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Abstract

Artificial intelligence methods are increasingly being explored for managing wild-
fires and other natural hazards. In particular, reinforcement learning (RL) is a
promising path towards improving outcomes in such uncertain decision-making
scenarios and moving beyond reactive strategies. However, training RL agents re-
quires many environment interactions, and the speed of existing wildfire simulators
is a severely limiting factor. We introduce JaxWildfire, a simulator underpinned
by a principled probabilistic fire spread model based on cellular automata. It is
implemented in JAX and enables vectorized simulations using vmap, allowing high
throughput of simulations on GPUs. We demonstrate that JaxWildfire achieves
6-35x speedup over existing software and enables gradient-based optimization of
simulator parameters. Furthermore, we show that JaxWildfire can be used to train
RL agents to learn wildfire suppression policies. Our work is an important step
towards enabling the advancement of RL techniques for managing natural hazards.

1 Motivation
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Figure 1: JaxWildfire simulation in Cape
Town, SA using ESA WorldCover data.

While AI has found important uses for natural hazard
management such as damage assessment and forecast-
ing, experts call for a fundamental paradigm shift from
reactive pattern recognition to anticipatory sequential
decision-making under uncertainty (Beduschi, 2022; In-
ternational Federation of Red Cross and Red Crescent
Societies, 2020). Reinforcement learning (RL) methods
offer a promising framework for such settings; however,
they require millions of environment interactions to learn
effective policies. This makes high-fidelity wildfire sim-
ulators like FARSITE (Finney, 1998) and ELMFIRE
(Lautenberger, 2013) too expensive for RL applications.

Even though existing cellular automata (CA) based sim-
ulators are faster, they are still fundamentally limited by
the requirement to transfer data to main memory in the
interaction between the simulation and RL agent com-
ponents. Recent tools like JAX (Bradbury et al., 2018),
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which allow performing the environment simulation and the RL algorithm training jointly on GPUs,
are quickly becoming the de facto standard for RL research, as they allow for efficient memory
management and faster training times.

In this paper, we introduce JaxWildfire, which provides similar functionality to existing CA simulators
while being an order of magnitude faster. We demonstrate that gradients can flow through the
simulator, enabling gradient-based optimization of simulator parameters based on historical wildfire
data. JaxWildfire is also compatible with the European Space Agency’s WorldCover dataset (Zanaga
et al., 2021) and Digital Elevation Model (DEM) (ESA, 2021), allowing the creation of realistic
environments by simply providing bounding box coordinates or names of cities.

JaxWildfire is compatible with the JAX-based RL library Gymnax (Lange, 2022), allowing convenient
integration with existing RL algorithm implementations. We successfully validate the suitability of
JaxWildfire for training RL agents by studying a synthetic scenario in which an air tanker obtains
rewards for extinguishing a developing fire. Our work contributes a societally important simulation
scenario for the RL community to work on and serves as an important enabling step towards advancing
RL-based methodologies for natural hazard management.

2 Related Work

Wildfire simulators usually fall into two categories: physics-based models used in operations and
research and cellular automata (CA) aimed at speed and scale (Papadopoulos and Pavlidou, 2011).

Physics-based models. FARSITE (Finney, 1998) and ELMFIRE (Lautenberger, 2013) are two
widely used physics-based wildfire simulators that target high fidelity. Although they are employed
operationally, their computational costs limit their use in RL research.

Cellular automata. CA models approximate fire spread using simple, local rules, making them
computationally efficient and suitable for large-scale simulations. They have been widely adopted
in wildfire research (Karafyllidis and Thanailakis, 1997; Pais et al., 2021; Rui et al., 2018). The
most recent work is PyTorchFire (Xia and Cheng, 2025), a GPU accelerated simulator which allows
for parameter calibration with PyTorch (Paszke et al., 2019), and is based on the CA model of
Alexandridis et al. (2008). They demonstrate that their model can be calibrated using gradient-based
optimization and achieves promising results on real wildfire data (Xia and Cheng, 2024).

RL-oriented interfaces. Recent works have emerged that specifically target the RL community.
SimFire (Doyle et al., 2024) simulates wildfire spread using Rothermel equations (Rothermel, 1972)
and uses environment data from LANDFIRE (LANDFIRE 2.0.0, 2021). SimHarness (Tapley et al.,
2023) wraps SimFire and provides a convenient interface for RL research to train agents. However,
implementation speed is a limiting factor for the scale (and, consequently, task complexity) of training
RL agents. Due to this, RL research is increasingly shifting towards JAX as the main framework
(Rutherford et al., 2024). To the best of our knowledge, JaxWildfire is the first wildfire simulator
implemented in JAX that is specifically designed for RL research.

3 JaxWildfire Simulator

The core of JaxWildfire is a CA model that simulates fire spread as a function of wind, slope,
vegetation, and fuel density. Our model builds on Alexandridis et al. (2008) and Xia and Cheng
(2025), but introduces a more realistic model of ignition probability and a principled conversion from
fire potential to ignition probability.
State representation. At timestep t the simulator holds four layers with shape (H,W ) encoding
information about each cell u = (i, j).

• Fire state – Ft(u) ∈ {0, 1, 2} (0 = unburned, 1 = burning, 2 = burned).

• Wind – speed Vt(u) ∈ R≥0 and direction Θt(u) ∈ [0, 2π).

• Vegetation – Each cell carries vegetation–related fields µveg(u) , µden(u) where

– µveg(u) ∈ [−1, 1] – canopy ignition modifier, where positive values favor burning.
– µden(u) ∈ [−1, 1] – ground-fuel density modifier, ranges from −1 (no fuel) to 1 (dense).
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Figure 2: Fire spread visualization. Our fire spread mechanism based on cellular automata propagates
fire directionally. The arrival potential is accumulated from neighboring cells and used to determine
the ignition probability. The state of the cell at the next timestep is sampled from a Bernoulli
distribution parameterized by the ignition probability.

• Slope – S(u) ∈ R3×3 stores the slope of the terrain in the direction of each neighbor.
Positive values indicate uphill in the propagation direction, negative values downhill.

The slope is assumed to be static as the elevation in the environment does not change, but the
remaining fields are time-dependent.
Directional propagation. For a burning source cell u = (i, j), the potential for fire to propagate to a
neighboring cell is modeled by an unbounded dimensionless score ϕ as a function of the wind, slope,
vegetation, and fuel density. The influence of wind and slope are modeled as directional propagation
factors in the direction of the neighbor ∆ = (δx, δy) ∈ {−1, 0, 1}2 with

κwind(u,∆) = exp(αw1V (u)) · exp
(
αw2V (u)[cos(φ(∆)−Θ(u))− 1]

)
(1)

κslope(u,∆) = exp(αsS(u,∆)) (2)

where φ(∆) is the angle (where east equals zero, counting counter-clockwise) of the offset ∆ and
αw1, αw2, αs are tunable parameters that control the influence of wind and slope on fire spread. The
total propagation potential from source cell u in direction ∆ is then given by

ϕ(u,∆) = pbase · (1 + µveg(u)) · (1 + µden(u)) · κwind(u,∆) · κslope(u,∆) (3)

where pbase is a base propagation factor that can be tuned to control the overall fire spread rate. This
follows the model of Xia and Cheng (2025).

Ignition probability. We model the ignition of a cell as a two-step process: first, we calculate the
probability of fire arriving at a target cell v from its neighbors, and then we calculate the probability
of ignition based on the target cell’s fuel properties. Rather than using an ad-hoc squashing function
tanh like Xia and Cheng (2025), we interpret the propagation potential ϕ(u,∆) as the intensity rate
λ of a Poisson process. The intensity rate is the expected number of fire sparks arriving at a target
cell v from its neighbors u ∈ N (v) in a time step. Multiplying by the susceptibility γ(v) of the target
cell v gives the effective Poisson rate of successful ignition events. The susceptibility is a function of
the target cell’s vegetation and fuel density γ(v) = αγ(1 + µveg(v)) · (1 + µden(v)). The probability
of a target cell v igniting is therefore

pignite(v) = 1− exp
(
−γ(v)λ

)
with λ =

∑
u∈N (v)

b(u)ϕ(u,∆u→v) (4)

where b(u) is the burning state of the neighbor cell u (1 if burning, 0 otherwise) and ∆u→v is the
direction from u to v. This provides a differentiable conversion that ensures probability is bounded in
[0, 1] and can be used in gradient-based optimization of the wildfire simulator parameters.

Stochastic update Ft→Ft+1. Unburned cells ignite with probability pignite(v). Burning cells remain
burning with probability pcontinue; otherwise they transition to Burned. The simulator has two routines:
it can propagate the raw probabilities (deterministic and continuous) or draw independent Bernoulli
samples for these events (stochastic and discrete).

Deterministic (raw-probabilities) update. Let the per-cell continuous state at time t be

pt(v) =
(
pun
t (v), pburn

t (v), pbd
t (v)

)
, pun

t + pburn
t + pbd

t = 1,
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Figure 3: Calibration on a real wildfire. Comparison of predicted fire spread of Bear 2020 wildfire
(Xia and Cheng, 2024) averaged over 5 seeds (variance was negligible). The panels show the spread
of the fire as simulated by A) PyTorchFire after calibration; B) JaxWildfire after calibration; C) real
historical fire perimeter. The simulators achieve comparable results measured by Intersection over
Union, with a slight advantage for JaxWildfire.

where pun is the probability the cell is unburned, pburn the probability it is burning, and pbd the
probability it is burned-out. Given the ignition probability pignite(v) from Eq. (4) and the continuation
probability pcontinue, the one-step update is written elementwise as

newly_burningt(v) = pun
t (v) pignite(v), (5)

continuingt(v) = pburn
t (v) pcontinue, (6)

burned_nowt(v) = pburn
t (v)

(
1− pcontinue

)
, (7)

and the state evolves by

pburn
t+1(v) = newly_burningt(v) + continuingt(v), (8)

pun
t+1(v) = pun

t (v) − newly_burningt(v), (9)

pbd
t+1(v) = pbd

t (v) + burned_nowt(v). (10)

Data integrations. JaxWildfire supports synthetic randomly generated forest environments as well
as realistic environments based on real-world data from the European Space Agency’s WorldCover
dataset (Zanaga et al., 2021) and Digital Elevation Model (DEM) data (ESA, 2021). The user only
needs to provide a place-name string (e.g "Cape Town, South Africa") which is then internally
geocoded into a bounding box and used to download the WorldCover and DEM tiles. Weather data
such as wind speed and direction can be provided as static input or as time series data to simulate
changing weather conditions. Lastly, JaxWildfire also provides functionality to export data to PyTorch
format, allowing the benchmarking of machine learning models for learning fire spread dynamics.

4 Results

We use PyTorchFire as baseline as it is the closest related work to JaxWildfire. We benchmark both
simulators on an NVIDIA A100 GPU on different grid sizes and 5 different random seeds. We
report the mean and standard deviation of the time taken to simulate 200 time steps in Figure 4.
JaxWildfire achieves a speedup of 6 − 35× over PyTorchFire for single simulations, which goes
up to 18 − 51× when using for_i, which does not track history and is therefore more efficient.
Additionally, JaxWildfire can leverage JAX’s vmap to run multiple vectorized simulations on the
GPU, achieving a peak throughput of 2.516 steps/s with 64 environments on a single A100 GPU and
a grid size of 64× 64 (see Figure 4).

To show that the simulator can be calibrated using gradient-based optimization, we follow the setup
of Xia and Cheng (2025) and use a loss function that combines binary cross-entropy (BCE) loss to
measure the difference in fire spread shape and a mean squared error (MSE) loss after 2D average
pooling to measure the difference in fire scale. We use wildfire data from Bear 2020 (Xia and Cheng,
2024) to calibrate both simulators and report the results of the best runs in Figure 3. For JaxWildfire

4



100 200 300 400 500 600 700 800 900

Grid size (N)

0.0

0.2

0.4

0.6

0.8

W
al
lt

im
e
(s
)

Wall time vs grid size

PyTorchFire
JWF (scan)

JWF (for_i)

0 10 20 30 40 50 60

Number of environments (batch size)

210

211

212

213

214

215

216

T
hr
ou

gh
pu

t
(s
te
ps
/s
)

CPU vs GPU scaling

CPU GPU

Figure 4: Performance evaluation of JaxWildfire. Left: wall time (s) on GPU, showing JaxWildfire
is an order of magnitude faster than PyTorchFire, the competing library. Right: throughput of
JaxWildfire on GPU versus CPU, demonstrating that our framework benefits from increasing degrees
of parallelism.

we use the optax (DeepMind et al., 2020) library to perform gradient-based optimization using
Adam (Kingma and Ba, 2015) with the raw probabilities routine. JaxWildfire achieves marginally
better results in simulation accuracy compared to PyTorchFire.
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Figure 5: PPO training curve in a synthetic 20x20
environment. A reward of 10 is given for com-
pletely extinguishing the fire.

To demonstrate the suitability of JaxWildfire for
RL research, we trained an air tanker agent in
a synthetic 20x20 environment using PPO (Lu
et al., 2022; Schulman et al., 2017) to learn a fire
suppression policy. The agent receives partial
egocentric observations and controls the valve
(open/closed) to drop limited water resources.
Water transforms the state of a cell from burning
to burned. We give a penalty at each timestep
proportional to the number of burning cells and
a terminal +10 reward if the fire is completely
extinguished. During training, we randomize ini-
tial fire and agent positions and use fixed wind
conditions. The training curve in Figure 5 shows
that the agent learns to extinguish the fire in this
scenario. Visualizations of the trained agent act-
ing in the environment are provided in Figure 6
in the Appendix.

5 Conclusion, Limitations and Outlook

In this work, we have proposed JaxWildfire, a fast and efficient JAX-native wildfire simulator for
RL research that achieves a significant speedup of 6− 35× over a recent comparable framework. It
enables differentiable tuning of simulator parameters and is integrated with real-world data sources.
We have demonstrated its suitability for training RL agents on a synthetic fire extinction scenario.
Future work includes adding support for heterogeneous multi-agent teams, such as ground vehicles
and drones, to simulate more complex and practical wildfire management situations. We also aim to
extend the underlying model to consider the effects of humidity and temperature on fire spread. Our
work contributes a societally relevant benchmark problem for the RL community and also to broader
efforts to develop proactive decision support systems for natural hazard management.
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Luyu Wang, Guangyao Zhou, and Fabio Viola. The DeepMind JAX Ecosystem, 2020. URL
http://github.com/google-deepmind. Accessed 05 August 2025.

Michael Doyle, Michael Threet, Marissa Dotter, Chris Kempis, Alex Tapley, and Tim Welsh. SimFire,
2024. URL https://github.com/mitrefireline/simfire. Accessed 05 August 2025.

Mark A. Finney. FARSITE: Fire area simulator – model development and evaluation. Technical
Report RMRS-RP-4, U.S. Department of Agriculture, Forest Service, Rocky Mountain Research
Station, Fort Collins, CO, 1998.

International Federation of Red Cross and Red Crescent Societies. World Disasters Report 2020:
Come Heat or High Water. International Federation of Red Cross and Red Crescent Societies,
Geneva, 2020.

Ioannis Karafyllidis and Adonios Thanailakis. A model for predicting forest fire spreading using
cellular automata. Ecological Modelling, 99(1):87–97, 1997.

Diederik P. Kingma and Jimmy Ba. Adam: A method for stochastic optimization. In 3rd International
Conference on Learning Representations, 2015.

LANDFIRE 2.0.0. 13 Anderson Fire Behavior Fuel Models, Elevation. 2021. URL http://www.
landfire.gov/viewer. Accessed 05 August 2025.

Robert Tjarko Lange. gymnax: A JAX-based reinforcement learning environment library, 2022. URL
http://github.com/RobertTLange/gymnax. Accessed 05 August 2025.

Chris Lautenberger. Wildland fire modeling with an Eulerian level set method and automated
calibration. Fire Safety Journal, 62:289–298, 2013.

Chris Lu, Jakub Kuba, Alistair Letcher, Luke Metz, Christian Schroeder de Witt, and Jakob Foerster.
Discovered policy optimisation. Advances in Neural Information Processing Systems, 35:16455–
16468, 2022.

Cristobal Pais, Jaime Carrasco, David L. Martell, Andres Weintraub, and David L. Woodruff.
Cell2Fire: A Cell-Based Forest Fire Growth Model to Support Strategic Landscape Manage-
ment Planning. 4, 2021.

George D. Papadopoulos and Fotini-Niovi Pavlidou. A Comparative Review on Wildfire Simulators.
IEEE Systems Journal, 5(2):233–243, 2011.

6

https://registry.opendata.aws/copernicus-dem
https://registry.opendata.aws/copernicus-dem
http://github.com/jax-ml/jax
http://github.com/google-deepmind
https://github.com/mitrefireline/simfire
http://www.landfire.gov/viewer
http://www.landfire.gov/viewer
http://github.com/RobertTLange/gymnax


Adam Paszke, Sam Gross, Francisco Massa, Adam Lerer, James Bradbury, Gregory Chanan, Trevor
Killeen, Zeming Lin, Natalia Gimelshein, Luca Antiga, Alban Desmaison, Andreas Köpf, Edward
Yang, Zach DeVito, Martin Raison, Alykhan Tejani, Sasank Chilamkurthy, Benoit Steiner, Lu Fang,
Junjie Bai, and Soumith Chintala. PyTorch: an imperative style, high-performance deep learning
library. In Proceedings of the 33rd International Conference on Neural Information Processing
Systems, 2019.

Richard C. Rothermel. A mathematical model for predicting fire spread in wildland fuels. Res. Pap.
INT-115. Ogden, UT: U.S. Department of Agriculture, Intermountain Forest and Range Experiment
Station. 40 p., 115, 1972.

Xiaoping Rui, Shan Hui, Xuetao Yu, Guangyuan Zhang, and Bin Wu. Forest fire spread simulation
algorithm based on cellular automata. Natural Hazards, 91(1):309–319, 2018. doi: 10.1007/
s11069-017-3127-5.

Alexander Rutherford, Benjamin Ellis, Matteo Gallici, Jonathan Cook, Andrei Lupu, Garðar Ingvars-
son, Timon Willi, Ravi Hammond, Akbir Khan, Christian Schroeder de Witt, Alexandra Souly,
Saptarashmi Bandyopadhyay, Mikayel Samvelyan, Minqi Jiang, Robert Tjarko Lange, Shimon
Whiteson, Bruno Lacerda, Nick Hawes, Tim Rocktäschel, Chris Lu, and Jakob Nicolaus Foerster.
JaxMARL: Multi-Agent RL Environments and Algorithms in JAX. In The Thirty-eight Conference
on Neural Information Processing Systems Datasets and Benchmarks Track, 2024.

John Schulman, Filip Wolski, Prafulla Dhariwal, Alec Radford, and Oleg Klimov. Proximal policy
optimization algorithms. arXiv preprint arXiv:1707.06347, 2017.

Alexander Tapley, Marissa Dotter, Michael Doyle, Aidan Fennelly, Dhanuj Gandikota, Savanna
Smith, Michael Threet, and Tim Welsh. Reinforcement learning for wildfire mitigation in simulated
disaster environments. arXiv preprint arXiv:2311.15925, 2023.

Zeyu Xia and Sibo Cheng. Data for: PyTorchFire: A GPU-Accelerated Wildfire Simulator
with Differentiable Cellular Automata, 2024. URL https://data.mendeley.com/datasets/
nx2wsksp9k/1. Accessed 05 August 2025.

Zeyu Xia and Sibo Cheng. PyTorchFire: A GPU-accelerated wildfire simulator with Differentiable
Cellular Automata. Environmental Modelling & Software, 188:106401, 2025.

Daniele Zanaga, Ruben Van De Kerchove, Wanda De Keersmaecker, Niels Souverijns, Carsten
Brockmann, Ralf Quast, Jan Wevers, Alex Grosu, Audrey Paccini, Sylvain Vergnaud, Oliver Cartus,
Maurizio Santoro, Steffen Fritz, Ivelina Georgieva, Myroslava Lesiv, Sarah Carter, Martin Herold,
Linlin Li, Nandin-Erdene Tsendbazar, Fabrizio Ramoino, and Olivier Arino. ESA WorldCover 10
m 2020 v100, 2021.

7

https://data.mendeley.com/datasets/nx2wsksp9k/1
https://data.mendeley.com/datasets/nx2wsksp9k/1


Appendix

Code availability. We aim to publicly release JaxWildfire with a permissive license such that
it can be used by the community. Our repository follows good software engineering practices,
featuring documentation and unit tests. The repository can be found under https://github.com/
ori-goals/JaxWildfire.

Additional figures. Additional figures, referenced in the main text, can be found below.

Step 1 Step 5

Step 10 Step 24

Figure 6: Illustration of the trained RL agent for fire suppression acting in the environment. It
successfully learns to move towards the fire and control the valve appropriately, leading to fire
extinction.
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