Response to referees

1 Reply to referee 1

General Comments

This is a well-structured research paper on introducing fire breaks to simulations that predict
fire spread, while detailing the different machine learning algorithms that take this important
element into account. While the research is novel and the methodology is reproducible, the
impact it may have in actual wildfire situations is questionable. The approach that the authors
propose can certainly be used to better test/understand wildfire dynamics in virtual environ-
ments, and may even be used to train first responders, however it falls short of becoming a
core application in case of a live wildfire mainly for two reasons: 1- Wildfire propagation is
greatly related to wind, and with climate change we see higher uncertainty and extremes in
wind patterns. Coarse resolution wind data may grossly underestimate what is going on in the
actual wildfire scene, as not only wind speed, but wind gusts during an active fire are major
players in fire severity and spread (starting new ignitions in forest patches that are far away
from the main ignition zone, regardless of a fire break). Also, a severe wildfire can produce its
own wind patterns, shift the current wind direction, or increase its intensity. The authors state
that they are aware of this shortcoming in their study. But this undermines their claim that
their methodology may prove as an effective strategy to reduce wildfire impacts, since wind
can also affect how temporary breaks are (or can be) deployed. 2- Wildfire propagation is also
greatly related to topography, but the authors mention that they did not have a comprehen-
sive landscape dataset available, so the Convolutional Long Short-Term Memory (ConvLSTM)
simulations were run with null input for landscape.

As a learning and potential training tool, despite its limitations, I find the work insightful
with room for improvement, a possible first step towards developing a global dynamic simulator
that considers fire breaks while projecting potential wildfire spread and provide valuable insight
for effective containment. The clear methodology helps the simulations’ reproducibility, and
aid researchers to test it in their study areas. However, speed vs accuracy between CA and DL
models needs to be carefully considered, as one should not replace the other.

Thank you for the positive evaluation and for the detailed and constructive comments. We
have carefully considered all points raised and revised the manuscript accordingly. A point-by-
point response is provided below.

We agree that wind variability and complex topographic influences play a critical role in real-
world wildfire propagation. In the current implementation, wind conditions are assumed to be
spatially constant during each simulation in order to control the dimensionality of the training
space. Introducing fully dynamic and high-resolution wind fields would require generating a
substantially larger number of CA scenarios to adequately cover the expanded parameter space
for training.

As clarified in the revised manuscript, the primary objective of this study is to provide
a proof of concept demonstrating that a ConvLSTM-based surrogate model can successfully
learn wildfire spread dynamics with dynamic firebreak deployment. The framework is flexible,
and future extensions can incorporate variable wind directions, gust dynamics, and additional
environmental drivers directly into the training dataset. By enriching the training data with
simulations under diverse wind scenarios, the model can learn sensitivity to wind direction and
intensity, thereby improving its applicability to more realistic operational settings.

To further clarify this positioning, we have added the following paragraph at the end of the
Introduction:

It is important to emphasize that the present study is intended as a proof of concept demon-
strating that a ConvLSTM-based surrogate model can successfully learn wildfire spread dynamics
with dynamic firebreak deployment. The objective is methodological validation rather than the



development of a fully operational forecasting system. While wind and landscape variability are
critical drivers of real wildfire behaviour, incorporating fully dynamic, high-resolution environ-
mental forcing would substantially increase the dimensionality of the training space and require
the generation of a significantly larger number of CA simulations. The proposed framework is
flexible and can be extended in future work by enriching the training dataset with diverse wind
directions, gust dynamics, and additional environmental drivers, thereby enabling the model to
learn sensitivity to these factors and improving its applicability to more realistic operational
settings.

We have also added the following clarifying sentence to Section 2.1 to explicitly justify the
wind simplification:

This simplification was adopted to constrain the dimensionality of the training space in this
proof-of-concept study.

In the Conclusion section, we have moderated the wording to avoid overstatement and to
better align the interpretation with the observed results, as shown below

Despite these challenges, Z
W%%WQ%—%%@—S%% the model demonstmtes consistent predzctwe ca-
pability within the tested scenarios and successfully captures key fire—firebreak interactions.

Finally, we have expanded the Conclusion and Future Work sections to explicitly acknowl-
edge the methodological scope and limitations of the present study and to outline directions for
incorporating spatially variable wind forcing, detailed topographic information, and additional
fuel characteristics in future work:

It is important to emphasize that the present work represents a methodological proof of con-
cept rather than a fully operational wildfire forecasting system. The primary objective was to
demonstrate that a ConvLSTM-based surrogate model can learn wildfire spread dynamics in the
presence of dynamic firebreak deployment under controlled simulation settings. To maintain
tractability of the training space, wind forcing was assumed to be spatially constant within each
simulation, and landscape information was simplified. While these assumptions limit direct
operational applicability, they allow for controlled evaluation of the surrogate modelling frame-
work. Future work will focus on incorporating spatially and temporally variable wind fields, gust
dynamics, detailed topographic information, and additional fuel characteristics into the training
datasets. By enriching the diversity of environmental forcing scenarios, the model can learn
greater sensitivity to key drivers of wildfire behaviour, thereby improving realism and extending
its applicability to operational contexts.

Technical Comments

There is little to no discussion of the simulation results. All figures containing spatial informa-
tion (maps) need improvement:

1. In Figure 1 the color selection makes it hard to interpret figures b, ¢, f and g. The natural

[P

color figures are also too small to see, “e” is of different size.

The colour maps in Figure 1 have been revised to improve interpretability and colour
contrast, and the figure has been reformatted to ensure consistent panel sizing across all
subfigures, as shown in figure 1.

2. In Figure 3 the simulation results are hard to see over a colorful background (especially
when we are not sure what the colors denote, is it land cover?), either crop to the simu-
lation zone, or utilize a blow-up window to show us the simulation results separately and
in close up fashion. Alternatively, if you will not make any reference to the background,
you can neutralize it with a filter, or other color selection so the BA and fire breaks are
more visible, and preferably larger (same for Figure 8).

Following the reordering of figures, the original Figure 3 is now presented as Figure 4
in new manuscript. To improve visibility of the burned area and firebreaks, we have
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Figure 1: Updated figure 1.

added a cropped and zoomed-in version with a neutralized background in Appendix B
(Figure B1). The caption of Figure 4 has been updated accordingly to reference this
enhanced view.

A cropped and zoomed-in version is provided in Appendix B (Fig. Bl1), where the back-
ground is neutralized to emphasize the active fire scene and associated fire spread patterns.
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Figure 2: New figure B1. Cropped and zoomed-in view of Figure 4 in new manuscript, with
the background neutralized to highlight the active fire scene and fire spread dynamics.

Similarly, for Figure 8 we have added a cropped and zoomed-in version with a neutralized
background in Appendix B (Figure B2) to improve clarity of the fire spread patterns
and error regions. The caption of Figure 8 has been revised to reference this additional
visualization.

A cropped and zoomed-in version is provided in Appendiz B (Fig B2), where the back-
ground is neutralized to emphasize the active fire scene and associated fire spread patterns.

The figure 3 shows the new figure B2.



For completeness and consistency, we have also added cropped and zoomed-in versions
of the additional test examples in Appendix B (Figures B4, B6, and BS8), corresponding
to Figures B3, B5, and B7, respectively. These enhanced views improve visibility of the
active fire scene and firebreak structures across all test cases.

. There is a Figure 4, but there is no reference to it in the text. I would have preferred it was
introduced towards the beginning of the methodology when the reader is trying to visualize
how the experiment runs. May be a few sentences before the detailed explanations of CA
and ConvLSTM models introducing the workflow, and referencing the figure would also
help understand the grid structure better, through actual visualization.

Thank you for this helpful suggestion. We have moved the workflow figure earlier in the
manuscript and explicitly introduced it at the beginning of Section 2. The figure is now
presented as Figure 2 in new manuscript and is accompanied by a new paragraph:

Figure 2 provides an overview of the data generation, model training, and prediction work-
flow used in this study. First, a CA simulator is employed to generate spatio-temporal
wildfire propagation data under various environmental conditions and firebreak deploy-
ment scenarios. These CA-generated fire spread sequences, together with firebreak infor-
mation, are then used to train a ConvLSTM-based surrogate model. During inference, the
trained ConvLSTM model takes a sequence of previous fire states as input and predicts
subsequent wildfire evolution with significantly reduced computational cost. This workflow
illustrates the relationship between the physics-inspired CA simulator and the data-driven
ConvLSTM model, and clarifies how the two components are integrated in the proposed
framework.

. In Section 3.2 the authors compare the speed of a CPU run simulation to a GPU run
simulation, which will produce slower results. To be able to compare both simulations
head on, they should be run on the same set up. CA model may run slower but from the
rate quoted here it is unclear how much of it comes from the machine how much of it from
the model’s own performance. Therefore a “250x” expression should be re-evaluated.

Thank you for this important comment. We agree that comparing a CPU-based simula-
tion to a GPU-based simulation requires clarification.

Our intention was not to suggest that the ConvLSTM architecture is intrinsically 250 x
faster than the CA model independent of hardware. Rather, the reported speedup reflects
a practical deployment comparison between: a GPU-accelerated deep learning model

(ConvLSTM), and a CPU-based Cellular Automata (CA) simulator.

To address the reviewer’s concern, we additionally benchmarked the ConvLSTM model
on CPU under the same spatial resolutions. The results (shown in the figure 7 included
in this response letter) indicate that when executed on CPU, the ConvLSTM model is
substantially slower than the CA implementation, particularly at higher resolutions. This
is expected because convolutional neural networks involve dense tensor operations that
are highly optimized for GPU parallelization but are computationally expensive on CPU
architectures [2, 3|. Deep learning frameworks such as PyTorch are explicitly designed to
leverage GPU acceleration. As described in [1, 4], the framework is engineered for high-
performance tensor computation on parallel hardware. Therefore, evaluating ConvLSTM
on GPU reflects its intended operational setting.

We have revised Section 3.2 to clarify that:

The reported 250x speed-up corresponds to a comparison between a GPU-accelerated
ConvLSTM model and a CPU-based CA implementation, reflecting realistic deployment
conditions. When executed on CPU, the ConvLSTM model is computationally more
demanding than CA, as expected for convolutional neural networks without hardware
acceleration.



This clarification ensures that the speed comparison is interpreted correctly and avoids at-
tributing the performance gain solely to model architecture. We appreciate the reviewer’s
comment, which has helped us present this aspect more transparently.

. In the simulation results shown in Figure 8, there is a varying degree of false negative
and positives among the three text examples. Ferguson fire being the smallest whereas
Chimney Fire showing several (Bear Fire also). It is expected for a model that is trained
on model data to exponentially over/under predict overtime, however the difference among
the three test cases could have been better explained in the text. Also, I would expect
to see a ratio timeseries (along with the map demarcations) so it is easier to interpret
accurately. In an attempt to explain the false positive/negatives, a mention of landscape
data limitation is mentioned here and wind speed, but the reader would appreciate a more
in-depth explanation/discussion. Also “Despite these challenges, the model performs
well, ..” is a bit of an overstatement given the results, toning that down may help meet
expectations.

To address this concern, we have added the following paragraph at the end of Section 3.1
to provide a more detailed explanation of the differences in false positive and false negative
patterns among the three wildfire cases:

The magnitude and spatial distribution of false positives and false negatives differ among
the three wildfire cases, reflecting intrinsic differences in fire behaviour across landscapes.
The Ferguson 2018 case exhibits relatively smaller error regions, whereas the Chimney
2016 and Bear 2020 cases show more pronounced deviations. This variation is likely
associated with differences in vegetation density, fuel continuity, and wind-driven spread
intensity across the study areas. Fires that propagate more rapidly or exhibit stronger
directional bias due to wind forcing generate more complex and rapidly evolving fire fronts,
which amplify autoregressive prediction errors over successive iterations. In contrast,
slower or more spatially constrained fires produce more structured propagation patterns
that are easier for the surrogate model to approxrimate.

In addition, because the ConvLSTM model does not explicitly incorporate detailed to-
pographic features or spatially variable wind fields as dynamic inputs, the model must
implicitly learn these effects from the CA-generated training data. This limitation may
contribute to the larger discrepancies observed in landscapes where fire spread is more sen-
sitive to environmental heterogeneity. Future work could integrate higher-resolution envi-
ronmental forcing and real-time satellite observations through data assimilation strategies
to dynamically correct prediction drift and improve long-term stability.

And we have moderated the wording to avoid overstatement in the conclusion part, as
shown below:

dictive capability within the tested scenarios and successfully captures key fire—firebreak
interactions.

. In sum, the authors undertake an important task, including fire breaks (and their effi-
ciency) in fire propagation simulations. Among the pros the work’s easy reproducibility
tops the list due to a clear methodological break down. However, these series of ex-
periments are limited in capacity since they fall short of considering wind (speed and
direction) as well as topography. The manuscript has room for improvement, especially
through a solid discussion of results.

Thank you for this balanced and constructive summary. We agree that the current exper-
iments adopt simplified wind forcing assumptions and do not yet include explicit topo-
graphic inputs in the ConvLSTM model, which constrain direct operational realism. To



address this, we have added a dedicated discussion paragraph at the end of Section 3.1
clarifying these methodological choices and their implications. We have also strengthened
the Conclusion section to emphasize that the present study represents a proof-of-concept
framework and to outline future work incorporating spatially and temporally variable
wind fields, gust dynamics, and explicit topographic inputs.

While the results demonstrate strong predictive capability within the tested configurations,
it is important to recognize the methodological limitations of the current framework. Wind
speed, wind direction, and slope effects are incorporated within the CA simulations to
generate the training data. However, wind forcing was assumed to be spatially constant
within each simulation, and detailed topographic information was not explicitly provided
as dynamic input channels to the ConvLSTM model. In real wildfire events, spatially het-
erogeneous wind fields, gust dynamics, and terrain-induced flow effects can substantially
alter fire spread behaviour. These simplifications reduce the dimensionality of the train-
ing space and allow controlled evaluation of the surrogate modelling approach, but they
also limit direct operational realism. Future studies should incorporate higher-resolution
meteorological inputs and explicit topographic features as model inputs to better represent
complex fire—environment interactions.

2 Reply to referee 2

General comment

The manuscript presents an interesting and valuable comparison of machine learning (ML)
methods for wildfire prediction and introduces the integration of permanent and temporary
firebreaks. This is an important first step toward understanding how suppression strategies
influence fire spread. However, some sections and the figures need clarification and expansion
to strengthen the work.

Thank you for the positive assessment and for highlighting the contribution of integrating
permanent and temporary firebreaks into the predictive framework. We appreciate your con-
structive feedback. In response, we have revised and expanded several sections of the manuscript
to improve clarity, particularly in the description of model states, suppression mechanisms, and
methodological assumptions. We have also updated multiple figures and captions to enhance
interpretability and visual consistency, including adding clearer explanations, scale references,
and zoomed-in views where appropriate. These revisions strengthen both the presentation and
the discussion of results.

Technical comments

1. The complexity of wildfire behaviour depends on multiple environmental variables. While
the study includes vegetation density, canopy cover, slope, and wind, future development
of training datasets should incorporate additional critical factors such as fuel type (not just
vegetation density, but species-specific combustibility) and moisture content of soil /veg-
etation (highly variable across seasons and strongly influences ignition and spread).

Thank you for this insightful suggestion. We agree that incorporating additional environ-
mental drivers, such as species-specific fuel characteristics and soil/vegetation moisture
content, would improve the physical realism of the model. The CA simulator adopted in
the present study is intentionally simplified and does not explicitly distinguish between
fuel types or moisture variability, as the primary objective was to demonstrate the feasi-
bility of learning fire—firebreak interactions within a controlled framework. However, the
proposed surrogate modelling approach is not limited to this simplified CA formulation.
In future work, more physically detailed wildfire simulators that explicitly account for



heterogeneous fuel types and moisture dynamics can be used to generate training data.
We have expanded the Future Work section to acknowledge these factors and to outline
their potential integration into future training datasets to enhance predictive performance
under varying seasonal and environmental conditions.

. CA uses States 1-15, while ConvLSTM uses States 0-12. This difference may be confusing
to the reader. Recommendation is to include a table comparing or brief explanation of
CA and ConvLSTM state definitions and why/how numbering differs.

Thank you for this helpful suggestion. We have added a table comparing the CA and
ConvLSTM state definitions and clarified the rationale for the different state numbering
in Section 2.2.

The difference in state numbering between the CA simulator and the ConvLSTM model
(Table 1) arises from their distinct modelling objectives. The CA simulator employs a
more detailed state representation (States 1-15) to explicitly track physical fire processes
and firebreak degradation. In contrast, the ConvLSTM surrogate model adopts a simpli-
fied and compact state encoding (States 0-12) to reduce the complexity of the multi-class
classification task, improve training stability, and focus on the dominant fire and firebreak
dynamics relevant for prediction. Temporary firebreaks in both models follow the same
binary suppression logic and degrade over ten time steps; however, their numerical labels
differ due to this abstraction.

. The manuscript states “100% suppression for 10 time steps,” but does not clarify whether
suppression weakens progressively or remains full until expiration. Explicitly state if
suppression is binary or gradual during degradation.

Thank you for this helpful comment. We clarify that the suppression effect of a tem-
poral firebreak is binary rather than gradual. Specifically, a temporal firebreak provides
complete (100%) suppression throughout its effective duration and then ceases entirely
after 10 time steps, at which point the cell reverts to its original burnable state and fire
spread may resume if conditions permit. There is no progressive weakening during the
degradation process.

For clarification, we have updated the following sentence in Section 2.1 to avoid ambiguity
and to ensure that the temporal dynamics of firebreak effectiveness are clearly defined.

In the CA simulator, these temporary firebreaks provide complete (100%) suppression
throughout their effective duration of 10 time steps, after which they revert to their original
state, allowing fire spread to resume if conditions permit.

. Section 2.2 mentions the second channel for landscape data but notes it is zero-filled. Is
this topography? Explain “Currently, the second channel is unused, limiting the model’s
ability to incorporate terrain features. Future work should populate this channel with
detailed landscape data to improve predictive accuracy.”

Thank you for pointing out the need for clarification. The ConvLSTM model architecture
is designed with two input channels: the first channel encodes fire and firebreak states,
while the second channel is intended to represent landscape-related information, such
as topography and other static environmental features. In the present study, although
landscape data are available for the selected case studies, the number and diversity of
landscapes are insufficient to train a single, well-generalized model that effectively learns
across different terrain configurations. Consequently, the second channel is zero-filled in
the current implementation. As a result, each ConvLSTM model is trained separately for
a specific landscape, making the current approach landscape-specific.

The following paragraph has been updated to the Section 2.2.



The second channel was originally designed to include landscape-related data; however,
although such data are available for the selected case studies, the limited number and
diversity of landscapes are insufficient to train a single generalized model that can robustly
learn across different terrains. Consequently, this channel is zero-filled in the current
implementation. As a result, the ConvLSTM models are trained separately for each of
the three landscapes used in the CA simulations, making the current approach landscape-

specific.

. The results section could benefit from a short discussion on why scenarios with firebreaks
improve accuracy such as, firebreaks reduce randomness and constrain fire spread, making
patterns more predictable and easier for the model to learn.

We have added the following paragraph to Section 3.1 discussing why scenarios with
firebreaks lead to improved predictive accuracy:

In Figure 7, the improved predictive accuracy observed in scenarios with firebreaks can
be attributed to the reduced stochasticity and constrained fire spread dynamics introduced
by suppression measures. Firebreaks limit the spatial extent and rate of fire propagation,
thereby reducing the number of possible spread pathways and dampening the inherent ran-
domness of the CA simulations. This constraint leads to more structured and predictable
fire evolution patterns, which are easier for the ConvLSTM model to learn and generalize.
In contrast, scenarios without firebreaks exhibit more unconstrained fire growth and higher
variability, increasing the difficulty of accurately predicting long-term spread. As a result,
the presence of firebreaks not only mitigates fire propagation in the simulations but also
enhances the stability and learnability of the underlying spatio-temporal patterns captured
by the model.

. Figure 2: Needs a clearer caption explaining arrows and state transitions.

Following the reordering of figures, this diagram is now presented as Figure 3 in new
manuscript. We have revised the caption to explicitly explain the meaning of the arrows
and the associated state transitions, as detailed below.

Solid arrows denote deterministic state transitions, while dotted arrows indicate probabilis-
tic transitions, with the associated probabilities shown next to each arrow. Non-burnable
cells (State 1) remain unchanged. Burnable but unignited cells (State 2) ignite with prob-
ability Py and transition to the burning state (State 3) when one or more neighbouring
cells are burning. Burning cells (State 3) transition to the burned-out state (State 4) with
probability Ryumed down- Cells within permanent firebreaks (State 5) may still ignite with
probability Pym, bum. Temporary firebreaks are initialized at State 15 upon deployment
and deterministically degrade by one state at each subsequent time step, transitioning
from State 15 to State 6 over 10 time steps, after which the cell reverts to its original
pre-firebreak state.

. Figure 3: Add a scale bar for spatial reference.

As Figure 4 (formerly figure 3 in the old manuscript) is intended primarily to illustrate fire
propagation patterns and firebreak behaviour rather than precise geographic positioning,
we did not include an additional scale bar in the panel.

. Figure 4: This workflow figure is important to explain the workflow. Ensure it is explicitly
discussed in the text.

We have moved the workflow figure earlier in the manuscript and explicitly introduced it
at the beginning of Section 2. The figure is now presented as Figure 2 in new manuscript
and is accompanied by a new paragraph:

Figure 2 provides an overview of the data generation, model training, and prediction work-
flow used in this study. First, a CA simulator is employed to generate spatio-temporal
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wildfire propagation data under various environmental conditions and firebreak deploy-
ment scenarios. These CA-generated fire spread sequences, together with firebreak infor-
mation, are then used to train a ConvLSTM-based surrogate model. During inference, the
trained ConvLSTM model takes a sequence of previous fire states as input and predicts
subsequent wildfire evolution with significantly reduced computational cost. This workflow
illustrates the relationship between the physics-inspired CA simulator and the data-driven
ConvLSTM model, and clarifies how the two components are integrated in the proposed
framework.

. Colourscales: All figures should include legends and units for clarity (esp. Figure 1).

Thank you for this comment. For Figure 1, the displayed data are normalized and there-
fore do not have physical units. We have clarified this explicitly in the figure caption:

The Ferguson 2018 fire landscape presents mormalized data in slope, vegetation density,
and canopy cover (Fig.(a), (b), (¢), (d)). Similarly, the Bear 2020 fire depicts distinct to-
pographical and ecological normalized data, including slope, vegetation density, and canopy

distribution (Fig.(e), (f), (g9), (h)). Fig (a,e) are from © Google wildfire product.

Reply to referee 3

Some minor changes

1. Fig. 1: The images are not the same size and are not aligned. Please correct.

Thank you for this comment. Figure 1 has been reformatted to ensure consistent panel
sizing across all subfigures, with all panels properly aligned, shown in figure 1.

. Fig. 1: In the caption, it is better to put the letter beside the map that they are

representing.

Thank you for this suggestion. The panel labels have been moved to appear directly
above the corresponding maps, as shown in figure 1.

. For all the figures, you should check the captions and make them more understandable.

Thank you for this helpful suggestion. We have carefully reviewed and revised all figure
captions throughout the manuscript to improve clarity, consistency, and completeness. In
particular, we have clarified the meaning of symbols, state definitions, colour codes, and
evaluation metrics where necessary to ensure that each figure is self-contained and easier
to interpret.
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(c) Test example: Ferguson 2018

Figure 3: New figure B2. Cropped and zoomed-in view of Figure 8, with the background
neutralized to highlight the active fire scene and fire spread dynamics.
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Figure 4: New figure B4. Cropped and zoomed-in view of Figure B3, with the background
neutralized to highlight the active fire scene and fire spread dynamics.



Target 2 Target 4 Target 6 Target 8

Target 10 Target 12 Target 14
Prediction 2 Prediction 4 Prediction 6 Prediction 8 Prediction 10 Prediction 12 Prediction 14
Error 2 Error 4 Error 6 Error 8 Error 10 Error 12 Error 14

il

k! &2

at
K
k J.
)
a

Target 2 Target 4 Target 6 Target 8 Target 10 Target 12 Target 14

ra o

Prediction 2 Prediction 4 Prediction 6 Prediction 8

L &
L

Prediction 10 Prediction 12 Prediction 14

rror 6 Error 8 Error 10 Error 12 Error 14

-y
'ty
-

")
' |
X

. [ ..
) T

!

(b)

Target 3 Target 6 Target 9 Target 12 Target 15 Target 18 Target 21
Prediction 3 Prediction 6 Prediction 9 Prediction 12 Prediction 15 Prediction 18 Prediction 21
Error 3 Error 6 Error 9 Error 12 Error 15 Error 18 Error 21
I E A L 7
I - ‘[r' R . e, -,
£ - f v f T § e S N
s r Dy P Py
<+ "+ | IR £
== AT

(©

Figure 5: New figure B6. Cropped and zoomed-in view of Figure B5, with the background
neutralized to highlight the active fire scene and fire spread dynamics.
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Figure 6: New figure B8. Cropped and zoomed-in view of Figure B7, with the background
neutralized to highlight the active fire scene and fire spread dynamics.
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Figure 7: Runtime comparison of the CA model and the ConvLSTM (DL) model across increas-
ing spatial resolutions (128x128 to 768x768). The left axis shows execution time (seconds)
for CA and ConvLSTM when both are executed on CPU. The right axis shows execution
time (seconds) for ConvLSTM executed on an NVIDIA A100 GPU. Results demonstrate that
ConvLSTM inference is computationally expensive on CPU due to dense convolutional tensor
operations, while GPU acceleration significantly reduces runtime through parallel processing.
The previously reported “250x” speedup refers specifically to the comparison between GPU-

640 768

accelerated ConvLSTM and CPU-based CA under practical deployment settings.
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