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Abstract

An Artificial Neural Network (ANN), often called a neural network, is a mathematical model inspired by
biological neural networks. A neural network consists of an interconnected group of artificial neurons which
processes information using a connectionist approach. It is an adaptive system that changes its structure in
learning phase. Neural networks are widely used to identify complex nonlinear relationships between input and
output data sets. In agriculture, artificial neural networks are generally applied to classify and determine the
relationship between inputs and outputs, to forecast the results, to control the changeable environment and to

recognize uncertain patterns. An artificial neural network is shown to provide accurate results as other approaches.
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