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The validation model accuracy is failing to improve.
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The main limitations and issues of our analysis

of California,

(2)some fires that were small or in urban areas may
have needed to be excluded because they are unlikely

(4)One single factor.: drought

(5)Using classifier as an approximation for probabilities
(6)PG&E areas were based on economic factor rather
than climate, vegetation and geological factors
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Conclusion/Next steps
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We initially were hoping to be able to predict an increase in wildfire caused by utilities from drought-maps in
California. We used the weekly drought maps produced by US Drought Monitor and Convolutional Neural Networks

to attempt to predict the likelihood of utility caused wildfires Because of the limited data, it is difficult to know if the

lack of results meant that we needed additional data or that the drought was not a significant enough factor.

Next steps: (1)Our next steps would have been to explore LSTMs as a way to capture temporal variations of the
drought and see if this helped the predictions (2) Treating the problem more as a segmentation than a classification,
which was a flawed approach and would capture spatial data much better. (3)Adding additional data, like soil
moisture or wind.
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