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ABSTRACT

Wireless Sensor Networks can detect wildfire using real-time temperature data collected by temperature sensors.
In wireless sensor networks for monitoring disaster areas, sensors can enter into sleep mode at regular interval in
order to minimize energy consumption, resulting in limited sensing information in the entire networks. In this
paper, to solve this problem, we propose a deep learning based method that can estimate inactive sensor’s data,
and predict sensor data in any desired time. To obtain data from wildfire, we implemented a GUI-based

simulator that can generate any 3-D geograpical map, deploy sensors and make any desired wildfire conditions
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by defining wildfire modeling including spreading speed of wildfire and surrounding environment parameters. By

using obtained data from simulator, we can train a deep neural network model and obtain the wildfire situation

at the entire sensor field with inactive sensor data estimation. In addition, by using estimated and obtained data,

we also train a recurrent neural network model to predict future wildfire propagation so that we are able to

prepare for wildfire suppression and evacuation plan. Finally, through the performance evaluation the suggested

methods can calculate inactive sensor’s data and predict wildfire propagation with high accuracy.
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Parameter Values Parameter Values
X, y range 1000(m) N 10
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Number of 900 By Byl [1, 0.5]
Sensor
Duty Cycle 20(%) [oy, o4] [0.42 0.2]
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