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Abstract

Wildfires, especially extreme wildfires, can cause
prolonged damage to natural environments, human
lives and global economies. To mitigate these im-
pacts, enhancing wildfire preparedness is critical.
This research proposal introduces iFire Al, a col-
laborative project to develop a world-leading 3D
immersive visualisation system that enables users
to experience and understand extreme wildfire sce-
narios. iFire AI utilises our advanced 360-degree
immersive system AVIE, which visualises interac-
tive landscapes and wildfire events enhanced by Al
techniques. Firstly, we propose a deep learning
model for wildfire behaviour modelling that gen-
erates minute-resolution wildfire progression infor-
mation for immersive visualisation, supported by
a Sim2Real pipeline that integrates simulated and
real-world data to address data insufficiency and
enhance model development and evaluation. We
also explore 3D tree reconstruction using 3D Gaus-
sian splatting, creating visually realistic and com-
putationally efficient tree models. iFire Al can en-
hance users’ risk perception, situational awareness
and collaborative decision-making, and thereby re-
duce risks due to extreme wildfires and promote
sustainable development.

1 Introduction

Wildfires are unplanned, unpredictable and erratic fires af-
fecting vast open areas and urban interfaces [Tedim et al.,
2018]. As one of the most dangerous natural disasters, wild-
fires, especially extreme, cause irreversible damage to both
natural and urban environments and impact life and property
[Drummond er al., 2020]. In early 2020, Australia experi-
enced its largest bushfire, which burnt 19 million hectares,
impacted over three billion wild animals [van Eeden and
Dickman, 2023], killed at least 34 people and affected 450
people from smoke inhalation [Borchers Arriagada er al.,
20201, and caused up to 100 billion US dollars in economic
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Figure 1: An overall framework of iFire Al

losses. In early 2025, the Los Angeles wildfire killed 29 peo-
ple and economic losses were estimated to reach $250 billion.

To mitigate such losses, it is essential to understand wild-
fire behaviours by offering education and training sessions for
residents and firefighters, enhancing their risk perception, sit-
uational awareness and collaborative decision-making against
wildfires [Drummond et al., 2020]. With the development
of computer technologies, researchers and developers have
been exploring more realistic wildfire simulations and more
immersive wildfire visualisations [Cortes et al., 2023], en-
abling users to safely experience wildfire scenarios under dif-
ferent conditions without exposing users to dangerous wild-
fire zones.

1.1 iFire: 3D Immersive Visualisation for Wildfire

UNSW’s iCinema Research Centre launched the iFire project
in 2021, aiming to develop the first fully immersive wild-
fire visualisation system [Del Favero et al., 2024; Brits et al.,
2024; Tirado Cortes et al., 2024]. It translates the 2D wildfire
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spread into a 3D space using Unreal Engine 5 (UES) and then
visualises them on our design-registered 360-degree 3D im-
mersive visualisation system AVIE [McGinity et al., 2007].

Compared to existing 2D [Crawl et al., 2017; Miller et al.,
2015; Finney, 2006] and 3D [Byari ef al., 2022; Castrillén
et al., 2011] visualisations, our immersive visualisation sys-
tem allows a more intuitive overview of wildfire by allowing
full immersion of users inside a fire event with a better sense
of how extreme fires interact with different landscapes and
environmental conditions [Cortes et al., 2023]. Also, unlike
other immersive visualisation platforms [Hoang er al., 2010;
Lino er al., 2021] such as virtual reality [Lino er al., 2021],
iFire allows users to physically collaborate with each other
in wildfire scenarios. Therefore, iFire is suitable for appli-
cations such as wildfire training and education [Brits e al.,
2024], and has thus attracted strong engagement from stake-
holders such as FRNSW.

1.2 Project Proposal: iFire Al

With the rapid progress of artificial intelligence (Al), par-
ticularly deep learning (DL), data-driven approaches have
demonstrated significant success across numerous fields due
to their ability to automatically learn complex patterns from
real-world data. Motivated by these advances, we launched
iFire Al in 2025 as an extension of iFire, aiming to feasibly
integrate recent advanced Al technologies for extreme fire vi-
sualisation [Song et al., 2024]. As shown in Figure 1, we
mainly focus on DL-based wildfire behaviour modelling and
3D Gaussian Splatting (3DGS) based tree modelling.

DL-based Wildfire Behaviour Modelling. In our previ-
ous version, iFire, wildfire scenarios were dynamically gen-
erated using physics-based models such as SPARK [Miller et
al., 2015] and WRF-SFIRE [Coen et al., 2013]. However,
these models rely solely on handcrafted physical rules or em-
pirical formulations [Penney and Richardson, 2019] and are
therefore often limited in scalability when applied to.complex
landscapes and varying weather conditions [Moinuddin et al.,
2024]. As a result, DL-based wildfire behaviour modelling
has emerged as a promising direction for enhancing model
performance. By learning from real-world wildfire scenarios,
such models have strong potential to capture complex dynam-
ics beyond those explicitly encoded by human-designed rules.

In this project, we aim to design a deep learning (DL)
model tailored for immersive visualisation. While deep learn-
ing has been explored in prior wildfire studies [Li er al., 2024;
Radke et al., 2019; Shadrin er al., 2024], existing approaches
primarily focus on wildfire forecasting by predicting fire
perimeters or spread masks at coarse temporal intervals (e.g.,
daily or hourly scales), which are not well suited for im-
mersive visualisation. In contrast, our model is designed to
generate complete wildfire spread scenarios, conditioned on
landscape, weather, and ignition inputs. Rather than pre-
dicting discrete fire perimeters at fixed time intervals, the
model produces a fire-arrival-time map, where each pixel rep-
resents the estimated arrival time of fire in minutes, enabling
minute-level temporal representation and meter-level spatial
resolution for immersive visualisation. To effectively lever-
age deep learning while addressing the scarcity of real-world
wildfire data, we introduce a Sim2Real pipeline in which the

model is trained on simulated data and subsequently evalu-
ated and adapted using real-world observations. We describe
the data collection processes for both simulated and real-
world datasets, along with a model adaptation strategy based
on pseudo-labelling derived from final burnt areas. Unlike
conventional wildfire forecasting studies that primarily focus
on prediction accuracy, the novelty of this work lies in the
formulation of wildfire behaviour modelling for immersive
visualisation, the proposed Sim2Real development pipeline,
the integration of simulation and real-world wildfire datasets,
and the deployment of Al-generated wildfire scenarios within
a collaborative immersive environment.

3DGS-based Tree Modelling. In wildfire scenarios, trees
are core elements, and realistic tree modelling is therefore
essential for enhancing immersive visualisation. However,
in our current visualisation system, trees are manually re-
constructed, making high-quality 3D mesh generation time-
consuming. This component explores 3DGS [Kerbl et al.,
2023] for 3D tree reconstruction in wildfire environments,
enabling the creation of visually realistic, computationally
efficient, and dynamically interactive tree models. The pro-
posed pipeline begins with the collection and preprocessing
of tree video data and concludes with the generation of 3D
tree meshes using advanced 3DGS-based methods [Guédon
and Lepetit, 2024; Zhang et al., 2024]. This approach aims
to bridge the gap between high-fidelity vegetation modelling
and real-time environmental interaction, thereby advancing
the capabilities of immersive wildfire training applications.

1.3 Major Contribution

The major contributions of iFire Al are fourfold. First, we
formulate wildfire behaviour modelling for immersive vi-
sualisation through a minute-resolution wildfire progression
representation. Unlike existing DL-based models [Li ef al.,
2024; Radke et al., 2019] that primarily predict fire perime-
ters at coarse temporal intervals, our formulation enables
continuous reconstruction of wildfire dynamics suitable for
interactive rendering and immersive training environments.
Second, we propose a Sim2Real development pipeline that
combines simulated and real-world wildfire data for model
training, adaptation, and evaluation. This framework ad-
dresses the limited availability of high-resolution wildfire ob-
servations while supporting the development of data-driven
wildfire behaviour models. Third, we investigate 3D Gaus-
sian Splatting (3DGS) for vegetation reconstruction in wild-
fire environments, enabling the generation of visually re-
alistic, computationally efficient, and dynamically interac-
tive tree models for large-scale immersive visualisation. Fi-
nally, we integrate Al-generated wildfire scenarios and re-
constructed vegetation models into the AVIE immersive visu-
alisation platform, providing a collaborative environment for
wildfire training, education, and research.

1.4 Collaborations

iFire Al is a multidisciplinary project that brings together ex-
pertise in fire science and artificial intelligence across UNSW,
Fire and Rescue New South Wales (FRNSW), and interna-
tional partners. iCinema at UNSW leads the project, driv-
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Figure 2: iFire system with tablet-based control. Left: User-defined weather and ignition inputs are processed by a DL model to generate fire
behaviour outputs, which are modelled using Unreal Engine. Right: The tablet user interface for interactive control and visualisation.

ing the development of Al models and immersive simula-
tion technologies for 3D visualisation, while the School of
Computer Science and Engineering at UNSW co-develops
the AI models and provides technical expertise in deep learn-
ing and computer graphics. FRNSW contributes operational
knowledge in urban interface firefighting, supports emer-
gency training applications, and assists with data acquisi-
tion. Bushfire Research at UNSW and CSIRO/Data61 pro-
vide fire science expertise, supporting and refining simulation
models such as SPARK through insights into fire dynamics,
weather influences, and real-world case studies [Sharples and
Hilton, 2020; Sharples e al., 2016]. In addition, iFire Al col-
laborates with European partners, including the Royal Col-
lege of Art for creative industry applications and the Euro-
pean Network on Extreme Fire Behaviour for emergency
services use.

2 3D Immersive Visualisation System

360-degree Immersive Visualisation System. We develop
a system capable of taking users on a virtual and visual ex-
perience of wildfires. This involves the use of our 3D cin-
ema AVIE, a 360-degree 3D immersive and interactive cin-
ema. As shown in Figure 1, this system exhibits wildfire sce-
narios on a 360-degree screen with a 4K resolution. Users
wear 3D glasses to enable a tangible experience of the fire
ground. AVIE supports multiple users todirectly interact
with each other, with no occlusions of the views. It is a
promising visualisation system that has previously success-
fully deployed for multiple projects [Del Favero et al., 2023;
Del Favero et al., 2005). Therefore, AVIE can be an ideal
visualisation system to maximally visualise wildfires.

3D Reconstruction. We use UES, the most advanced 3D
computer graphics game engine, to reconstruct the 2D wild-
fire scenarios at the urban interface in a 3D space. We fol-
low the provided landscape maps and weather data to build
the terrain and wind models. Fire rendering is built upon
the existing particle system using wildfire progression re-
constructed from the predicted fire-arrival-time and crown-
fire activity maps. Extra particles are created to simulate
smoke and embers, with hard-coding to simulate their be-
haviours. For tree modelling, we currently test two ap-
proaches to improve realism and help maintain robust real-
time performance. In pine trees, we use SpeedTree [Xiong
and Huang, 20101, a leading software for digital vegetation
development, to procedurally generate full tree structures. In
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Figure 3: Our proposed DL-based wildfire behaviour modelling.

grassland trees, we combine photogrammetry, which gen-
erates high-resolution 3D trunk models from photos, with
SpeedTree to refine and extend scanned tree trunks with pro-
cedural 3D branching structures.

Interactive Control. A tablet in our system allows users
to control the visualisation system remotely by touching the
tablet screen [Flores Gonzalez et al., 2025]. As illustrated
in Figure 2, the tablet shows simplified landscapes and fire
spread, as well as values of essential parameters such as wind
and temperature conditions. In addition, we design two main
interactive functions: perspective switch, which allows users
to switch between aerial view and ground to crown view
and hence providing situational awareness from multiple an-
gles essential for understanding the complex variables affect-
ing fire behaviour, and progress control, which controls the
progress of the fire spread, which can reduce visual clutter in
the immersive environment.

3 DL-based Wildfire Behaviour Modelling

For wildfire behaviour modelling, our model architecture can
be designed as in Figure 3. First, the model takes three cat-
egories of input variables. Landscape information is repre-
sented as multi-channel maps that include topography, vege-
tation, and fuel characteristics [Ryan and Opperman, 2013].
Weather conditions are provided as tabular data capturing
temperature, wind speed and direction, and humidity. Fi-
nally, the ignition is a two-dimensional coordinate indicating
the point of fire initiation. To integrate these three inputs,
we first crop the landscape maps so that the ignition is cen-
tred, so that all fires originate from the centre of the image.
Then, the maps can be encoded using image encoders, such
as ResNet [He et al., 2016] or Vision Transformer [Dosovit-
skiy et al., 2021]. The weather information can be encoded



PRELIMINARY PREPRINT VERSION - DO NOT CITE

This is not the version of record. The final version will appear in the Proceedings of JCAI-ECAI 2026.

-~

A, )
Ignition X/ @ Match o
- » I 4 - 3 .
o T % Burnt Area Location PN
WRF-Fire Spark N . _— | —"
il 5 ARt
i R Match
: ! Simulation Dataset Ul Valid: Real World Dataset
’ o Ignition FireDate | . |gnition in boundary
1 Optlmlsy lat/lon v BurntArea < 1day lEvaluate
£ 3 i o o , i3 ¥ o
— R TP o o e = )
N (g 1% 22N = o ==) - A
X ,;'{'f. ] o o v ’/{’I"l
Ma e ©
) Finetune I
»*g%} @ £ VN § e o £ TR
Ly [ 2 &5 SRS .,.n._,".,"*'--
;,{@‘,’r ’;f«'t ® ‘o 7 : a0 g ' Vi % 0

Final Burnt Area Label Model
(a) Train on Simulation

(b) Evaluation & Adaptation on Real Data

Figure 4: Illustration of our Sim2Real model development pipeline.

using a transformer-based tabular encoder [Li er al., 2024].
Both weather and landscape features can be fused via cross-
attention [Wei et al., 2020].

Then, our model is designed to produce two primary out-
puts and one auxiliary output. The first primary output is a
fire-arrival-time map, represented as a two-dimensional field
in which each pixel denotes the estimated arrival time of fire
in minutes as in [Jiang et al., 2023; Finney, 1998]. Com-
bined with the predicted burnt-area mask, wildfire progres-
sion can be reconstructed from the fire-arrival-time map. The
second primary output captures crown-fire activity, expressed
as a two-dimensional map that identifies the spatial loca-
tions where crown fire occurs. In addition, the model pre-
dicts a burnt-area mask indicating the final burnt extent of
the wildfire, which is used both for wildfire progression re-
construction and as an auxiliary task to support model train-
ing. To support these outputs, a multi-head decoder is de-
signed, where the fused features are fed into separate out-
put decoders for each task. Specifically, one decoder predicts
the fire-arrival-time map, a second decoder predicts the burnt-
area mask, and a third decoder predicts the binary or proba-
bilistic crown-fire activity map. Each head is optimised us-
ing a task-specific loss function, allowing the model to learn
complementary but distinct aspects of wildfire behaviour.

The model can be extended to predict auxiliary fire infor-
mation, if the data allowed, by adding extra headers. For ex-
ample, flame height can.be represented as a two-dimensional
map, where each pixel denotes the estimated flame height
(e.g., in meters) at the time the fire reaches that location,
which can be obtained via an image-based decoder.

3.1 Sim2Real Model Development Pipeline

Since our model is intended to generate wildfire scenarios
from ignitions, extensive training and evaluation data describ-
ing wildfire progression are required. However, obtaining
such data from real-world sources is currently impractical for
three main reasons. First, most available wildfire imagery is
derived from two categories of satellite data. For example,
Landsat and Sentinel-2 provide relatively high spatial reso-

lution of 30 meters but have revisit intervals exceeding ten
days, whereas MODIS and VIIRS offer daily observations at
the cost of much coarser spatial resolution of 1 km. Second,
the ignition points are extremely difficult to obtain, which are
either unreported or recorded with significant spatial and tem-
poral uncertainty. Finally, other relevant data, such as flame
height, are largely unavailable.

To mitigate this problem, inspired by [Li et al., 2024], we
plan to follow a Sim2Real pipeline to develop our model as
shown in Figure 4, which trains the model on simulated data
while adapting and evaluating it using collected real-world
data. The proposed Sim2Real framework aims to bridge
physically grounded wildfire simulators and data-driven wild-
fire behaviour modelling for immersive visualisation.

Train on Simulation. Training from simulated data can
be a promising way to build our DL model to learn basic
physical rules. To achieve this, we first construct a train-
ing dataset by randomly simulating wildfire scenarios us-
ing mathematical models [Finney, 1998; Coen er al., 2013;
Miller et al., 2015]. For the United States, we sample approx-
imately 10,000 regions, each covering 15.36 x 15.36 km2,
and obtain landscape data from LANDFIRE [Ryan and Op-
perman, 2013], resulting in 512 x 512 maps at 30 m spatial
resolution. All other inputs, including weather conditions, are
randomly sampled from existing weather databases. Finally,
fire arrival time maps are produced using FARSITE over a
24-hour simulation period. For Australia, wildfire scenarios
are generated using the Spark Simulator [Miller ef al., 2015]
with data from NBIC [Joshi ef al., 2025]. Preliminary im-
plementations of the wildfire behaviour modelling framework
have been reported in [Huang et al., 2025], providing initial
evidence for the feasibility of learning wildfire progression
from simulation-generated datasets.

Evaluation on Real-world Data. As shown in Figure 4b,
Collecting comprehensive real-world wildfire data with both
high temporal and spatial resolutions is impossible at the cur-
rent stage. To simplify the data collection process, we eval-
uate simulated burnt areas against real-world observations
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Figure 5: Pipeline of our 3DGS-based tree modelling.

at available time frames. Specifically, we first collect ig-
nition locations from existing fire occurrence databases, in-
cluding fire Occurrence data from MTBS [Eidenshink et al.,
2007] and USFS [USDA Forest Service, 2020] database. For
each ignition, we retrieve all available fire perimeters ob-
served between 8 and 26 hours after ignition from multiple
sources, including GeoMac [U.S. Geological Survey and U.S.
Forest Service, 2018], MTBS Fire Perimeter [Eidenshink et
al., 2007], Sim2Real-Fire [Li et al., 2024], and the Landsat
burnt Area Science Products [Earth Resources Observation
and Science Center, 2022]. We further filter out samples with
invalid ignitions, such as those located outside burnt areas or
cases where no valid fire boundaries can be obtained. In ad-
dition, as wildfire progression is often disrupted by firefight-
ing activities, we prioritise cases with larger burnt areas and
longer burning durations. Finally, model outputs are resam-
pled to the required spatial and temporal resolutions, and the
available frames are selected for comparison with the corre-
sponding ground truth. To improve diversity and reduce po-
tential sampling bias, we collect wildfire events across mul-
tiple regions, vegetation types, fire sizes, and environmental
conditions. A statistical analysis of key attributes, including
fire size, duration, and biome type, will be conducted after
dataset construction to assess dataset diversity and coverage.

Model Adaptation. To take full advantage of DL tech-
niques, the model needs to be adapted using the collected
real-world data through model fine-tuning and more ad-
vanced semi-supervised learning techniques. Our strategy
proceeds as follows. First, we use our simulation dataset to
train a new model (“Label Model” in Figure 4a) that incor-
porates a binary map of the final burnt area as an additional
input to generate fire progression outputs. Leveraging this
extra information, the model is able to produce more accu-
rate and realistic fire spread dynamics. Next, we select real-
world samples with burnt area ground truth available within
24 hours after ignition and use the new model to reconstruct
the full fire progression. The newly generated burnt areas at
intermediate time steps are then treated as pseudo-labels and
used to facilitate semi-supervised learning.

3.2 Integration for Visualisation

To let users control the parameters, we first add a variable
control function on our tablet, which allows users to reset
weather conditions, switch landscapes and select ignition lo-
cations. These parameters are used to prepare the inputs and
sent to our wildfire simulation model to generate the corre-

sponding wildfire scenarios. UES5 loads these data to recon-
struct the 3D scenario. For the fire spread, it follows Sec-
tion 2 to read the fire-arrival-time map to render burning and
burnt regions over time. Then, the crown-fire activity maps
are used to control the flames on trees. Flame height informa-
tion, if available, can be used to control the shapes of flames.
By utilising the data provided by our DL-based simulation
model rather than handcrafted modelling in iFire, we believe
the 3D reconstruction in iFire Al will be more realistic.

4 3DGS-based Tree Modelling

Trees play a-crucial role in shaping landscapes, influencing
fire dynamics, and defining visual and physical character-
istics of forest environments. To accurately simulate these
complexities in extreme wildfire scenarios, it is essential to
develop realistic 3D tree models that capture not only struc-
tural and visual fidelity but also dynamic interactions with fire
and the surrounding landscape. However, tree reconstruction
presents significant challenges due to its complex geometry,
occlusions, variable lighting conditions, and diverse environ-
mental contexts. Unlike stationary, well-lit objects, trees ex-
hibit fine-scale branching, dense foliage, and intricate self-
shadowing, making their virtual reconstruction both compu-
tationally intensive and technically demanding. To solve this
problem, we propose to model trees using 3DGS, a new 3D
reconstruction algorithm that employs machine learning tech-
niques. The overall pipeline is shown in Figure 5.

Video Data Collection. The pipeline begins with video ac-
quisition for trees before and after burning. To record these
two states on the same tree, we plan to take the videos the
day before and after the hazard reduction burning events held
by FRNSW. In addition, the accuracy of the 3D reconstruc-
tion heavily relies on the quality of the input data. We use a
camera rig with known internal parameters or a smartphone
camera to capture a 360° side-view video of the tree. To op-
timise the data collection process, it is essential to maintain a
uniform focal length and constant exposure time throughout
the recording. Additionally, capturing the tree from various
angles, particularly focusing on thin and detailed parts, will
improve the overall quality of the reconstruction.

Data Preprocessing. Once the video data is collected, the
next step involves isolating the tree by eliminating irrelevant
background elements and improving processing efficiency.
This step ensures that the 3D reconstruction process focuses
exclusively on the tree’s structure, reducing noise and lead-
ing to a cleaner and more precise point cloud for further pro-
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cessing. We choose the Segment Anything Model 2 (SAM
2) [Ravi et al., 2024] to perform video segmentation, which
utilises interactive prompts across multiple frames to segment
the foreground tree structures effectively, with a streaming
memory mechanism to ensure the consistency of the segmen-
tations across frames. Then we extract 100-300 key frames
from the segmented video. These frames serve as input for re-
construction, where the COLMAP library [Schénberger and
Frahm, 2016] is utilised to initialise the point cloud. This pro-
cess involves estimating the external camera parameters (tilt
and position) by matching pixels between images, which is
accomplished in a matter of seconds.

3D Gaussian Splatting Processing. After preprocessing,
we perform 3DGS to reconstruct the trees. By refining the
parameters of each Gaussian, including position, covariance,
colour, and alpha transparency, 3DGS ensures that the ren-
dered images closely match the original photographs taken
from the camera positions. A differentiable renderer is used
to facilitate this optimisation, allowing for precise adjust-
ments based on the input data.

We directly use state-of-the-art 3DGS models such as
SuGaR [Guédon and Lepetit, 2024] and RaDe-GS [Zhang et
al., 2024]. SuGaR improved 3DGS by encouraging better
alignment with object surfaces and binding the coarse rep-
resentation to a higher-resolution mesh, allowing for further
refinement of surface geometry and fine details. RaDe-GS in-
troduces a rasterised method to compute the depth and surface
normal maps, improving structural coherence and depth accu-
racy by leveraging 3D geometry priors. Therefore, these two
methods provide efficient approaches to tree reconstruction,
generating high-resolution 3D tree models as point clouds or
UV-mapped meshes.

3D Reconstruction. Our reconstructed trees will be opti-
mised to be integrated into UE5 using Houdini [Rhodes and
Diaz, 2025], which enables both radiance field - manipulation
and the generation of a low-poly proxy mesh for efficient ani-
mation. To animate the trees, the proxy mesh is rigged (given
an internal skeleton that can then be manipulated to create
motion) using SideFX Labs tools, and the extracted skeleton
is encoded into Pivot Painter 2.0 data, allowing branch and
foliage movement in UES. This approach eliminates the need
for computationally expensive physics simulations, allowing
for believable, dynamic motion while maintaining real-time
performance. We retain the current method of using fire prop-
agation masks and material blending techniques to simulate
tree burn progression over time using the texture transition
from a healthy tree to a burnt tree.

5 Evaluation Criteria

Deep Learning Models. When evaluating our deep learn-
ing models, it is important to consider the level of realism.
Model outputs should closely match the corresponding ref-
erence labels, which can be evaluated via qualitative results
through visualisation and quantitative results through mathe-
matical evaluation metrics for both tasks.

For wildfire behaviour modelling, we use the intersection-
of-union (IoU) to compare the predicted regions against the
corresponding reference labels. To be more specific, the

Figure 6: iFire Al deployed within FRNSW training environments.

fire spread is measured at two levels. For temporal dynam-
ics, we convert the predicted fire-arrival-time map into fire
spread masks at selected time steps and compute temporal
IoU against the corresponding ground truth. To evaluate the
burnt area, we compute IoU on the final burnt area to assess
the spatial consistency of the complete wildfire progression
[Huang ef al., 2025]. This two-level evaluation strategy al-
lows both temporal wildfire progression and overall fire ex-
tent to be assessed separately. Finally, crown-fire activity
maps are evaluated using IoU as a binary spatial prediction.

For 3D tree modelling, Structural Similarity Index Mea-
sure, Peak Signal-to-Noise Ratio, and Learned Perceptual Im-
age Patch Similarity are used to assess reconstruction qual-
ity by comparing rendered images from different viewpoints
against reference observations [Kerbl er al., 2023].

Immersive Visualisation. For the wildfire visualisation
system, the level of realism is the most important evaluation.
The following aspects will be used: User-Centered Design
(UCD) [Endsley, 2011] and Design Thinking (DT) [Brown,
2009] methodologies to ensure that firefighter feedback di-
rectly informs the system’s development. UCD emphasises
iterative prototyping and user feedback, allowing us to as-
sess realism through structured evaluations at different design
stages. Meanwhile, DT provides a framework for understand-
ing user needs by encouraging physically dynamic research
and rapid iteration. To gather meaningful insights, firefighter
will be interviewed using a semi-structured protocol, com-
bining open-ended questions using specific prompts focused
on key realism factors such as environmental fidelity, fire be-
haviour, and sensory immersion. This allows participants to
freely express their experiences and perceptions. Addition-
ally, contextual inquiry will be incorporated, where firefight-
ers interact with the system while describing their thought
processes, and comparative questioning, asking them to com-
pare the simulation to real-world experiences. By integrating
these approaches, the level of realism can be systematically
refined based on expert feedback, ensuring the visualisation
system remains both immersive and effective for training.
Although expert evaluation remains the primary assessment
strategy, it will be complemented by structured user studies
and quantitative rating scales measuring perceived realism,
situational awareness, usability, and training effectiveness.
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Phase DL Model Tree Modelling Immersive Visualisation

2025 Simulation data collection, model Video acquisition& preprocessing.  Initial integration into the AVIE
development. platform.

I Real-world data collection and ini- Preprocessing, and model develop- Development and system refine-
tial deployment. ment. ment.

II Sim2Real adaptation using real- Tree model embedding and optimi- System integration and user-
world data. sation in UES. centred evaluation.

I Final Model deployment, bench- Final Asset deployment & material Deployment & stakeholder evalua-

marking and validation. evaluation.

tion.

Table 1: Implementation roadmap of iFire Al (each phase: 4 months).

6 Development Plans

Currently, we have demonstrated our iFire using a hypotheti-
cal pine plantation fire generated using the Spark simulator, a
grasslands fire in the Australian state of Victoria in 2022 and
the Bridger Foothills Fire in Montana, USA in 2021. Positive
comments and feedback have been received by our stakehold-
ers. Then, the current visualisation system has been deployed
by FRNSW for emergency services training shown in Fig-
ure 6 and the Australian Broadcasting Corporation (ABC) for
its online news divisions. Moreover, our AVIE 360-degree
platform is industrially scalable, with mobile variants (130°
and 100°) that have been deployed across over 50 interna-
tional venues. More details are in our iFire project page.

For the Al component, preliminary progress has already
been achieved. We have constructed simulation datasets us-
ing FARSITE and Spark and developed initial prototype mod-
els for wildfire behaviour prediction. Preliminary quantitative
results have been reported in [Huang er al., 2025], demon-
strating the feasibility of learning wildfire progression from
simulated wildfire scenarios. Ongoing work focuses on ex-
panding the real-world dataset and developing the proposed
Sim2Real adaptation framework. Our future plan will follow
the implementation plan in Table 1, mainly focusing on de-
veloping Al models, collecting required data and validating
the proposed framework.

7 Social Impacts

A report from the UN environment programme [Sullivan et
al., 2022] illustrates that wildfires can cause potentially long-
lasting damage to wildlife, humans and vegetation, impact-
ing around eight United Nations’ Sustainable Development
Goals (UN SDGs). iFire Al aims to contribute to these goals
by providing a wildfire simulation and visualisation system
for better preparedness, response and recovery for wildfires,
especially extreme wildfires, and thereby reduce risks. We
conclude that iFire Al has the following applications.

Firefighter Training. The main purpose of iFire Al is to al-
low experienced firefighters and incident commanders to en-
gage in simulated emergency situations under extreme wild-
fire events that impact urban areas. Our system allows fire-
fighters to see how different weather conditions can impact
extreme fire behaviour from diverse physical locations. This
also enables new firefighters to navigate and interact within
virtual scenarios, improving their situational awareness and

decision-making skills [Cortes et al., 2023].

Education. Beyond firefighter training, iFire Al also serves
as an educational tool for at-risk residents and volunteers, en-
hancing awareness during extreme wildfires in urban areas.
Through immersive visualisation, the system demonstrates
fire spread, smoke behaviour, and evacuation routes, help-
ing users develop situational-awareness and decision-making
skills. Interactive scenarios teach critical survival strate-
gies, including recognising high-risk conditions, understand-
ing wind-driven fire behaviour, and identifying safe and ten-
able zones [Cortes er al., 2023; Penney et al., 2019]. Guided
training modules tailored to different user groups further en-
sure accessibility for non-experts.

Research. In this project, we first leverage Al technologies
forwildfire simulation. This will enable future wildfire re-
searchers to better learn and explore fire behaviours through
our simulation platform. In addition, iFire Al is a typical mul-
tidisciplined project that can inspire research collaborations
among computer science, fire modelling, arts and climate sci-
ence for other wildfire projects.

8 Conclusion

This research proposal introduces iFire Al, aiming to de-
velop a world-leading Al-powered wildfire simulation and
immersive visualisation system. The immersive visualisa-
tion is built upon the world-leading 360-degree visualisation
platform AVIE, enabling multiple users to collaboratively in-
teract while experiencing realistic wildfire scenarios. For
the Al component, we propose deep learning—based wild-
fire behaviour models supported by a Sim2Real development
pipeline that integrates both simulated and real-world data to
enhance model robustness and accuracy. The proposed mod-
els are designed to generate physically meaningful and tem-
porally consistent wildfire progression information, including
fire spread dynamics and crown-fire activity, for immersive
visualisation and interactive scenario generation. To further
improve visual realism, we incorporate 3D Gaussian Splat-
ting (3DGS) for high-fidelity tree modelling. Finally, iFire
Al demonstrates how Al, environmental modelling, and im-
mersive visualisation can be integrated into a unified platform
for preparedness, training, and risk communication.

Disclaimer: Views expressed in the paper are those of the
authors and do not necessarily represent those of any affili-
ated organisations.
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