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ABSTRACT

This Gravely part aims at a model for wildfire prediction in the Northern region of Thailand.
The objective is to provide the information to support forest fire control planning in the northern region
and to propose guidelines for decision-making in forest fire control planning in the region. The technique
used for the proposed model is based on a neural network. The data for analysis includes heat capacity,
average atmospheric pressure, and relative humidity average, which implement the data between the years
2022 and 2023 in three provinces: Mae Hong Son, Chiang Rai, and Chiang Mai.

The results of the research showed that the model with neural network techniques can predict
the occurrence of wildfires appropriately. This can be seen from the indicators such as an accuracy value
0f 94.00 percent, class recall, and class precision with a satisfactory level. In addition, the dashboard has
been developed to show the results and summarized information for more understanding.

Keywords: neural network, hotspot, wildfires
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Edit Parameter List: hidden layers
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