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Introduction

Gas Source Localization (GSL) is the process of identifying the source of a gas release in an environment, which is vital for environmental safety, industrial security, and
emergency response. GSL is becoming increasingly important as industries expand, leading to a higher risk of gas releases, whether accidental or deliberate. In situations
where gas leaks pose a danger to humans, autonomous methods like using sensor networks or mobile robots become valuable for locating the source without risking
human lives.

In this project, GSL is approached as a classification challenge, with the goal of identifying the region of the gas source using stationary sensors. What distinguishes this
approach is its exploration of the fusion of Convolutional Neural Networks (CNN) and Long Short-Term Memory (LSTM) models. This combination leverages the spatial and
temporal characteristics of the problem with the aim of accurately locating gas sources in various environments.
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LSTM

The LSTM network takes sensor data as
input, including key measurements like gas
concentration, wind speed, and wind angle.
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Similar to the LSTM network, we perform similar Example sensor configuration
preprocessing for sensor data, which occurs before
integrating it with map data. In this setup, the input is

a 64x64 image with 3 channels:

In the second hybrid network, we apply
the same preprocessing as in previous
configurations before combining inputs.
We integrate sensor and map data as
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