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Abstract

The impacts of climate change are wide ranging and still not fully understood. Increasing frequency, intensity and duration of
wildfire activities in recent years are largely attributed to the rapidly changing climate. Increasing temperature and drier con-
ditions associated with climate change, as well as improper land-use and human activities, have all enhanced the risk of wild-
fires. This recent increase in wildfire duration and coverage area has resulted in increased emissions of hazardous air pollut-
ants. These wildfire emissions are significant because they contribute to a positive climate change feedback loop while also
posing serious environmental health concerns for the exposed populations. Recent toxicological studies have revealed that
particulate matter less than Z.apm (PM 2.0 ) emissions from wildfires is likely more hazardous to human respiratory health
than equal doses of ambient PM 2.0 . To accurately quantity and mitigate these effects of wildfire pollution, existing measure-
ment and wildfire prediction need to be improved. To accomplish this, we are developing a novel statistical framewark that inte-
grates physicochemical models of emissions and satellite observations to deep learning models. Our framework will improve
the accuracy of forecasted pollution emissions and help mitigate the associated human health burden.

() Determine the concentrations of PM2s in the Wildfire region

() Scientific modeling of wildfire emissions

Q Satellite (MODIS) analysis of AOD (Aerosol Optical Depth) as a surrogate for
PM2.5

Data preparation and integration

Existing scientific models for predicting wildfire emissions rely on data collected during controlled forest
burns, lab-burn experiments of vegetation, and physics-based simulation, or require constant expensive
drone data collection of the area to determine fire growth in a region (Finney, 1998; Forghani et al., 2007; Lin
et al,, 2018).The existing commonly used models are computationally expensive to run. Physical models of
wildland fire spread (Sullivan, 2009) have also been developed, but are highly complex and typically include
heat transfer conservation laws, equations describing combustion chemistry, etc. Their use is generally limit-
ed to research purposes. Therefore, we propose a novel spatio-temporal forecasting model combining re-
current neural networks (RNNs) and convolutional neural networks (CNNs) (Figure 1). RNNs enable efficient
modeling of time series data by propagating and updating information from previous time steps using
non-linear, differentiable transformations (Boden, 2002).

On the other hand, CNNs, which are regularized ver-

Forecast of health impact

sions of multilayer perceptrons, are able to capture from active wildfires
spatial information. CNN+RNN architectures have smisﬁ.:a.nfm.ﬁfheaﬂh
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where Ei is the emissions for species i, and BA is the
(forceasted) burned area predicted by the deep Figure 1: Schematic of the proposed forecasting model
learning model. This regression model will be
trained on data generated by the physicochemical

Preliminary Results are provided for California wildfires aver-
aged for (2015-2020). The Fire counts were observed to be the
largest during the summer months (May-August), with
around ~295 to ~305 fire counts per day (Figure 2). However,
the size and the intensity of the wildfires are in the process

being examined for a more granular analysis of the wildfires.
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Figure 2: (a) Map Highlighting California Fire density (2000-2020); (b) Averaged (2015-2020) California Wildfires Fire Counts,
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Figure 3: Averaged (2015-2020) (a) PM2.5 concentration ug/m3, and (b) Satellite (MODIS) Aerosol Optical Depth (AOD)

Figure 3 provides AOD and PM2.5 averaged monthly values from 2015-2020. 2018 and 2020
were intense wildfire seasons in Califirnia. Monthly Averaged Satellite AOD is used as a surro-
gate for PM2.5. Figure 3, suggests that AOD (Aerosol Optical Depth) during the fire season
(May-August) for 2018 and 2020 were ~0.3 and~0.53 respectively. Simultaneously the PM2.5
cncentrations during the same time period were ~19 (2018) and ~33 ug/m3 (2020).These are
monthly averaged value analysis the PM 2.5 concentration. However a more granular analysis
of daily 24 hour averaged values for September 2020 (for county Mono) far exceeded (~500

to ~700 ug/m3) the US National Ambient Air Quality Standard (35ug/m3)

Case Studies
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Figure 4: Daily VIIRS Fire Counts and Daily AOD values (MODIS) from 2015-2020 averaged for California and

According to this comparitive analysis we can observe that during periods of intense fire activities sich as during 2015,
2018 and the recent 2020 fires the AOD (Our surrogate for Air Quality) is high. This highlights the fire seasons impact on
air qualiyty and human health.

Conclusion

Q The Frequency of wildfire events have increased from 2015 to 2020

Q Satellite and Ground-based measurements show agreement during intense wildfires

Q The PM2.5 Standard is exceeded during intense wildfires, e.g. 2020
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