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Abstract

This paper presents the comparison of three differenc approaches to estimate soil water content at defined values of soil water potential
based on selected parameters of soil solid phase. Forty different sampling locations in northeast of Iran were selected and undisturbed
samples were taken to measure the water content at field capacity (FC), -33 kPa, and permanent wilting point (PWP), -1500 kPa. At cach
location solid particle of each sample including the percentage of sand, silt and clay were measured. Organic carbon percentage and soil
texture were also determined for each soil sample at each location. Three different techniques including pattern recognition approach
(k nearest neighbour, k-NN), Artificial Neural Network (ANN) and pedotransfer functions (PTF) were used to predict the soil water
at cach sampling location. Mean square deviation (MSD) and its components, index of agreement (d), root mean square difference
(RMSD) and normalized RMSD (RMSDr) were used to evaluate the performance of all the three approaches. Our resules showed that
k-NN and PTF performed better than ANN in prediction of water content at both FC and PWP matric potential. Various statistics
criteria for simulation performance also indicated that between kNN and PTF, the former, predicted water content at PWP more

accurate than PTE however both approach showed a similar accuracy to predict water content at FC.
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Introduction

Many agricultural and environmental simulation mod-
els require soil water information as environment input
to execute their algorithm. There are many attempts to
estimate soil water content based on soil parameters to
quantify the water availability. Soil water parameters can
be measured by direct sampling on a small area however
at larger spatial scale, it is almost impossible to accomplish
such task. Direct measurement of soil hydraulic properties
are relatively time consuming, labor intensive and expen-
sive. Various approaches to estimate the soil water poten-
tial vary from regression equations (Scheinost ez al., 1997),
using neural network (Minasny ez /., 1999) and employ-
ing many refinements on the PTF technique (Pachepsky ez
al., 1999; Willimas et al., 1992).Various functions named
as pedotransfer functions (PTFs), have been introduced
by using basic soil data to accomplish this task (Timlin
et al., 1996; Rawls et al., 1991). A PTF (Bouma and Van
Lanen, 1986) is a mathematical relationship between two
or more relatively easily collected soil parameters, such
as soil texture, bulk density, and organic matter content.
PTFs usually link the water content at a certain matric po-
tential to sand, silt, clay, organic matter content and bulk
density (Guptaand Larson, 1979). Usinglocal soil samples
data for developing PTFs functions and using them on a
wider area may result in wrong representations of the soil
when one tries to apply them in simulation models (Gi-
jsman et al., 2003). The performance of published PTFs,
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as also noted by Bastet ez al. (1997), varied according to
the pedological origin of the soil on which they were de-
veloped. Consequently PTFs should not be extrapolated
beyond their geographical training area without local va-
lidity. Vereecken ez a/. (1990) used multiple linear regres-
sions with sand and clay content, organic matter and bulk
density data from undisturbed samples of 182 horizons of
40 Belgian soil series and employed the most frequently
used equation developed by Van Genuchten (1980) which
resulted in poor performance of PTF predictions. Pedo-
transfer functions can translate existing surrogate data
(e.g. particle size distribution, bulk density and organic
matter content) into soil hydraulic data (Schaap er 4/,
2001). However, since PTFs are often developed empiri-
cally, their applicability may be limited to the data set used
to define the method (Donatelli ez 4/., 1996; Wosten et
al., 1999). Thus, users have a difficult task in selecting a
more appropriate PTF for their specific application (Acu-
tis and Donatelli, 2003). Artificial neural network (ANN)
is another technique which has been used to develop pe-
dotransfer functions (Pachepsky ez al., 1996; Minasky ez
al., 1999). This technique employs many computing nodes
which are organized (layers) and are interconnected as a
network. Nonparametric resampling procedures includ-
ing analogue approach are also another alternative to esti-
mate soil water content based on similarity functions. The
k nearest neighbor (k-NN) is an analogue approach (Lall
and Sharma, 1996; Rajagopolan and Lall, 1999). This ap-

proach has its origin as a non-parametric statistical pattern
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recognition procedure to distinguish between different
patterns according to a selection criteria (Bannayan and
Hoogenboom, 2008a). Yakowitz (1987) and Karlsson and
Yakowitz (1987) constructed a robust theoretical base for
the k-NN method. It has been employed in various studies,
especially in hydrology (Galeati, 1990; Kember and Flow-
er, 1993; Todini, 2000). The k-NN approach has also been
successfully applied in other disciplines, including remote
sensing (Chi and Bruzzone, 2005), traffic forecasting (Da-
vis and Nihan, 1991), molecular biology (Wu ¢z 4., 2005),
soil science (Jagtap ez al., 2004; Nemes et al., 2006), daily
weather prediction (Bannayan and Hoogenboom, 2008a;
2008b) and forestry (LeMay and Hailemariam, 2005). The
scientific theory has been explained in detail by Brandsma
and Buishand (1998), Rajagopolan and Lall (1999), and
(Bannayan and Hoogenboom, 2008a; 2008b).

The objective of this study was to compare pedotrans-
fer functions, k-NN approach and artificial neural network
(ANN) for estimating the soil water parameters including
water content at FC and PWP and evaluate their accuracy
for different soil types across northeast of Iran.

Materials and methods

Soil data

The study was conducted in the Razavi-Khorasan
province located in the northeast of Iran (Fig. 1). Forty
sampling sites (Tab. 1) were selected in different parts of
the province and undisturbed soil samples were collected.
Undisturbed soil samples were taken with a small thin-
walled stainless steel tube separately. In soft soils, the sam-
pler tube pressed into the soil by hand force and in hard
soils, the sampler tube pressed into the soil using the ham-
mer with two nylon heads. Soil samples were transported
to the laboratory immediately. Undisturbed soil samples
were saturated with distilled water and weighted for cal-
culating the saturation percentage (SP). Then saturated
soil samples carefully transferred to the pressure cham-
ber and appropriate pressure was applied (-33 kPa for FC
and -1500 kPa for PWP) to them. When equilibrium
was reached (minimum 24 hrs) for each pressure and no
change was observed in the volume of draining burette,

Khorasan Province

Fig.1. Location map of sampling sites
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Tab. 1. Physiographic features and soil information of 40
selected sites in Northeast of Iran
Bulk
. Latit. Longit. Elevation  Soil b .
Location density
(N) (E) (m) texture 3
(gem?)
Kashefiye- . TVAT Clay
Neishaboor 59°68 36°04 1131 Joam 1.14
Station- i o1 4 v
Neishaboor 58°47 36°14 1229 Loam 1.30
Behman- o000 36017 1160 L 134
Neishaboor oam '
Sarvelayat: o031 3gss 1635  Loam 140
Neishaboor
Kame- ggo13 3507 1662 Loam 132
Torbat
Abrood- o0,y 35013 1417 Sand 145
Torbat loam
Mioki- o015 3507 1174 Loam 135
Torbat
Omi-Torbat 59°12" 35’14 1267 Loam 125
Shadmehr- o, .
Mahvelat 59°01 35°10 1153 Loam 1.30
Khoshdarch- g0, 35015 1185 Loam 136
Mahvelat
Azgand- o, .
Mahvelat 58°47 35°14 1174 Loam 1.24
Feynabad- 500 5500 909 Loam 135
Mahvelat
Baharye-  goig 35014 1160 Sandy )
Kashmar loam
Kajune - ge0s 350120 1031 Loam 136
Kashmar
Sedrabad- o0rsr 35140 988 Loam 133
Kashmar
Hematabad- g0.39. 3504 885 Sandy ) o)
Kashmar loam

the burette tap was closed and the pressure was released
from the chamber. Soil samples were transferred from
tubes to a weighing tin and the moisture content was de-
termined in FC and PWP point. Soil organic matter of the
collected-sieved samples were determined by the Walkley
and Black (1934) as modified by Allison (1965) dichro-
mate oxidation procedure. Sand, silt and clay content of
soil samples were estimated by using hydrometer method
(Gee and Bauder, 1979).

Pedotransfer functions

To find the most accurate PTF for the water content at
the soil water potential of field capacity (-33 kPa) and per-
ment wilting point (-1500 kPa), multiple regressions using
stepwise approach (both backward and forward) by JMP
software (Ver. 8.0) were employed. The general equation
can be developed as below:

6= aSand + bSilt + cClay + dOrganicContent
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where 0 is the water content (m? m™) at specific soil wa-
ter potential (kPa), a, b, ¢, and d are regression coefhicients.
Half of our data were used for developing the multiple re-
gression equation and the rest were used for verification.

K nearest neighbor approach

The k-NN method is based on recognizing a similar
pattern of specified target soil parameters within a data-
base of measured soil data which could be used as predic-
tion of other parameters of the target soil. Target soil is the
soil for which water content at FC and PWP needs to be
determined. Target soil information as the initial seed of
data, together with the soil database, are required as input
files for running the algorithm. The k-NN algorithm typi-
cally selects a specified number of soil parameters similar
to the pattern of same variables in the database. The k-NN
algorithm searches its memory (the soils database) to find
the most similar soil from its database. According to Jag-
tap ez al. (2004) it does not have to be an exact match but
can be the “best” soil, in other words, the closest match. As
was mentioned in Bannayan and Hoogenboom (2009), in
most practical cases, neighborhoods (K) may vary from 1
to N, where N is the total number of soils in the database.
Considering the methodology for a case with K=1 the dis-
tance (d) as the measure of similarity is expressed by equa-
tion 1 for a case with X attributes:

4, =\/[§W1(VZ}—VW.)Z} (1)

where d] is Euclidean distances, v, and Vm are the
jth component (such as % clay) of the target soil and 7th
nearest neighbor, respectively, d is the number of soil pa-
rameters and W are scaling weights (1/ S) where S is each
particle scale. Due to almost similar magmtudes of the soil
particles value, the same influence (W 1) of all soil pa-
rameters data on the distance calculation was employed.

Artificial neural network

Another approach used in PTFs fitting is ANN
(Pachepsky ez al., 1996; Schaap et al., 1998). In recent
years PTFs developed by artificial neural networks have
yielded to results that are at least as good as other tech-
niques. A mathematical model of ANN consists of a set
of units including the input, output and hidden units as
a link between the first two units to form a network. The
number of nodes depends to the number of input and out-
put variables. Within the node, each input is weighted and
combined to produce a single value as the output of that
node, which in turn directed to all nodes of the next layer
or consider as output if it was a node of the output layer.
The weights are obtained through a calibration (training)
procedure, which can then be used to make estimations on
independent data. Tamari and Wésten (1997) reviewed
the ANN application in the soil science particularly in
predicting soil hydraulic properties. In this study a type of
ANN as multilayer perception (MLP) was employed.

Evaluation

All three methods predictions in comparison with the
observations were evaluated using the approach proposed
by Kobayashi and Salam (2000). In this approach, 7 sets of
predicted (x) and observed (y) values are compared on the
basis of the mean squared deviation (MSD) as the measure
of the difference between the two, viz.

(1)

MSD has three additive components: squared bias
(SB), squared difference between standard deviations
(SDSD) and lack of correlation weighted by the standard
deviations (LCS), viz.

MSD= i(xi —yi)z/n
i=1

MSD=SB+SDSD+LCS (2)
and each component is defined as:
SB=(c—3)° )

SDSD=(SD-SD, )’
LCS=28SDSD, (1-7r)

where ¥ and 7 are the mean of predicted (x) and ob-
served (y) values, respectively, SDs and SDm are the stan-
dard deviations of x and vy, respectively, and r is the cor-
relation coefficient between x and y. The MSD indicates
the overall deviation of the model prediction from the
observation: high MSD indicates the large gap between
the prediction and observation. The components of MSD
represent different aspects of the overall deviation with SB
representing the bias of the prediction, SDSD the differ-
ence in the variation of predicted and observed values, and
LCS giving information of how the pattern of variation
in observations was predicted. The square root of MSD
is referred to as RMSD, which has the same dimension as
the original variables: x and y. RMSD was divided by the
mean of the observations, i.e. 7, to calculate the relative
RMSD.

The root mean square deviation (RMSD), coefficient
of determination (r2), and relative root mean square de-
viation (RMSDr), the index of agreement (d), and nor-
malized RMSE were used to evaluate the accuracy of the
predicted data. The index of agreement (d) was calculated
as: n

Z( X,‘ - Yl )2
d=1-|—*H
(X, - ¥]+[y, - 1]’

0<d<1

Where n is the number of observations, Xi is the pre-
dicted value, Y7 is the observed dataand ¥ is the mean of
observations.
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Results and discussion

Comparison of different approaches for estimation of
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Tab. 2. Evaluation of kNN, PTF and ANN for estimating field

capacity and permanent wilting point

kNN PTF ANN
water content at FC and PWP and associated statistics are Error measure Fiold canacic
summarized in Tab. 2. The evaluation of PTFs in this study RMSD 0.04 0 OSP > 015
was based on a data set of 42 undisturbed soil samples Py = = T
collected from Khorasan region (Fig. 1) covering a wide SB 0'3 A o1 9 001
range of soil textures within the region. MSD as the repre- S0 0' 5 0' i 0' 0
sentative for deviation predicted data from observed ones LCS L 157 1765
showed that among the three approaches, ANN resulted D ind 0'99 0.98 0 8 4
to higher error compared to kNN and PTF approaches. e ' b — ” ——
Similar results of comparison of the three approaches ob- D 00 Crmamgt(;;” dhg point 08
tained for PWP estimation. Between kNN and PTE, first rMSD 0'20 0'46 13’ 64
approach showed lower error of prediction of PWP, how- s 0'0 0'01 0 61
ever, kNN showed similar accuracy in comparison with : z : :
PTF for FC estimation. RMSD values and 1:1 lines also SDSD 00 0.001 028
showed similar pattern and magnitude of the accuracy of Lo L = Ll
D index 0.99 0.98 0.36
kNN Approach
Field Capacity Permanent wilting point
R?=0.98 R*=0.99 y
RMSD = 1.07 s’ 14 |RMSD = 0.36 o it°
30 A LI [} .
-8 L ]
L ]
12 |
25 | *
[ ] ..
. * 10 | .
20 -
8 i
151 o *
1:1 Line 61 1:1 Line
PTF Approach
2 . .
R*=0.96 R%2=0.96 .
RMSD = 1.07 14 1RMSD = 0.54 .
30 - . Ao ‘e
;,—9.. . . 12 .
:E' 25 -
% [ ) ‘IO i * &
E 3 i
E o9 | .
(73]
81 . .
. »
157 2 y
1:1 Line 6 1:1 Line
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ANN Approach
[ ]
R?=0.96 y RZ2=0.96 .
RMSD = 3.42 14 1RMSD =287 .
30 | o S LI
12 | .
° L)
25 |
Y% b L
20 | ¢
81 o .
L] .
-
151 2
14 Line 6 11 Line
1I5 2‘0 2I5 3‘0 (IS é 1‘0 1I2 1‘4

Observed (%)
Fig. 2. Comparison of simulated and observed values of FC and PWP using KNN, ANN and PTFs developed functions

the three approaches (Fig. 2). Such results indicated the
poor performance of ANN. The main component of error
of prediction for all three approaches was LCS compared
to other components of MSD. This is consistent for both
FC and PWP prediction. However MSD value of predic-
tion of PWP compared to FC is lower across all three ap-
proaches. To employ kNN approach, all soil measured pa-
rameters including sand, clay, silt and organic matter were
used. ANN also used all same variables which were used
by kNN approach. To develop PTFs, stepwise regression
only selected sand and clay for the predication of FC but
for developing multiple regression equation of PWP the
OC was considered. Our results based on the number of
variables employed by each developing technique, indicat-
ed that using stepwise regression to develop PTFs was not
agood choice in this study. Nemes ¢# 4/. (2006) also result-
ed that mean residual error of developed PTF reduced as
the included number of soil parameters increased. How-
ever when all variables are used, kNN showed superior
to the ANN which means the employed technique can
play a major role in our results. Baker and Elisson (2008)
mentioned that ANNs are very data demanding and such
techniques have only been become possible when are used
together with a large database.

While ANN-based PTFs have been relatively suc-
cessful, there are a number of reported weaknesses that
need to be considered. These are number of coefficients
(weights) that do not permit easy physical interpretation
(Schaap ez al., 2001), the ANNGS’s structure which has to
be selected a priori and therefore may notbe optimal since
there are many types of neurons and many types of pos-
sible connections (Wésten ef al., 2001), and there is no

assurance that the learning algorithm will find optimum
weights that minimize prediction errors. Considering the
problems associated with ANN-based PTFs, it seems that
kNN approach is able to improve the PTFs accuracy and
reliability.
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