLAB, Gene Xpro Tools 4.0 and Weka softwares were used to derive neuro-fuzzy (NF), gene expression
programming (GEP) and random forest (RF) models, respectively. One of the important steps by using NF method
is selecting the appropriate membership functions (MFs) and its numbers. Based on a trial and error procedure, 3
numbers of MFs and 50 to 100 optimum replications were found for the NF modeling. Also, the input MFs were
chosen as “triangular”, “trapezoid”, “generalized bell” and “pi” and the output MF was selected as “constant”. A
set of optimal parameters were chosen before developing a best GEP model. The number of chromosomes and
genes, head size and linking function were selected by the trial and error method, and they are 30, 3, 8, and +,
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respectively. The rates of genetic operators were chosen according to literature studies. Various tree numbers were
analyzed for choosing the best random forest (RF) method. Increasing the tree numbers beyond 100 made lower
variations in the average squared error values for the SAW estimation cases. The accuracy of NF, GEP and RF
models in estimating SAW was evaluated by coefficient of determination (R?), root mean square error (RMSE),
mean error (ME) and Nash-Sutcliffe coefficient (NS) statistics.

Results and Discussion

The studied soils were loam (n=53), clay loam (n= 26), sandy loam (n= 15), silt loam (n= 6) and clay (n=2)
textural classes. The values of sand (24.40 to 68.00 %), clay (3.80 to 42.90 %), dg (0.02 to 0.26 mm), o4 (7.48 to
19.41), BD (1.04 to 1.70 g cm), OC (0.31 to 1.52 %) and SAW (5.10 to 25.10 % g g'!) indicated good variations
in the soils of studied region. Significant correlations were found between SAW and BD (r = -0.59), clay (r =
0.56™), OC (r = 0.45™), and sand (r = -0.44™). NF, GEP and RF models were applied to estimate SAW using six
different combinations of input soil variables (sand, clay, dg, o, BD and OC). The results of the best NF, GEP
and RF models indicated that the most appropriate input variables to predict SAW were OC and BD. The values
of R?, RMSE, ME and NS criteria were obtained equal 0.73, 2.51 % g g, 0.09 % g g**and 0.71, and 0.76, 3.10 %
gg?l, -1.41%gg?and0.56,0.68,3.30 % g gd, - 1.45 % g g%, 0.50 for the best NF, GEP and RF models in the
testing data set, respectively. Numerous investigations also showed that there is significant negative correlation
between SAW with BD and sand and positive correlation between SAW with OC and clay.

Conclusion

The results from the three investigated intelligent models indicated that organic carbon (OC) and bulk density
(BD) were the most important and readily available soil variables for predicting soil available water (SAW) in the
study area. Among the models, the Neuro-Fuzzy (NF) approach demonstrated the highest accuracy, as evidenced
by the lowest root mean square error (RMSE) and the highest Nash—Sutcliffe efficiency (NS) values. In contrast,
the Random Forest (RF) model provided the least accurate estimates of SAW, performing worse than both the NF
and Gene Expression Programming (GEP) models.
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Table 1- Descriptive statistics of soil variables in the studied area
o 3 09!
vV ”fw’bl Training (n=82) Testing (n= 20)
anaple Min. Max. Mean Sd. Min. Max. Mean Sd.
BD (g cm™®) 1.04 1.70 135 0.15 1.15 1.60 1.39 0.15
Sand (%) 24.40 68.00 4145 831 28.30 65.00 4440 10.96
Silt (%) 24.40 57.60 3793 7.75 23.30 4990 3640 843
Clay (%) 4.40 42.90 20.61 931 3.80 42.20 19.18 9.04
dg (mm) 0.02 0.26 0.07 0.04 0.02 0.25 0.09 0.06
og (-) 8.02 19.41 13.69 3.05 7.48 1748 1331 2.73
OC (%) 0.31 152 0.85 0.26 0.37 1.10 0.70 0.20
SAW (% gg?') 5.10 20.40 13.72 3.21 5.10 25.1 1404 478

&l il :og (geometric mean diameter) <)y jlad wsis 1 Sibe Uy (s SAN o Silt o, : Clay (bulk density) ¢ el jogase p > :BD
il >0l :Sd (soil available water) S5 ool 5 T :SAW ((organic carbon) 1 -, :OC (geometric standard deviation) «l,> _swsa 5 skl
.Jilis :Min ¢ sSlus (Max (. S5ke :Mean (Standard deviation) skl

(n=102) e (53959 (51 yaio 9 S5 03Ut Jil8 Of (g (1) (ogow y (Simmod g 3o =Y Jgo
Table 2- Pearson correlation coefficient (r) between soil available water and input variables of models (n=102)

#*  gand  Silt Clay dg o OC  BD
Variable

SAW  -0.44" -0.08™ 0.56™ -0.42" 0.28" 0.45™ -0.59"
ol 015 03591V Jgdo 25 5 b yuiiie pSMe Cinogs o> B 9V Jlass] prdaw 53 ) ime o iy e gt
: Significant at P < 0.05 and P < 0.01, respectively.

* Kk

Variable symbols description is available under Table 1. ™
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Table 3- MLR models of soil available water (SAW) (Amirabedi et al., 2013)

8 ylewd Jse
Number Model
1 SAW =503 0C-9.97 BD +21.01
2 SAW =5.350C - 6.97 BD + 21.01 + 0.09 Clay + 14.85
3 SAW =-0.12 Sand + 5.55 OC + 11.99
4 SAW = - 0.08 Sand — 10.22 BD + 28.91
5 SAW =-7.32 BD +5.08 OC — 36.87 dg + 18.68
6 SAW=-7.19BD +5.730C +0.28 o4+ 12.83
sl 01 03,51V Jga 25 3 it oy
The description of the variables is available in Table 1.
(GEP) 03 ol s325%U 2 Jo gl iolly pusliie £ g
Table 4- The values of GEP model parameters
Values Genetic factors Values General adjustment
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0.1 Inversion rate (¢l &5 8 Head size . ojlul
0.3 One point recombination rate class S5 S 5 ¢ 3 Number of genes a3 sl
0.3 Two point recombination rate glabas 93 cuS 5 5 (+) zox Linking function s U
0.1 Gene recombination rate ,j .S 5 ¢ 5 RMSE  Fitness function error type xb (slas ,las

)J‘)J &mb SAW oui ))91){ 9 d)..fo)l.b] )i.)l,a.n :Moa UT » oS
Lasgs 01 plool clod 51y 15l Sz o5 RMSE o dn b £tz
9 9l poie ME cute polie .l 5585 0aiiS 3y9lp Joo
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RMSE = |2 ()
n

n
ZYi(D) a Yi(m)
ME= = (v
n
n 2
NS =1 — Ei;l(Yi(p)_Yi(_m))z ()
Y (Yigm)—Ym)

D)I.b‘ )JDLOA A.,u.:).séb K 9 Yi(p) ch(m) &y 9 Yo dthdbl:w »

lawgs SAW o ‘_g)ﬁfb)’l.\a" ﬁ)lﬁa U‘i’l“"’ 9 oD b)ﬁ]ﬁ “_g);
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Table 5- Evaluation criteria for NF models of SAW

RYO 990!
Testing set Training
sylod  §39y9 Spiie _, RMSE ME , RMSE ME
Number Input variables  (%99%)(%gg?) (%gg")(%gg?)
1 0C, BD 0.66 2.77 -0.08 0.650.56 2.11 0.00 0.56
2 OC,BD,clay 0.73 251 0.09 0.710.66 1.87 0.00 0.66
3 OC,sand 051 3.29 0.07 0.500.48 2.31 0.00 0.48
4 BD,sand 0.63 2.87 -0.07 0.620.47 2.32 0.00 0.47
5 OC,BD,dg 0.62 2.99 0.88 0.590.72 1.70 0.00 0.72
6 OC,BD, og 0.64 2.96 -0.07 0.590.65 1.90 0.00 0.65

ol 035 0391V Jgdor 0 53 U yuisie Cnogs -yl 1 RZ dad Slaye (0 Silo yoidome : RMSE Sl i oy NS
R2: coefficient of determination; RMSE: root mean square error; NS: Nash-Sutcliff coefficient. The description of the variables is
available in Table 1.
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Table 6- Evaluation criteria for GEP models of SAW

095! 3
Testing set Training
5 o £3953 (51 yeiio ,  RMSE ME \s me RMSE ME \S
Number Input variables (%gg!) (%ggh) (%ggh)  (%ggh)
1 OC, BD 0.74 3.23 -1.58 0.52 0.53 2.18 -0.02 0.53
2 OC, BD, clay 0.69 3.42 -1.61 0.46 0.56 2.12 -0.07 0.56
3 OC, sand 0.51 3.91 -1.81 0.30 0.46 2.35 0.01 0.46
4 BD, sand 0.68 3.32 -1.01 0.49 0.46 2.35 -0.12 0.46
5 OC, BD, dg 0.76 3.10 -1.41 0.56 0.55 2.15 0.04 0.55
6 OC, BD, og 0.74 3.32 -1.69 0.49 0.55 2.13 -0.04 0.55

el 05 03551V gin 305 53 W piie Chog? -l eyt R2 bt ,Silie :ME bt by 35k ysdoms : RMSE walSlom 25 o5 (NS
R2: coefficient of determination; RMSE: root mean square error; ME: mean error; NS: Nash-Sutcliff coefficient. The description
of the variables is available in Table 1.
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Table 7- Evaluation criteria for RF models of SAW

YO 990!
Testing set Training
o)l (639,9 GWmxe _, RMSE ME , RMSE ME NS
Number Input variables ~ (%0997)(%gg™) (%gg™)(%gg?)
1 OC,BD 060 354 -1.68 0.420.91 1.01 0.00 0.90
2 OC,BD,clay 0.72 3.33 -1.66 0.490.93 0.96 -0.03 0.91
3 OC,sand 040 4.08 -1.86 0.230.92 1.03 0.00 0.89
4 BD,sand 056 342 -1.29 0.460.92 1.08 0.01 0.89
5 OC,BD,dg 0.68 3.30 -1.45 0.500.94 0.92 0.00 0.92
6 OC,BD, og 0.72 3.37 -1.78 0.480.93 0.96 0.05 0.92

Cowl 035 53)9] V Jod 55 50 b pustio ol ped gy R? s 3l (ME dlas layye (655ke jadome : RMISE sG55 :NS
R2: coefficient of determination; RMSE: root mean square error; ME: mean error; NS: Nash-Sutcliff coefficient. The description of
the variables is available in Table 1.
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Figure 2- Comparison of predicted and measured values of soil available water (SAW) using the best NF model based on

testing data (n=20)
Table 5 provides detailed information about model and input variables.
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Figure 3- Comparison of predicted and measured values of soil available water (SAW) using the best GEP model based on

testing data (n=20)
Table 6 provides detailed information about model and input variables.
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Figure 4- Comparison of predicted and measured values of soil available water (SAW) using the best RF model based on

testing data (n=20)
Table 7 provides detailed information about model and input variables.
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