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Abstract

Wildfire smoke produces spatially extensive air-quality degrada-
tion, but ground-truth AQI measurements are available only at
sparse monitoring locations. This paper introduces PROMETHEUS,
a physics-guided framework for spatially resolved wildfire-smoke
AQI forecasting. PROMETHEUS harmonizes MODIS and VIIRS fire
detections, wildfire perimeters, GridMet meteorology, 30-meter
fuel representations derived from NLCD and Anderson fuel mod-
els, and EPA air-quality observations into a common fire-centered
learning representation. To address the mismatch between sparse
sensor supervision and dense AQI prediction, PROMETHEUS aug-
ments observational loss with science-guided spatial regularizers
and, for multi-day forecasting, an advection—diffusion residual that
constrains predicted AQI fields to evolve consistently with smoke
transport. Experiments over 5,095 fires show that PROMETHEUS im-
proves pointwise accuracy and produces more physically coherent
smoke-impact fields than CNN, CNN+LSTM, and Prithvi baselines.

CCS Concepts

« Computing methodologies — Neural networks; Supervised
learning; « Information systems — Spatial-temporal systems.
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1 Introduction

Wildfires in the United States have grown in frequency, intensity,
and duration. Development has pushed into the wildland—urban
interface, exposing more people. Smoke reaches far beyond the fire
itself, carrying fine particulate matter, carbon monoxide, nitrogen
and sulfur oxides, and ozone precursors; exposure causes respira-
tory and cardiovascular harm. The U.S. Environmental Protection
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Agency (EPA) summarizes these pollutants in the Air Quality Index
(AQI), which grades conditions from Good (0-50) to Hazardous
(301-500), so predicting wildfire-driven AQI degradation is an ur-
gent public-health priority.

Existing approaches each solve part of the problem: station-
level machine-learning models return scalar time series rather than
continuous fields, chemical transport models demand detailed emis-
sions inventories and heavy computation, and wildfire risk models
characterize fire behavior rather than downwind AQI. None de-
livers a dense, continuously updated map of smoke-driven AQI
degradation that evolves with the fire.

The obstacle is a structural mismatch between a dense prediction
target and sparse supervision. The EPA operates more than 13,000
AQI sensors, but they cluster near populated areas while wildfires
originate in remote terrain, so on a given fire-day ground truth
exists at fewer than 1% of the pixels a model must predict. Trained
only at observed locations, a model interpolates well near sensors
but produces incoherent fields elsewhere: fragmented plumes and
implausible gradients. Fixing this requires encoding what is already
known about how smoke moves, so PROMETHEUS uses physics not
as a mechanistic simulator but as an inductive bias that regularizes
learning where observations are missing.

Research Questions. Our overarching question is: How can we
model the spatiotemporal dynamics of air quality in regions affected
by forest fires in a way that accounts for the evolving footprint of the
fire itself and the influencing environmental factors? Within this, we
explore:

RQ-1: How can we construct a more comprehensive dataset that
captures the spatial and temporal evolution of wildfire spread?
RQ-2: How can we incorporate topographical and meteorological
variables (vegetation, elevation, wind, humidity, and temperature) to
improve our understanding of fire behavior and pollutant dispersion?
RQ-3: How can we model fine-grained variations in air quality, both
across space and over time?

2 Related Work

Machine-learning models based on LSTMs, ensembles, and deep
networks forecast AQI accurately at fixed stations, but emit scalar
time series and ignore wildfire-specific drivers such as burn-area
progression, fuel load, and wind transport [4]. Chemical trans-
port models take the opposite approach: CMAQ solves the gov-
erning equations for advection, diffusion, and chemical transfor-
mation, but needs detailed emissions inventories and heavy com-
putation [1]. Physics-informed neural networks sit between the
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two by embedding partial differential equations in the training loss,
letting a model respect known physical laws where observations
are sparse [6]; the same paradigm has been applied to geospatial
fields, coupling multimodal sensing with process-based modeling to
map soil moisture at high resolution from sparse ground truth [5].
Vision Transformers supply the architectural ingredient, since self-
attention over patches captures long-range dependencies that con-
volutions recover poorly [2]. PROMETHEUS bridges these lines: it
learns a dense, fire-centered AQI field with transformer encoders,
disciplines it with science- and physics-guided losses, and is bench-
marked against CNN, CNN+LSTM, and Prithvi-EO baselines [3].

3 Methodology

3.1 Data Construction & Harmonization [RQ-1]

We combine three archives: NASA FIRMS detections of active-
combustion fire pixels from MODIS and VIIRS; MTBS burned-area
polygons; and the Spatial Wildfire Occurrence archive of discovery
dates, sizes, and center points. The latter two give us where and
when each fire burned, letting us attribute detections to a specific
event-day. Daily detections are fragmented, so for each fire-day we
approximate the active perimeter with the convex hull of that day’s
fire pixels; in sequence the hulls trace the fire’s progression. A hull
can overestimate area, but it guarantees that all detected activity
falls inside the perimeter, the right bias for an emission source.

Around each hull we draw a 160-km buffer defining the sampling
domain, the range over which AQI readings typically attenuate
to near-background levels. Within it we align AQI readings from
the EPA/AirNow network of more than 13,000 sensors, averaged
per pollutant over ozone, PM2.5, PM10, CO, SO, and NOy — the
sparse supervision target; ten GridMet fields spanning burning in-
dex, temperature, precipitation, humidity, radiation, and wind; and
a 30-meter fuel grid mapping NLCD land cover onto Anderson’s
13 fire-behavior fuel models. All are burned onto one co-registered
lattice, so every pixel encodes fire extent, emission potential, atmo-
spheric forcing, and any observed pollutant response. We restrict
the study to the contiguous United States, where the Anderson mod-
els are calibrated; after removing fire-days without AQI coverage
we retain 5,095 fires spanning 20,691 fire-days.

3.2 Physics-Guided Architectures for Sparsely
Supervised AQI Field Prediction [RQ-2/3]

We address two tasks. Nowcasting predicts a dense AQI field for a
single day; forecasting predicts a sequence of fields over a future
horizon. Each has a data-driven and a physics-guided variant, giving
Prometheus-Nowcast, Prometheus-Nowcast-Sci, Prometheus-Forecast,
and Prometheus-Forecast-Sci. The difficulty is identical in all four:
covariates are spatially dense but supervision is not, so a model
trained only at sensor pixels can reach a reasonable pointwise error
while producing implausible fields elsewhere.

3.2.1 Shared Spatial Backbone. Each fire-day is a 32-channel raster
tensor: 10 GridMet bands, a fuel band, a binary fire-mask band
marking the hull, 18 pollutant-summary bands (mean, maximum,
and minimum of each pollutant), and two metadata bands for log-
normalized fire size and day of year. We split the tensor into non-
overlapping 8 X 8 patches, project each into a 256-dimensional
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embedding with a strided convolution, add learned positional em-
beddings, and process the sequence with transformer blocks of
self-attention and feed-forward layers. Attention is essential here,
since a pixel’s AQI depends jointly on the fire perimeter, wind, ter-
rain, fuel, and distant sensors. The patch features are then reshaped
to a feature grid, bilinearly upsampled to the input resolution, and
refined by a convolutional decoder into a dense field § € REXW

3.2.2  Nowcasting with Science-Guided Losses. Prometheus-Nowcast
trains on a masked Huber loss, Lyyper = ﬁ Zi:mizl Ls(g; —
y;) with mask m; € {0, 1}, evaluated only where ground truth
exists, since treating unmeasured pixels as zeros would impose
false supervision. The Huber form, quadratic below § = 1.0 and
linear above, limits the pull of extreme AQI values. But it constrains
the model only at monitors.

Prometheus-Nowcast-Sci adds three soft regularizers over the
whole predicted field. A full transport model on a single snap-
shot would be underdetermined, so these express softer prefer-
ences. Let (f),, = X; wifi/2; wi be the proximity-weighted mean,
with w; € [0, 1] decaying exponentially with distance to the near-
est station, so constraints act most strongly where observations
give local support; write [z]+ = max(0, z). Smoothness L penal-
izes excess local curvature through a five-point discrete Laplacian.
Fire-distance attenuation £, encodes that concentration decreases
away from active fire pixels, with d the distance to the nearest fire
pixel and V, the central-difference gradient along axis a € {x,y};
it penalizes only violations, so displaced plumes are never forced
into radial symmetry. Range regularization £} holds predictions
within normalized bounds [ymin, Ymax] = [—2, 4] standard devia-
tions without clipping high-AQI values:

L =((V*9)?),,.
Ly = (Za[Vad - sign(Vad)]?) . M

Ly = ([ymin - 9]3 +[9- ymax]i>w4

The combined objective is Ligtal = AgLHuber + @(As Ls + A9 Ly +
ApLp), with a curriculum factor « € [0, 1] that rises linearly from
zero so the model first learns the empirical relationship among
fire, fuel, weather, and AQI. These terms do not replace data; they
extend its reach into pixels the Huber loss never sees.

3.2.3  Forecasting and Physics Fine-Tuning. Prometheus-Forecast
slides a window of length Ty + Tgore OVer each fire, using Ty = 7
history days to predict Ti,e = 7 future maps. A shallower spatial
encoder embeds each history day, and we reshape the result so
every spatial location becomes its own time series, preventing the
map from collapsing into one global sequence, which would en-
courage spatially uniform forecasts. A temporal encoder—decoder
transformer (D; = 512, 6 layers, 8 heads) models that evolution
using one learnable query per forecast day, causal self-attention,
and cross-attention to the encoded history; without the causal
mask the queries attend bidirectionally and collapse toward similar
representations. Training uses a horizon-weighted objective: the
wi-weighted mean of the per-day masked Huber losses, so days
can be weighted by operational importance.
Prometheus-Forecast-Sci carries the principal physics-guided com-
ponent. Once consecutive predicted fields exist, we can ask not only
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Fire: AZ3429411181120200713_2020-07-31 | Size: 2184 acres | Date: 2020-07-31 | Class: F
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Figure 1: Single-day AQI predictions on a held-out fire-day, left to right: ground truth station readings; the CNN baseline, fitting
sparse sensor pixels but returning blocky, piecewise output; the Prithvi baseline (frozen Prithvi-EO-1.0 encoder, trainable
adapter and decoder), competitive pointwise but limited in dynamic range; Prometheus-Nowcast (ViT), globally consistent
through self-attention across patches; and Prometheus-Nowcast-Sci (ViT + Science), the most physically coherent dispersion
pattern. Per-panel MAE/RMSE (AQI points) confirm that Prometheus also improves on both baselines at the measured pixels.
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Figure 2: Seven-day AQI forecasts on a held-out fire event, by row: ground truth station readings; the CNN+LSTM baseline,
fragmented because a convolutional encoder with a per-location recurrent head cannot model long-range spatial dependencies;
the Prithvi baseline (frozen Prithvi-EO-1.0, trainable temporal head), which collapses to near-mean forecasts that fall entirely
inside the EPA Good band (AQI 0-50) on this event, so the row renders uniformly green under the discrete AQI colormap even
though its raw outputs vary slightly between pixels and days; Prometheus-Forecast (Temporal ViT), spatially coherent and
evolving across the horizon; and Prometheus-Forecast-Sci (Physics Fine-Tuning), which refines those forecasts with advection—
diffusion constraints, reducing artifacts.

whether each matches its sensors, but whether the transition be-
tween them is consistent with atmospheric transport. Let C denote
pollutant concentration at position (x, y) and time ¢. Its evolution
approximates the advection-diffusion balance

ac
E+u-VC=DVZC—kC+S, )

where u = (uyx, uy) is the wind velocity vector, D a diffusion co-
efficient, k a first-order decay rate representing deposition and
chemical removal, and S a source term injecting smoke at active

fire locations. Rearranging Equation 2 gives a residual for the tran-
sition between consecutive days ¢ and t + 1,

R= Cmi=Ce o€ +uy£ -DV2C+kC-S,  (3)
At ox ady

which vanishes when the predicted sequence obeys the balance.
Spatial derivatives come from C; by central differences with a five-
point Laplacian stencil, the temporal derivative from Cy4; with
= 1lday, S = s F from the binary fire mask F, and Ly, is
the mean of R? over interior pixels, excluding a two-pixel border
where finite differences are unreliable. The parameters D, k, and
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s are dimensionless in grid-cell units, scaled so the residual stays
commensurate with the Huber term.

Two properties make this effective. The first is an asymmetry:
LHuber is sparse because it needs measurements, whereas Lpge
is dense for forecast-to-forecast transitions, where both fields are
model predictions. The physics term supplies training signal over
exactly the domain the sensors miss, and its coefficient is kept
small so it regularizes without dominating. The second is staging.
Training with the residual from the start proved ineffective, because
it competes with the model’s initial effort to learn the relationship
among fire, weather, fuel, and AQI. We train Prometheus-Forecast to
convergence on the horizon-weighted Huber objective, then fine-
tune with Lg = Ay Lyuber + ApLpde> S0 physics refines an already
competent forecaster rather than competing with it.

4 Performance Benchmarks & Discussion

This evaluation is asymmetric: the models predict a dense field,
but supervision exists only at sparse monitors. MAE and RMSE
therefore quantify fidelity at observed pixels, while Figures 1 and 2
address whether the field shows spatially coherent smoke structure
consistent with fire location, meteorology, and transport. Since a
model can lower MAE by interpolating near stations while failing
between them, we read both together. We train in PyTorch on an
A100 with AdamW and early stopping, partitioning at the fire-event
level so no wildfire appears in both training and test.

Single-Day AQI Nowcasting. The CNN baseline, a convolutional
encoder—decoder over the same rasterized drivers, achieves MAE
14.96 and RMSE 19.47, and the Prithvi baseline, a trainable head on
the frozen 100M-parameter Prithvi-EO-1.0 encoder [3], achieves
MAE 14.45 and RMSE 18.79. Prometheus-Nowcast improves on both
at MAE 11.96 and RMSE 15.94, and Prometheus-Nowcast-Sci attains
MAE 12.06 and RMSE 16.06 — nearly the same pointwise accuracy,
but the most physically coherent field. Figure 1 shows why the
visual axis is needed: the CNN returns blocky regions unlike trans-
ported smoke and Prithvi misses the plume, while science-guided
regularization improves field realism at minimal cost to pointwise
error.

Multi-Day AQI Forecasting. The CNN+LSTM baseline, a per-day
convolutional encoder with a per-pixel recurrent head, spans MAE
17.28-17.78 and RMSE 28.19-29.18 across the seven-day horizon;
the Prithvi temporal baseline, reusing the frozen encoder under a
trainable temporal transformer, spans MAE 18.02-18.41 and RMSE
29.88-31.07. Prometheus-Forecast achieves MAE 14.23-14.51 and
RMSE 23.82-24.15, improving on both at every forecast day, and Pro-
metheus-Forecast-Sci, fine-tuned for 29 epochs with a 2.5% physics-
loss contribution, reaches MAE 13.97-14.17 and RMSE 23.63-23.90.
The gains concentrate late in the horizon, where Day+6 and Day+7
MAE drop from 14.33 and 14.36 to 14.01 and 14.10, so the residual
is most useful once the data-driven model accumulates artifacts.
Figure 2 agrees: the CNN+LSTM row is fragmented, the Prithvi
row falls almost entirely inside the EPA Good band, and the PROME-
THEUS rows show coherent dispersion evolving over the horizon,
indicating that the temporal transformer captures field evolution
rather than extrapolating station-level readings.
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5 Conclusions

PROMETHEUS treats wildfire-smoke AQI forecasting as spatial field
prediction rather than station-level regression.

RQ-1: Daily convex-hull perimeters over MODIS and VIIRS fire
pixels give a consistent, interpretable representation of wildfire
evolution across 5,095 fires and 20,691 fire-days, making each fire-
day a spatially explicit event whose geometry evolves.

RQ-2: A 30-meter fuel grid from NLCD and Anderson fuel mod-
els, with GridMet forcings, lets the model reason jointly about
smoke generation, fuel availability, and dispersion.

ROQ-3: Cast as dense field reconstruction under sparse super-
vision, the transformer models capture long-range dependencies
among fire extent, fuel, meteorology, and AQI, outperforming CNN,
CNN+LSTM, and Prithvi baselines; the physics-guided variants
further constrain the unobserved field through science-guided reg-
ularizers for single days and an advection—-diffusion residual during
fine-tuning.

Both dimensions improve: attention captures the nonlocal depen-
dencies the CNN baselines miss, while the physics-guided losses
supply structure where supervision is absent. Physics-guided learn-
ing is valuable whenever supervision is sparse but the deployment
target is dense.
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