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Abstract

We present a new statistical interpolation method to estimate fire perimeters from Active Fires detection data from satellite-
based sensors, such as MODIS, VIIRS, and GOES-16. Active Fires data is available at varying temporal and spatial resolutions
(375m and up several times a day, or 2km every 15 minutes), but pixels are often missing due to clouds or incomplete data. The
question arises how to fill in the missing pixels, which is useful, e.g., to distinguish in an automated fashion between a single
large fire visible as separate clusters of detection pixels because of cloud cover, and separate fires. We process the satellite data
into information when was fire first detected at a location, and when was clear ground without fire detected at the location last.
We are then looking for the most likely fire arrival time, which satisfies such constraints. Models at various levels of complexity
are possible. Our base assumption in the absence of information to the contrary is that the fire keeps progressing without
change, which is expressed as the assumption that the gradient of the fire arrival time is approximately constant. The method
is then formulated as an optimization problem to minimize the total change in the gradient of the fire arrival time subject to
the constraints given by the data. We consider probabilistic interpretations of the method as well as extensions, such as soft
constraints to accommodate the uncertainty of the detection and the uncertainty where exactly the fire is within the pixel. This
method is statistical in nature and it does not use fuel information or a fire propagation model. The results are demonstrated

on satellite observations of large wildfires in the U.S. in summer 2018 and compared with ground and aerial data.
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GOAL: Estimate Fire Arrival Time from Satellite Data As Basic Method - Ideal Case
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How Do the Data Look Like? between an upper and a lower obstacle
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Unfortunately in reality...
 Data are often missing (clouds, smoke, obscured by terrain,...)
* Pixels do not form a nice continuous progression in time.
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Real Data Are More Tricky
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with satellite detections at select time points. (2015 Cougar Creek Fire)

(2015 Cougar Creek » Statistical interpretation: maximum a-posteriori probability Bayesian estimate.
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