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parameterization, FRP-based emissions estimations and in
helping to derive FRP diurnal climatologies when the number
of FRP samples from satellites are not sufficient to derive the
diurnal climatologies.

Figure 2: Flowchart demonstration the main steps to predict the hourly FRP. The workflow shows the steps for both training
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and running the AlFire algorithm as well as some implementation details.
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e High temporal and spatial resolution FRP models allows not
only the prediction of future fire behavior and emissions. It
also allows the building of robust relationships between car-
bon monoxide (CO) and FRP to quantify CO emissions on
large wildfires.

Figure 6: The relative influence of predictive variables on FRP.
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to generate FRP fractionated by LU type.

FRP in space) of
the specific fire and try to extrapolate it. Variables defined
over the fire area (eg wind speed) are also transformed into
single time series by performing FRP weighted averages.
Other, higher moments (standard deviation, etc) may also be
transformed into time series.

Figure 4: Top: Decomposed FRP timeseries. Bottom: FRP
from VIIRS, direct reconstruction of the above plot, Regional
ABI and VIIRS fire Emissions (RAVE) [Li, Fangjun et al.,
2022|, and the average of 24 hour forecasts given by our ma-
chine learning approach, which predicts the above 3 curves that

are reconstructed into a single FRP.

e Fraction FRP by sub-pixel size land use type to further im-
prove emissions forecasts.

e Fire shape/area prediction with principal component analysis

(PCA).



