Machine Learning for Exploring Wildfire Smoke Emissions: A Data-Driven Approach
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Developed various ML models °

ML model inputs: Temperature, wind speed, Ertel’s potential vorticity, and vertical
pressure velocity based on 3 vertical levels.

, * ML model output: BC Extinction AOT
We leverage an ensemble of remotely sensed observations and .

historical reanalysis data (MERRA-2) from 2000 to 2021. Our ML Avoid 9V§r—ﬁtting: (}oartition data into separate training and test sets.
models incorporate fire-relevant atmospheric variables such as - Training set (80% of total data)

. . . . - Test set (20% of total data)
temperature, wind speed, potential vorticity, and pressure velocity . . o
across different vertical levels. By identifying patterns in these ML 1s developed based on the training set and prediction 1s based on the test set. o

complex datasets, ML can provide insights that are difficult or
impossible with traditional methods. This research will improve
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Wildfires are increasing in frequency and intensity, releasing
significant pollutants that impact regional and global climate. This
study 1nvestigates the relationship between atmospheric conditions
and wildfire emissions 1n California using machine learning (ML).

We utilized a machine Learning approach to study the
impacts of the climate and atmospheric variables on smoke
emissions 1n the California and Nevada regions from 2000
to 2021.

The presence of high AOT, associated with the vertical
motions along with the strong south-westerlies over the
region, suggests the impacts of mid-level circulations on the
elevation of smoke concentration during fire seasons.

The statistical metrics and their corresponding values
suggested that Support Vector Regression (SVR), Random
forest, and Gradient Boost algorithms perform better 1n
predicting fire emissions, compared to the other ML
algorithms used 1n this study.

Conducted Statistical Analysis

* The R-value, standard error, and slope analyses indicate that the most suitable ML-

out underst.an.dlng ot hc.>w atr}lc?sp h?rlc .COIldltIOIlS . 1qﬂuence based model with the highest accuracy 1s the Support Vector Regression (SVR),
wildfire emissions, potentially aiding in wildfire prediction and Random Forest, and Gradient Boost algorithms.

mitigation efforts. (e.g., Hossemnpour et al., 2023). ML models )

Climatology and Correlation Studies

* Climatology of Fire Season (JAS, 2000-2021)

. Black Carbon (BC
Wind (vectors) & Temperature (shaded) Aerosol Optical Thicl(mes)s (AOT)

We applied SHAP analysis to 1nvestigate the most
important climate variables that affect the prediction of
smoke emissions from wildfires.
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» Southwesterlies =» smoke transport in the mid-troposphere
(left graph)
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* High correlation between smoke AOT and temperature
over northern Nevada (left graph)

* The enhanced AOD 1s associated with the increase of the
mid-level westerlies (right graph)
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