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2.Feed Forward Neural Networks.
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1. Feed Forward Back Propagation.
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2. Minimum Noise Fraction.
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1.Landsat Data Continuity Mission.
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Presenting a multi-criteria fire detection method based on neural
networks
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Abstract

Assessing the severity of forest and rangeland fires using artificial intelligence and satellite data is of particular importance for
rangeland planning and management. Khuzestan Province has a relatively semi-arid climate and a large number of fires are reported
there each year. Fire data includes the burned area and the number of fire occurrences. Currently, most estimates are made in the field
and with simple mapping tools such as handheld GPS, which, in addition to being costly, also pose a high risk to individuals. This is
while numerous studies have been conducted in various sciences on the use of neural network knowledge. In this research, after
collecting regional information and satellite data, fire level estimation is carried out using artificial intelligence and comparing various
modes of artificial neural networks (Multi-layer Feedforward backpropagation) and increasing the performance level and finally
optimizing the desired network structure. In the meantime, various arrangements of activation functions (over 560 methods) were
discussed and examined, and finally the Tansig-Logsig arrangement with Mnf input was accepted as the best arrangement with an
accuracy of 99.8%.

Keywords: Neural Network, Satellite, Error backpropagation model, Forest fire



