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ABSTRACT

Through a comparison study in Ziaran region, Iran, we used a hierarchical set of inputs by
using Bulk Density (Bd), sand, silt, clay and Organic Matter (OM) contents and developed the
Artafimial Neural Network (ANN) models and run the k-INN estimation algorithms to estimate water
content at field capacity and permanent wilting point.
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INTRODUCTION

Accurate measurement of sail water contents - to determine water availability which 1s a crucial
factor in assessing the suitability of a land area for producing a given crop- is important in various
applications in hydrology and soil science. Several attempts have been made to estimate indirectly
these properties from more easily measurable and more readily available soil properties. Such
relationships are referred to as Pedotransfer Functions (PTFs).

However, it has been observed that today's PTFs are all based on parametric approaches
{equations) and identifying the right equation which ensure similar distribution of errors across the
data space 1s not always an easy task. So, non-parametric techniques have been considered an
alternative technique which recognizes patterns and similarities rather than fitting equations to
data (Nemes ef al.,, 2006). The use of non-parametric algorithm has been found beneficial when the
form of relationship between input and output data is unknown a-priori (Yakowitz and
Karlsson, 1987, Lall and Sharma, 1996). Such is the case with soil hydraulic properties, where the
form of their dependence on other soil attributes 1s not known in advance. The k-Nearest Neighbors
(k-ININ) algorithm is an analogue approach (Lall and Sharma, 1998). This approach has its origin
as a non-parametric statistical pattern recognition procedure to distinguish between different
patterns according to a selection criteria.

In pattern recognition, the k-ININ algorithm 1s a method for classifying objects based on closest
training examples in the feature space and is amongst the simplest of all machine learning
algorithms: an object 1s classified by a majority vote of its neighbors, with the object being assigned
to the class most common amongst its k-nearest neighbors (k is a positive integer, typically small).
The k-NIN algorithm can also be adapted for use in estimating continuous variables. One such
implementation uses an inverse distance weighted average of the k-nearest multivariate neighbors.
This algorithm functions as follows:
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*  Step 1: Compute FKuclidean or Mahalanobis distance from target plot to those that were
sampled

«  Step 2: Order samples taking for account calculated distances

« Step 3: Choose heuristically optimal k-nearest neighbor based on RMSE done by cross
validation technique

+  Step 4: Calculate an inverse distance weighted average with the k-nearest multivariate
neighbors

Through, a comparison study in Ziaran region, Iran, we used a hierarchical set of inputs by
using Bulk Density (Bd), sand, silt, clay and Organic Matter (OM) contents and developed the
Artificial Neural Network (ANN) models and run the k-ININ estimation algorithms based on the
method that proposed by Nemes ef al. (2008) to estimate water content at field capacity and
permanent wilting point. The k-NN method 1s based on recognizing a similar pattern of specified
target soil parameters within a database of measured scil data which could be used as prediction
of other parameters of the target soil. Target scil information as the initial seed of data with the sail
database are required as input files for running the algorithm. The k-NN algorithm typically 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 Jagtap ef al. (2004), it does not have to be an exact match but can be the
closest match, called “best scil”.

The k-NIN technique and many of its derivatives belong to the group of ‘lazy learning
algorithms’. It is lazy’, as it passively stores the development data set until the time of application;
all calculations are performed only when estimations need to be generated. Application of this
technique means identifying and retrieving the nearest (most similar) stored objects to the target
object (Nemes ef al., 2006).

In summary while ANN-based PTF's have been relatively successful, 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 et al., 2001), the ANNs's structure which has to be
selected a priori and therefore, may not be optimal since there are many types of neurons and
possible connections (Wosten et al., 2001) and there is no assurance that the learning algorithm
will find optimum weights that minimize prediction errors. ANNs are very data demanding and
such techniques have only been become possible when are used together with a large database.
Considering the problems associated with ANN-based PTFs, it seems that k-NN approach 1s able
to improve the PTFs accuracy and reliability.
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