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summary

Wildfires are increasing in both frequency and severity due to climate change, which increases the need
for accurate and scalable fire modelling techniques. While existing simulation methods range from
statistical models to physics-based approaches, most high-fidelity models rely on idealized, synthetic
environments with complete scene knowledge. This limits their applicability to real-world forests, as
well as evaluation opportunities.

This thesis addresses this gap by investigating wildfire simulation directly on real-world scene recon-
structions using 3D Gaussian Splatting (3DGS). On the Feature Splatting framework, a complete
pipeline is developed that reconstructs forest scenes from aerial imagery and augments them with
semantic and material information.

A preprocessing framework is introduced to refine these reconstructions. It includes noise filtering, se-
mantic classification, procedural stem insertion, and material column completion. On this representa-
tion, a physics-based, particle-driven fire simulation model is implemented, which models heat transfer,
ignition, combustion, and fire spread directly on Gaussian primitives. The system is integrated into the
Nerfstudio framework.

The evaluation demonstrates that the proposed simulation reproduces several characteristic wildfire
behaviours reported in the literature. Fire spread increases with vegetation density and is strongly
influenced by wind direction and speed. Slope experiments confirm that fire propagates faster uphill
than downhill, with an accelerating increase in spread rate for steeper upward slopes. Wind-driven be-
haviour is qualitatively realistic, including faster burnout under stronger wind conditions. The simulation
is stable across repeated runs and performs consistently on synthetic scenes.

In addition to standard evaluations, this thesis also introduces novel testing scenarios, such as forest
obstruction experiments and burnt mass estimation. Results indicate that wind influence is slightly
overestimated, particularly in firebreak scenarios where residual flammable material enables fire to
cross barriers at lower wind speeds than expected. Burnt mass estimation reveals that the current
model underestimates total biomass loss. Further calibration of material properties and combustion
parameters is required.

Finally, the simulation is applied to real-world drone data. The system is capable of running wildfire
simulations on reconstructed forest scenes, but challenges remain, such as noise in the data, limitations
in semantic classification, and scalability issues, as these scenes are significantly larger

Overall, this work presents a novel and robust pipeline for wildfire simulation on Gaussian Splatting-
based scene representations.
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Introduction

Due to climate change, there is an increase in both the number and severity of forest fires globally [14].
This problem is expected to intensify in the coming decades [46]. Accurately modelling the behaviour
of forest fires is therefore crucial for forest fire prevention and management, as well as risk mitigation.

Over the years, various methods have been developed to simulate or predict forest fires. Some of the
main techniques include statistical modelling [104] [41] [17], and cellular automata [117] [47] [32] [123]
[25]. Even though these models are insightful, most lack the spatial and physical detail to simulate fire
behaviour in realistic, complex environments like forests. In recent years, there has been a shift towards
physics-based fire modelling [80] [74] [112] [35] [53] where interactions between vegetation structure,
combustion processes, heat transfer, and environmental conditions are explicitly simulated. Fire in
Paradise [35] and its successor Scintilla [53] are two noteworthy recent papers that model elements
such as tree geometry, ground moisture, plant combustion dynamics, heat transfer, char insulation,
mass loss, and fine fuel distribution. All these components improve realism and robustness in the fire
behaviour prediction.

In spite of these developments, an important drawback still exists. Most physics-based simulations run
on ideal, synthetic scene data with complete knowledge of terrain and vegetation structures. Models
work in a digital environment with complete knowledge of every tree, terrain feature, and other parame-
ters. Real captured data is often taken in less ideal conditions, where most of the forest is hidden from
view, weather conditions vary, and scene-capturing equipment has a restricted resolution. Therefore,
thorough modelling is not feasible for real-world applications. An example where this kind of modelling
is not realistic is the boreal forests in Canada, which are vast and dense, and ever-changing. In these
forests, NASA found the largest increase in extreme fire behaviour [14]. Most existing high-fidelity fire
simulations cannot be directly applied to real-world environments, since there is no translation between
the data structures and synthetic data they are based on, and a real forest. A second challenge is eval-
uation. Without the ability to model real-world scenarios, evaluation by means of comparison with real
wildfire observations remains difficult.

Recent progress in novel view synthesis offers a potential solution. 3D Gaussian Splatting (3DGS) is a
photorealistic scene representation technique that represents a scene with anisotropic 3D Gaussians.
Even though the primary use is novel view synthesis, its explicit representation proves to be useful
for scene modelling. Its speed, efficiency, and quality exhibit great potential for canopy modelling [82]
[103] [36].

This thesis investigates the simulation of wildfires in Gaussian splatting-based scene representations to
create a fire simulation that is able to run on real forest data without switching frameworks. For this pur-
pose, we extend the semantics-informed Gaussian Splatting framework called Feature Splatting [86]
with material representations, scene refinements, and create a physics-based particle-driven combus-
tion model to run a fire simulation on the Splatted scene. This will be done within the Nerfstudio [102]
Interface, to make it as accessible as possible. The goal is to create a pipeline to predict fire spread in
real forests, based on realistic scene capture footage. This thesis will mainly focus on modelling North



American boreal forests since these are subject to an increase in wildfires [14], and they are relatively
homogeneous in terms of tree species, mostly coniferous [11].

This study will investigate the following research questions

1. How can 3D Gaussian Splatting be used to reconstruct individual trees and forest patches with
material properties for fire behaviour modelling?

2. How can a physics-based fire simulation be implemented on reconstructed forest scenes based
on Gaussian Splatting?

3. How well does the fire behaviour simulated on splatted reconstructions match the outcomes of
known digital and real-world controlled burns?

The main contributions of this thesis include:

» A complete pipeline for simulating forest fire dynamics from aerial drone-style imagery using 3D
Gaussian Splatting reconstructions.

* A preprocessing framework to prepare reconstructed forest scenes for combustion simulation,
including semantic classification, noise filtering, procedural stem insertion, and material column
filling.

A physics-based particle-driven combustion model operating directly on Gaussian primitives, mod-
elling heat transfer, ignition, fuel combustion, and fire propagation.

Integration of the wildfire simulation into the Nerfstudio [102] framework, suitable for interactive
visualization.

* An implementation of a voxel hash data structure for acceleration.

Novel qualitative and quantitative evaluation methods of wildfire spread behaviour in reconstructed
forest environments.

* Application of the simulation on real drone data from the Open Forest Observatory [76].



Related works

The objective of this research is to bridge the gap between physically-based forest fire simulations and
practical applicability to real forest locations. We will provide a brief overview of relevant research that
has led up to this point.

2.1. General scene modelling

Scene representation focuses on mapping an existing 3D scene to a digital representation. It has
applications in fields such as remote sensing, medical imaging, robotics, construction, and gaming.
This makes it an important and widely applicable field of research. As we need to map an existing
forest patch into a simulation, we provide a brief overview of related work.

Initially, traditional Computer Vision (CV) based methods were the preferred approach [100]. These
methods mostly consisted of the steps of feature extraction, feature encoding, and classification. These
methods use basic image components like colours, shapes, and lines to understand the underly-
ing structure. Some early works include the work of Laveau and Faugeras [55], published in 1994,
which presented a method that makes use of existing relations between images, rather than a three-
dimensional model of the scene.

Structure-from-Motion (SfM) is a method that reconstructs a 3D structure by identifying common fea-
tures across multiple 2D images. Shimon Uliman introduced the first formal theory [109] in 1979. The
first applications were self-calibrating metric reconstruction systems [69]. According to Beardsley et al.
[10] methods varied from sequential [5] [8] [9] [39] [90] [122] to batched [40] [70] [105]. These meth-
ods were later applied to unordered internet photo collections and other scenes. After this, later works
increased the method to hundreds of thousands and millions of photos [94]. Schonberger et al. [94]
introduced a general-purpose method for SfM, as well as an implementation named COLMAP. In 2024,
Wang et al. introduced an alternative called DUST3R [114], which leverages deep neural networks to
directly predict dense correspondences and relative poses between image pairs.

In parallel to the research on recovering explicit geometry, methods were invented that store the ap-
pearance of a scene directly [34] [13] instead of the geometry, by sampling and reconstructing a 4D
function they call a Lumigraph. It describes the flow of light at all positions in all directions.

From 2019 onwards, novel view synthesis using radiance fields was introduced [64] [79]. The most
notable approach has been the introduction of Neural Radiance Fields (NeRF) in 2020 by Mildenhall
et al. [67]. In this method, an implicit radiance field parametrized by a neural network represents
light distribution in a scene without explicitly defining the geometry of the scene. From this implicit
representation, new views can be generated by querying the neural network. Even though the novel
views can be very realistic, NeRF requires a lot of computational power, so it can be slow to train
and render, as the neural network needs to be queried each time. Additionally, because of its implicit
representation, it is difficult to modify scenes, as well as to apply simulations to them. These limitations
have motivated the development of alternative representations that aim to preserve the visual quality
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while improving rendering efficiency and scene editability.

3D Gaussian Splatting (3DGS) [48] was presented by Kerbl et al. As opposed to the implicit neural rep-
resentation of NeRF, a scene consists of 3D Gaussian distributions (splats). Not only does this method
still obtain photorealistic results, but the explicit, pointcloud-like representation makes it lightweight,
fast, and editable.

A notable extension to 3DGS is called Feature Splatting (FS) [86]. The FS pipeline enriches the 3DGS
model with semantic information from vision-language models. This is done by distilling object-centric
vision language features (CLIP [87], DINO [77], SAM [50]) into the 3D Gaussians, which allows for
scene decomposition based on text queries. Additionally, the decomposed scene is synthesized using
physics-based dynamics and material properties. Then it is simulated and rendered using a particle-
based simulator. The semantic decomposition is very useful in our case, since different parts of a forest
(e.g. stone, wood, leaves) behave differently in combustion. Since the pipeline presented in this thesis
is built on such semantics and informed 3DGS represntations, we provide more detailed explanations
of 3DGS and FS in Section 3.

Recently, several applications of 3DGS to forest reconstruction have been presented. ForestSplat [97]
presents a large-scale forest monitoring system using 3DGS with consumer-grade drone footage. The
method generates canopy height maps with an accuracy comparable to LiDAR but at much lower cost.
Though this method is relevant to our research, its focus lies on monitoring tree growth over time, over
large land masses of hundreds of acres. Since our research has no need for monitoring over time,
the purpose differs, and it will not be used. DRAGON [38] combined drone and ground-level images
for building reconstruction using 3DGS. It addressed the viewpoint gap by extrapolating intermediate
views. Although this method is focused on urban scenes, it is relevant for combining multi-elevation
forest data.

The aforementioned methods usually provide appearance-based and semantics- or physics-informed
representations, but none consider the combustion and fire spread in addition to this. The method
presented in this thesis considers this as well.

2.2. Tree modelling

The 3D representation of plants has been categorised into three categories by Godin et al. [33], namely
global, modular, and multi-scale representations. In global representations, plants are viewed as a
whole, either in shapes such as tree crowns represented as ellipses and trunks as cylinders, or as
functional blocks, like carbon pools or water resistance. In modular representations, plants are de-
composed into repeating units like a graph. Thirdly, multi-scale representations describe the plant at
hierarchical levels of detail. In larger scenes, it might be useful to apply a multi-scale representation in
order to increase scalability, both for rendering as well as fire simulation purposes.

Among some notable examples of 3D plant representations, Bailey et al. [6] presented Helios, a plant
and environmental modelling framework with adaptable plug-ins of state-of-the-art biophysical models.
Metsanis et al. [68] developed a framework for modelling agricultural digital twin plants, where the
growth of a plant is observed and mapped in a digital twin. While this thesis does not focus on the
growth of plants, down the line, a forest fire digital twin could be created. Another work by Kochi et
al. [52] reconstructed plants as a point cloud using images with an improved SfM-MVS method. A
different approach was followed by Liang et al. [58] with the use of hyperspectral imaging, which helps
in segmenting plants from their background to build 3D plant models. Although this could help forest
scene recreation, for now, this work focuses purely on image-based input in order to make the system
as accessible as possible.

The tree reconstruction method developed by Li et al. [57] applies 3DGS to reconstruct leafless trees
and extract structural features like the Diameter at Breast Height (DBH). It achieves high accuracy on
detailed branching. While our focus is on leafy trees, the technique shows that 3DGS is effective for
fine-scale vegetation modelling.

Since conifer tree species have distinctive branch structures, several approaches focused on conifer-
specific representations. Meyer and Neyret [65] presented a cone-based pine tree model, where each
needle is a cylinder with a certain angle to a branch. Zhang et al. [121] presented a leaf polygon
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decimation method. Pirk et al. [80] represented leaves as 2D surfaces with a specified mass and area.
Upon combustion, the leaves’ surfaces shrink proportionally to their mass loss. The work of Mendoza
et al. [63] is potentially the most applicable to our research, as they dispersed Lagrangian particles
within a conical volume to present a conifer specifically. This point cloud-like representation can be
matched to a 3DGS object, as shown in Figure 2.1.

Needles

Figure 2.1: Simplified model of a conifer tree as presented by Mendoza et al. [63]

2.3. Forest modelling

Moving from modelling single trees to modelling forests, new challenges arise as forests are very com-
plex systems. They are large, dense, and ever-changing. It is essential to develop accurate digital
models of forests [72] to be able to simulate and predict forest fires. In addition, realistic models of
forests have applications beyond science, such as in training, education, the planning of urban or rural
environments, and (serious) games.

Forest geometry is often obtained using 3D measurement techniques, such as airborne or terrestrial
LiDAR, digital elevation models, or photogrammetry from aerial photography [72]. We can discern
between two branches of forest modelling.

One branch is the reconstruction of the forest from real-world measurements. An example is 3D Forest
by Trochta et al. [106], a terrestrial laser scanning application for detailed structural forest modelling.
Their application extracts important parameters of forest structure from the terrestrial laser scanning
data, as well as enabling tree and crown segmentation. Qiu et al. [85] presented the vision of the forest
digital twin paradigm for analysing forest spatial structure and monitoring tree growth. It must be noted
that the use of LiDAR point cloud data is not always feasible due to cost or location [57].

The second branch involves simulating forest behaviour, based on ecological knowledge and growth
models. This can be used for controlled experimentation and the study of forest dynamics under differ-
ent conditions. An example of this is a paper written by Makowski et al. [61] which presents a method
to design large-scale ecosystems based on plant growth and interactions, tropism types, and resource
competition, which basically grows a forest from scratch. Ecoclimates [78] focused on local variations
in climate by modelling the feedback loops between vegetation, soil, and atmosphere.

The FOR-instance dataset introduced by Puliti et al. [82] provided manually annotated tree segments.
The dataset distinguishes semantic classes specific to conifer forests, such as stem, woody branches,
live branches, terrain, and low vegetation. This level of detail is abstract yet detailed enough for the
combustion in our work. A later contribution by Puliti et al. [81] was the FOR-species20K dataset,
which focused on tree species classification. Since our study is limited to conifers without distinguishing
between subspecies, it will not make use of the FOR-species20K dataset.
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2.4. Combustion

Over the years, several approaches have been proposed to simulate fire and combustion. A common
approach is physics-based fluid simulation, where fire is treated as a reactive fluid and modelled by
solving the Navier—Stokes equations coupled with temperature, density, and combustion terms [120]
[124][45]. Even though these methods can produce very realistic results, they are computationally
expensive and typically require dense volumetric discretization.

Several works explicitly model heat transfer mechanisms. Melek and Keyser [62] proposed a linear
combustion model in which fuel, oxygen, and combustion products are represented separately. The
heat transfer is modelled in the form of convection and conduction. But in large-scale outdoor fire
scenarios, radiation plays an important role in ignition and fire spread over distance. Therefore, a
realistic representation of radiative heat transfer should be taken into account. De Ris et al. [21]
proposed a method of radiation fire modelling. It preserved full-scale flame heat fluxes by increasing
the ambient pressure as the scale is reduced. However, this approach was designed for controlled
scaling experiments and did not directly address heterogeneous, large-scale natural environments.

Another fire modelling approach is particle-based simulation. In 1983, the first systematic method for
particle systems expanding fire simulations was proposed by Reeves et al. [88]. Particle systems are
a technique used to model fuzzy objects, which are the basis of many fire simulation algorithms [116].
However, early particle systems were primarily designed for visual realism rather than physically-based
combustion or material-dependent fuel consumption.

Fuzzy objects, often sourced from remote sensing data, are objects that can only be defined and mon-
itored with a certain level of certainty. Molenaar et al. [71] proposed a method to estimate object
behaviour through field data sampled at different times by identifying fuzzy objects and their dynam-
ics. Our work exhibits uncertainty in both the geometric characteristics and the features extracted
from digital images. If a scene is not completely accurately defined, the fire simulation should behave
stochastically and account for local variability. Therefore, for this work, we chose a particle system to
simulate fire.

Particle systems are based on a number of particles, each consisting of a set of attributes. Attributes
can be location, lifespan, size, transparency, shape, speed, direction, acceleration, etc. The ever-going
motion of the particles over time will continuously change their properties.

One example of a particle-based fire simulation was presented by [42], who proposed a combination
of coarse particle grid simulation with GPU-based fine, view-oriented refinement simulations. While
this method produces visually convincing flames, it is not useful for fuel combustion or fire propagation
as these factors are simplified. For example, mass decayed exponentially instead of using material-
dependent combustion dynamics.

Nielsen et al. [73] argued that to model the underlying physics, simulations will look much more realistic,
and propose a physics-based combustion model, using mathematical models for the thermodynamic
properties of real-world fuels. However, their work only modelled a single flame.

Liu et al.’s FlameForge [59] is a volumetric combustion simulator that captures the multi-phase com-
bustion of charring materials, focusing on general wooden structures. It is not directly applicable to our
work, since they use a voxel representation of the geometry. Trees have complex branching structures
and a high surface-area-to-volume ratio, where voxel representations work better for dense volumetric
objects, which makes a voxel representation not ideal for our case. However, the material combustion
formulae are applicable.

2.5. Forest fire simulation

Forests add another level of complexity to fire simulation. Early models predicting wildfire worked
with Cellular Automata (CA), either working with a square [16] or a hexagonal grid [108]. Several
methods were presented, including a method using cellular automata to simulate wildfire propagation
[29] [107] [3]. For simulating complex fire behaviour, CA is too simple. Because of the simplified
discrete representation, grid distortions can occur.

The next generation of wildfire modelling can be divided into two main branches, empirical and physical
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Figure 2.2: Left: the hierarchical module structure presented by [35]. Right: The bounding boxed approach by [119]

models [7]. Empirical models basically try to describe the pattern, while physical models explicitly try to
capture the fundamental process. Empirical models are simplified mathematical models, but are able
to solve fire propagation fast [89] [111], while physical models often numerically solve equations for the
fluid dynamics and chemistry of fires [12] [2].

The new generation of wildfire models used both physical and empirical fire models, and even the
interaction of wildfire with the surrounding atmosphere. With the introduction of artificial intelligence,
new solutions have been developed. Sharma and Puskar [98] developed machine learning and neural
network approaches using factors like meteorology, terrain, vegetation, and infrastructure. Another
example is where Neural networks were used in [93]. Here, satellite imagery over large areas is used
to predict the occurrence of wildfires. Another work made use of meteorological data in combination
with infrared scanners to minimize false alarms in forest fire detection [4]. While these approaches
can be effective for forecasting fire occurrence or spread probability, they do not explicitly model the
physical combustion process itself. Since the objective of this research is to simulate fire behaviour in
a specific reconstructed forest scene, a physics-based approach is preferred.

Apart from methods that use a large set of data, some methods leaned more towards recreating the
fire combustion process digitally. Pirk et al. [80] presented a method for calculating the combustion of
botanical tree models by representing trees as connected particles. Built on top of this, the aforemen-
tioned paper called Fire in Paradise [35] scaled the combustion to fire propagation through an entire
ecosystem. This work had several notable contributions, such as a hierarchical module structure to
represent trees and physics-based combustion dynamics. Section 3 covers this paper in more detail.

In the follow-up work, Scintilla [53], the FiP forest fire model was expanded with several factors for
increased realism and accuracy. Factors were added, such as fire spread on the ground, in grass,
branch litter, and undergrowth vegetation, as well as the incorporation of fuel moisture, firebrands, and
turbulence of fire. Mechanisms presented in their work will not be used in our work since we want
to maintain simplicity as much as possible, for the results to reflect mainly the performance of the
Gaussian combustion.

Another approach by [119] presented a finite state machine approach. The simulation represented
trees in two parts, where the leaves were represented by spherical bounding boxes, and the trunk and
thick branches were described by columnar bounding boxes.

These models assume the fire simulation starts with a ground truth of the forest scene, represented in
the necessary tree representation. Figure 2.2 provides a comparison of tree representations. Realisti-
cally, there is no ground truth of the scene readily available for real-world forest fires.



Background

3.1. Neural Radiance Fields

Before explaining the method used in this paper, it is important to mention its predecessor, called
Neural Radiance Field (NeRF). NeRF represents a scene as a continuous function learned through
differentiable volume rendering. This implicit neural scene representation is parametrized by a Multi-
Layer Perceptron (MLP), which models the geometry and appearance of a 3D scene. Once it is trained,
the representation can be used to generate novel 2D views by integrating predicted colour and density
values along camera rays.

Even though NeRF greatly improved the quality in novel view synthesis, it still suffers from low training
and rendering speed [115].

3.2. Gaussian Splatting
NeRF Gaussian Splatting

~

( '

Parameters -

Splatting

|__|

Nl & Image space
|

i

1 1

- N\ D

Figure 3.1: The conceptual difference between NeRF and 3DGS. NeRF uses a neural network to create a volumetric scene
representation; rendering is done by querying an MLP for each point. 3DGS represents a scene as a collection of 3D Gaussian
distributions, and rendering is done by directly rasterizing the explicit primitives.

3DGS is a 3D scene representation method first presented by Kerbl et al. in 2023 [48]. It can be seen
as a successor or alternative to NeRF. Unlike NeRF, 3DGS makes use of an explicit scene represen-
tation, using Gaussian ellipsoids to model the scene for efficient rendering. Therefore, it has several
advantages over NeRF, such as faster training and inference times, being more interpretable, and fa-
cilitating editing. This is why, in this study, Gaussian Splatting is chosen over NeRF. Figure 3.1 shows

8
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a simplified schematic of the conceptual difference between the two methods.

3DGS representation
The method starts from a set of posed images, together with camera intrinsics and extrinsics, just like
NeRF.

In Gaussian splatting, a 3D scene is represented as a set of 3D Gaussian primitives represented by
the following parameters:

« Mean u;, € R? (The location of the point in 3D space)

+ Covariance ¥, € R3*3 (the anisotropic scale and orientation)

« View-dependent colour function f, € R (often modelled with low-order spherical harmonics)
* Alpha oy, € [0, 1] (opacity)

Each Gaussian implicitly defines a spatial density that determines how strongly it contributes to nearby
points in space and, after projection, to image pixels. This density can be written as:

1 _
G (o) = exp (@ ) "B - )
where k denotes the index for the k-th Gaussian.

Splatting and rendering
Given a set of 3D Gaussians and a camera, this step produces a rendered image that can be compared
to ground truth.

Rendering a view is achieved in two main stages. The first is a preprocessing step that projects the
Gaussians into screen space. And the second is a rasterization process with front-to-back alpha com-
positing.

Firstly, each 3D Gaussian is projected into image space using the camera projection 7 (-). The projected
mean is:

/JZ = W(Mk’)?
and the covariance is approximated using a first-order Taylor expansion:
Re=JE (DT,
where J denotes the Jacobian of the projection evaluated at 1. This results in a 2D Gaussian GJ} in
screen space.

Secondly, by alpha-compositing each primitive’s decoded feature, an image is created. For each pixel,
only Gaussians whose projection overlaps the tile the pixel belongs to are considered.

These Gaussians are sorted based on ascending depth of their means. The final pixel colour C,, is
obtained via front-to-back alpha compositing:

N-1 i—1
Cr=3 (ciai Grw [T (1= ey gf<u>)) :

where C; comes from the view dependent colour f; and «; denotes the opacity of the ith Gaussian at
the pixel from the projected Gaussian G [20].
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Figure 3.2: Optimization procedure. Point cloud initialized with SfM.

Optimization

The optimization step is visualized in Figure 3.2. The input is a sparse point cloud generated from
given images with associated camera paths based on Structure from Motion (SfM). The Gaussians are
initialized at the locations of the points in the point cloud. Adaptive density control is applied, which
is a process responsible for the pruning and densification of the Gaussians. Next, a camera position
and its respective image are sampled, and an image is rendered by the method mentioned above. The
resulting image is compared to the original image, and the loss is calculated and backpropagated to
optimize the number of Gaussians and their characteristics.

3.3. Feature Splatting

Feature Splatting, presented by Qiu et al. [86], enriches 3DGS with semantics from vision language
foundation models. This is achieved by distilling object-centric vision-language features into 3D Gaus-
sians. For this purpose, Feature Splatting appends an additional vector f; € R to each individual
Gaussian. The Gaussians are rendered in a view-independent manner since the semantics of an ob-
ject remain the same regardless of viewing directions.

CLIP [87] features are enhanced with DINOv2 [77] and the Segment Anything Model (SAM) [50] to
improve the quality of the Gaussian features. CLIP is a neural network developed by OpenAl that
connects text and images through a shared embedding space, which enables it to recognise visual
concepts semantically. DINOv2 is a self-supervised computer vision-only model released by Meta Al.
It excels at structural understanding of the scene, like depth estimation, textures, and geometry. SAM is
a segmentation Al model, also developed by Meta Al, that allows for promptable segmentation. Since
CLIP features are very coarse, if they are used alone, this results in low-quality 3D features.

SAM is used to generate a set of part-level masks, M. Given M and the coarse CLIP feature map F¢,
Masked Average Pooling (MAP) is used to aggregate a single feature vector

L Fe(i)
ZiEFC M(Z) * HFC()H

Zich M (i) ’

where i represents a pixel in the feature map. w is assigned to all pixels within the part segmentation.
If a pixel belongs to multiple parts, the average value of the features of all relevant parts is assigned.
The result is a SAM-enhanced CLIP feature map

w=MAP(M,Fg) = (3.1)

A shallow MLP is introduced to reduce the possibility of over-fitting. The rendered features Fisthe input,
and the output is two branches: the first is the DINO feature Fp, for its coherent part-level semantics,
and the second is the CLIP features F¢

Fo,Fp = MLP(F). (3.2)

Fcis supervised using the SAM-enhanced CLIP feature map using cosine loss. Fpis supervised using
the DINOv2 feature map using cosine loss. The CLIP term is scaled in the joint loss Lcszp + Lozyvo
with A = 0.1. The optimization uses DINO features as a mild smoothing term. The result is Gaussians
with regularized CLIP features.
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These features can then be matched to CLIP text embeddings for every vocabulary, using the CLIP
text encoder. Both positive vocabularies

L™ =’ bulldozer’. (3.3)
As well as negative vocabularies, for example:
L~ ="objects’ and ’things’, (3.4)

after which pairwise cosine similarity is calculated between the rasterized CLIP features of every Gaus-
sian and the text embeddings. Figure 3.3 shows an example of similarity estimations within a scene.

Figure 3.3: Example similarity estimation given the text prompt ‘A vase with flowers’. Example taken from FS [86].

3.4. Forest fire modelling system

Our work takes inspiration from the forest fire simulation by Hadrich et al. [35] titled Fire In Paradise
(FiP), which introduces a method for realistically simulating wildfires at the scale of forests. The paper
presents a tool with which fire can be simulated interactively, and the effects of various factors like
terrain, ecosystem composition, and counteractive measures can be tested.

The most relevant innovation for our work is their novel mathematical formulation for plant combustion,
as well as their two-phase combustion simulation, where the modules are updated based on heat
exposure, after which the heat flow system is updated. Some differences exist between their system
and ours. In FiP, the combustion is calculated on truncated-cone-like tree segments called 'modules’,
whereas our system uses Gaussian splats to represent material. The FiP system models heat flow as
a fluid simulation, whereas our simulation takes a particle-based approach.

Tree module structure

In FiP, each branch is represented as a truncated cone. The combustion of wood is calculated on
a module-level, which is defined as follows. A module M consists of a set of (adjacent) truncated
cones. A tree T is a set of connected modules. Each tree can be decomposed into different numbers
of modules depending on the desired level of detail. Finally, a forest F' is defined as a set of trees.

Since our work is based on 3DGS scenes, which are not hierarchical by nature, this structure will not
be adopted. However, hierarchy may be useful in the future for simulating large scenes.

Fire combustion model
The combustion process in [35] is calculated at module level. For each timestep, for each module, the
mass loss is calculated via

% = —k(Ta) c A, (3.5)
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where k denotes the reaction rate, dependent on the temperature T),. c is a dimensionless char insu-
lation parameter, and A is the pyrolysing front area, both depending on the tree geometry.

The reaction rate k(7,) is defined as

0 if Te < To,
k(Te) =nq S(Tg — To)/(Th — To)) if Ty < T, < T, (3.6)
1 if T > T,

And is applied with a constant 5. S(z) = 322 — 222 indicates a sigmoid interpolation function, from zero
to one for temperatures between T, = 150°C, and T = 450°C.

The wind speed u is accounted for in 7, where = 1 equals no wind, and 7 = (fmax — 1) S (u/uret) + 1.
A threshold velocity of us is defined, at which a maximum boost is reached.



Methodology

The aim of this thesis is to create a practical and reliable forest fire simulation based on physical pro-
cesses. An overview of the proposed system pipeline is presented in Figure 4.1. As discussed in
chapter 2, the capture of forest regions may involve different modalities, such as imagery, spectral
data, LIDAR data, etc. Given that forests can be very extensive, for usability, we assume that the data
we are working with is photos taken from a drone or aeroplane flying overhead.

The system takes photographs or a video of a scene as input. After preprocessing steps, to estimate
camera parameters for the input images and a sparse scene reconstruction, we compute a semantics-
improved 3DGS scene representation that allows fire simulation in the scene, including the prediction
of the movement of fire through the scene.

1. Input 2. Preprocessing 3. Feature Splatting
Image collection COLMAP for camera pose + initial point Gaussian scene +
> cloud estimation semantics are trained

Q\;f-\'—;

it

4. Classification and material assignment 5. Noisy Gaussian Removal 6. Stem insertion

format

m OR Camera data rewrite for Nerfstudio

trunk: 08
Live Branch 03

Woody B h 02
G::)ounii e 0.04 ‘ ‘
®

\

7. Fill column classes 8. Fire Scene initialized 9. Fire Simulation Runs

Initialize the fire
spread particles

Figure 4.1: The overarching pipeline of the system. From step 2, all is done within the Nerfstudio framework.

In the following sections, we provide more details on the individual steps.

13
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4.1. First stage: Semantic 3DGS Scene creation.
The first step in the pipeline is to convert captured video frames or images into a 3D digital scene as
the starting point for the fire simulation.

4.1.1. Data requirements

Even though one of the strengths of the pipeline is that it works with an unstructured set of photos of a
scene, it is useful to provide advice on certain guidelines. Following these guidelines will help to ensure
that the recreated scene contains as few artefacts as possible.

Diverse camera angles

The generally sparse views of aerial surveillance can create the problem that the recreated 3D model is
not realistic [37]. It is therefore recommended that the drones fly in a pattern so that the scene regions
are observed from different angles, ideally in a structured formation like a grid. Additionally, the camera
should ideally not be facing perpendicular to the ground but at an angle. The Open Forest Observatory
(OFQ) [24] created a drone data collection protocol, which can be used as a guideline for capturing
forest footage. Figure 4.2 shows two examples of forest capture missions in California.

Lightning conditions

Secondly, scene digitization is facilitated if the photos are taken with approximately the same lighting,
because different shadow structures can confuse the estimation of the camera positions. According
to [24], the best results are obtained when performing flights within 3 hours of solar noon to minimize
shadows.

Image overlap

The frames or photos must have a certain level of overlap to ensure that every part of the scene is
visible. OFO advises around 80% front and 70% side overlap for low-altitude oblique missions, and
90% front and 90% side overlap for high-altitude nadir missions.

Camera pitch (deg)
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Figure 4.2: Examples of an ideal capturing pattern. One larger and one smaller capture mission from the Open Forest
Observatory [76].

The better the data adheres to these points, the better the reconstructed scene is. In turn, a more
accurate scene representation will lead to a more reliable fire simulation.

4.1.2. Preprocessing steps

Gaussian splatting requires not only images but also camera intrinsics and extrinsics for input, as well
as an initial point cloud to enforce the structure. If the camera positions, angles, and intrinsics are
known, it is very useful to provide them to the preprocessing phase, as this can prevent artefacts. This
can be done by converting these properties into the input format used for FS. In case the data does
not include these elements, a preprocessing step is provided using COLMAP [95] [96]. COLMAP is a
standard Structure-from-Motion (SfM) and Multi-View Stereo (MVS) pipeline created by Schonberger
et al. [96] in 2016. It estimates camera extrinsics and intrinsics through SfM, which are then used in
the MVS pipeline to create a dense representation of the scene.
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There are more recent methods for SfM and MVS, like DUST3R [113], which is an Al-driven approach
that treats reconstruction as a regression problem using transformer models. It is robust to sparse,
unconstrained views. However, we decided to still work with COLMAP as we assume the images do
have a lot of overlap, and our image sets have many images. COLMAP has the additional practical
advantage that it has been integrated with Nerfstudio.

4.1.3. Forest Representation based onGaussian Splatting

To represent the 3D forest scene, we chose the method of 3DGS, with its implementation within Nerfstu-
dio. Nerfstudio [102] is an open-source tool designed to make NeRF or Gaussian splatting techniques
easy to use. It was chosen because it contains many extensions, has a user-friendly Ul, and good
documentation.

Among the included 3DGS approaches, Nerfstudio contains a fast and memory-efficient implementation
of Gaussian splatting called GSplat [118]. In Nerfstudio, the realization of the GSplat method is called
SplatFacto.

In particular, we built our work on top of Feature Splatting, a semantics-enriched Gaussian splatting
approach by Qui et al that enriches 3DGS with rich semantics from vision language foundation models.
The Nerfstudio FS version does not include the material dynamics, but they are not necessary for this
paper. Figure 4.3 shows how all the aforementioned methods relate and result in the FS implementation
used and adapted by this paper.

Gaussian Splatting

v v

GSplat Feature Splatting
Nerfstudio —» SplatFacto k > FeatureSplatting

Lightweight Nerfstudio version

Figure 4.3: The relation between GSplat, SplatFacto, and FS.

Given input images, camera intrinsics and extrinsics, and an initial point cloud, FS optimizes for a
unified Gaussian representation as explained in Section 3. Additional to optimizing for geometry and
texture, this method also infuses the scene with semantics using features from large-scale 2D vision
models. The result is that each Gaussian has the following properties:

« Mean p;, € R? (the point’s location in 3D space)

+ Covariance ), (the stretch/scale of the point)

« View-dependent color function f;, € R (often modeled with low-order spherical harmonics)
* Alpha ay, € [0,1] (transparency)

« Distilled semantic features as a learned latent feature vector.

4.1.4. Semantic segmentation

The material of an object has a large influence on the combustion process [49]. Since the vision
language models used in FS [86] allow us to estimate the similarity to the object or material a Gaussian
represents, it is very beneficial to use this in the calculations for fire prediction, not only to steer the
combustion behaviour, but also to identify which objects do not burn.

Since most of the scenes are coniferous forests, trees will be divided into different parts, or classes. It
must be taken into account that the 3DGS-based scene is a digital surrogate of the real forest scene,
so it is not infinitely precise.

The class division chosen for our approach follows the class division defined by the FOR-instance
dataset [82], which was created to provide ground truth annotations for tree segmentation algorithms.
In their work, the authors divide a tree into three classes:
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1. Stem: points belonging to the central tree stem axis.
2. Woody branches: woody material on the tree without any leaves or needles attached.
3. Live branches: branches with leaves or needles attached to it.

Given the relatively large scale of wildfires, this division is sufficiently abstract to be recognized from
afar, but distinctive enough to model the main differences in combustion.

As the scenes often include not only trees, but also other types of materials, like rocks, rivers, or man-
made objects which are either not flammable or have a certain type of combustive behaviour, a system
is defined to add and/or remove classes depending on the specific scene. To make this system user-
friendly and adaptive to a situation, we decided to make the classification adaptable by the user. A
JSON file can be edited to change the material list. A material is defined by the properties shown in
Figure 4.4.

Feature Splatting features Id (x,y,2)
Position (x,y,2) Name Int
Covariance . Flammable Int
Color SH Column Fill
Alpha Float
Semantic Vector . Color
Combustion Text Segmentation
Material = Positive Prompt
Area m2
Mass g Combustion
Temperature C Ignition Temperature
State State {0,1,2} Burn Rate
Heat Output
Extinguish Temperature

Figure 4.4: Properties stored with Gaussians. Beyond the standard properties like position, covariance, and colour, we store
combustion and material properties.

Class assignment

To assign material attributes across the scene, we segment the scene into regions with respective
material classes by means of a positive text prompt. This consists of a group of words that are distinctive
for that specific class. Each material text is converted into a semantic vector using the CLIP text encoder
[87]. The input prompt is tokenized into word pieces. Tokens are passed through a Transformer-based
language encoder, and the final hidden representation is projected into the CLIP embedding space [86].
Some examples of class specific text prompts are:

» Stem: "tree stem, bark, trunk, log, tree trunk, tree bark, wood”
 Live branch: "green leaves, leafy branch, foliage, green needles, green branch, leaves,”
* Rock: “rock, stone, boulder, granite, concrete”

In our 3DGS-based scene representation, each Gaussian in the scene contains a learned feature
vector. Each vector is passed through a small MLP, which produces a CLIP-aligned feature vector.
The semantic similarity between each Gaussian and the text prompt is computed using a dot product
between normalized vectors. Similarity scores are computed for each class prompt. The predicted
class for a Gaussian is assigned to the highest-scoring prompt. A confidence threshold was added,
where Gaussians with a score too low are assigned to the default non-flammable class. Figure 4.5
shows an example of the scene material classification.

Stem insertion

In 3DGS [48], the main goal is to recreate a scene to look like the images it is trained on. This means it
shapes the Gaussians to match the visible area. Therefore, pine needles are often more present than
the trunk, which is often occluded, as also explained by Puliti et al. [82]. Especially in dense forests,
the underlying, unseen forest structure is therefore less, if not unrepresented, in forest scenes. Since
tree stems and dry branches make an important contribution to the combustion, we provide the option
to reinsert stems within the scene.

Trunks are assigned by an algorithm that identifies local maxima in the canopy. By segmenting the
live-branch class assigned Gaussians, a canopy height map (CHM) is generated by discretising the
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Live Branch

Water

Dry Branch

Rock

Stem

Figure 4.5: Classification of the scene into materials defined by the user. On the left, the colours each material represents. On
the right, two example forest scenes.

horizontal plane into a voxel grid and storing the maximum height value of the live-branch typed Gaus-
sians within each cell. Next, the CHM is smoothed using a Gaussian filter with NaN-aware weighting
to ensure missing data does not bias neighbouring values.

Local maxima with a minimum prominence are selected as candidate treetops. The candidate treetops
are further validated by checking for vertical support. Only if a sufficient number of original 3D points
exist within a small horizontal radius beneath the peak location, the treetop is kept. This ensures that
noise maxima are not taken into account.

Because neighbouring peaks can belong to the same tree crown, spatial clustering is applied horizon-
tally. All peaks closer than a minimum distance are merged, and the highest point within each cluster
is assigned as the final treetop estimate. Figure 5.13 provides an example of the treetop detection on
a 20% inclined slope. This shows that the tree recognition works reasonably well on non-flat ground.

Finally, simplified stem geometry is reconstructed for each detected tree. For every treetop, stem points
are inserted vertically from approximately 80% of the detected canopy height down to ground level at
the same horizontal position. Woody-branch Gaussians are inserted in a cone-like manner, following
the simplified model of Mendoza et al. [63], as shown in Figure 4.7.

Ground removal

Another challenge raised by 3DGS scenes is the presence of noisy Gaussians at the edges of the scene.
For example, the scene may not be adequately represented, leading to large Gaussians. Since these
can incorrectly influence the fire behaviour, the noisy Gaussians need to be removed. Firstly, a ground
height map is estimated, using all ground material Gaussians. To reduce noise and remove extreme



41. First stage: Semantic 3DGS Scene creation. 18

10 10
Canopy Height Map (smoothed)

Canopy Height Map (smoothed) X_ Detected treetops,

X Detected treetops

Height
o

Figure 4.6: Peak detection in a canopy height map. Each cross depicts a detected treetop. The colour indicates the relative
height of the scene (purple = lowest canopy point, light green = highest canopy point

) Needles

Figure 4.7: Stem and dry branch insertion into the scene. The cone-like dispersion follows the simplified model proposed by
[63]

points, the vertical coordinates of the points are clipped based on percentiles. The filtered point cloud is
then discretized into a 2D grid with a cell size of approximately 0.5 m. For each grid cell, all points within
the cell are averaged to obtain an initial estimate of the ground height. Then, using a k-d tree nearest
neighbour search, empty cells are filled so the height map does not contain gaps. Finally, a Gaussian
filter is applied for smoothing. The ground map can also be used to set all underground Gaussians to
non-flammable, to make sure the fire does not unrealistically propagate through the ground.

Figure 4.8 shows an example of a ground map, and a before-and-after image of ground noise removal.
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Figure 4.8: Example of ground removal. Left: the scene and the corresponding height map. Middle: Gaussian scene before
ground removal. Right: Gaussian scene after ground removal.

Other sources of noise, such as the sky or scene boundaries, can also affect the simulation. These are
not explicitly addressed in this work. For the time being, manual editing of the Gaussian scene using
an external editor, such as SuperSplat [23], is recommended.

Column filling materials

As the classification is not entirely uniform, many areas, even if they are primarily classified as one type,
contain outliers. This is usually not a problem, except for a few types that are strictly non-flammable. If
not all Gaussians in that section contain the non-flammable material, the fire may still pass through the
material, as if jumping across to the other side via these 'stepping stones’. This can be seen in Figure
4.9, because not all Gaussians within the water are classified as ‘water’, fire can still spread through.
Therefore, we have decided that some classes have the property of filling an entire column with their
type, these being the classes 'water’ and ’road’. The scene is columnised, and for each column that
contains over a certain percentage of the column material, all Gaussians whose centre lies within the
column are assigned the class. This is visualized in Figure 4.10. This prevents fire from crossing under
the rivers or roads.

Figure 4.9: The occurrence that not all Gaussians in the river are classified as water, making it possible for fire to cross over to
the other side through the water.

4.1.5. Material-specific combustion parameters

To determine the degree of combustion based on the class, class-specific combustion values are used.
For values for the dried branches, the research conducted by Chen et al. [15, 28] is used. The values
for ignition temperature, maximum mass loss temperature, and burnout temperature depend on the
degree of heating. Currently, for simplicity, we use an average value. Each of these temperatures
changes with tree type [43] [99], material thickness [83], and environmental factors such as heat gain
[15] [91], wind [110] [92], environmental temperature, and air composition [84] [30]. Since these are
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Figure 4.10: Column fill procedure for a river scene. Left: Columnised heat map of Gaussians classified as water. Middle:
Class debug-view before column fill. Right: Class debug-view after column fill. The river is now solely filled with water-type
Gaussians, and fire can only cross over through the air.
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Table 4.1: Combustion parameters used in the wildfire simulation for the flammable scene classes. Burn rate ¢ controls the
mass-loss rate in Eq. 4.16, while the heat output parameter scales the energy released during combustion.

Class Ignition Temp. (°C) Extinguish Temp. (°C) Burn Rate ¢
Stem 300 120 0.02
Woody branch 260 100 0.05
Live branch 220 80 0.15

almost impossible to determine with certainty for a 3DGS estimated scene, we also use average values
for this. The values are shown in Table 4.1.

4.2. Second stage: Wildfire Simulation

Because the digital forest scene is a recreation, the exact physical properties of the real forest are not
fully known. Therefore, a purely physics-based simulation is not feasible, and certain generalizations
must be introduced. Fire spread is therefore modelled using a particle system, while the combustion
process itself follows a physics-based approach.

Fire Simulation Particle

Fire Simulation

Particles Particles (x,y,z) Temperature C
Gaussians on fire ratio Float Lifetime Int  Direction Vector3
Fire Particle basic speed m/s Age Int  Updraft Speed m/s

Figure 4.11: The relation between the fire simulation and the fire spread particles.

4.2.1. Fire spread particle motion

In the simulation, fire spread is modelled using a set of particles that represent the fire spread. Figure
4.11 shows the relation of fire simulation particles to the fire simulation. Each particle moves through
the scene according to three components: wind advection, thermal updraught, and a stochastic motion
term. The particle position is updated each timestep according to

Pt+1 = Pt + VwindAt + VupdraughtAt + dp Sp At (41)

where:
* p; is the particle position at time ¢
* Vuing IS the horizontal wind velocity
* Vupdraught 1S the vertical updraught velocity
* d,, is the particle’s random unit direction vector
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* s, is the particle’s individual speed factor
+ At is the simulation timestep

Wind Advection
Wind moves particles horizontally across the scene. The wind direction ¢ and speed w are converted
into a velocity vector in the ground plane:

cos 0
Vwind = W | sin (4.2)
0

The wind speed can be set within the Ul, and is based on the Beaufort scale [51], shown in Table 4.2

Force Description wind speed [m/s]
0 Calm 0-0.2

1 Light air 0.3-1.5

2 Light breeze 1.6-3.3

3 Gentle breeze 3.4-54

4 Moderate breeze 55-7.9

5 Fresh breeze 8.0-10.7
6 Strong breeze 10.8-13.8
7 Near gale 13.9-171
8 Gale 17.2-20.7
9 Strong gale 20.8-24.4
10 Storm 24.5-28.4
11 Violent storm 28.5-32.6
12 Hurricane > 32.7

Table 4.2: Beaufort scale of wind force [51]

Thermal updraught

Heat moves upwards primarily due to convection, where heated liquids or gases expand, become less
dense than their surroundings, and are forced upward by gravity, since more updraught invites more
oxygen to the fire, which increases the temperature even more, etc. This is a self-reinforcing cycle
[101], which is why the vertical updraught velocity is modeled as a nonlinear function of temperature:

clam T7 Tmin7 Tma:r - Tmzn K
Uupdraught(T) = Umin + ( p( T —T ) ) (vmax - vmin) (43)
max min

where

» T is the particle temperature

* Trin and T,,,. define the temperature range

* Umin and vy, are the minimum and maximum updraught velocities
* ~ controls the nonlinearity of the curve

The exponent v induces the effect that the stronger the fire, the higher the temperature, which produces
significantly stronger updraughts.

The resulting vertical velocity is applied as

0
Vupdraught = 0 (44)
Vupdraught (T)
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Random Particle Direction

Like every particle system, particles are assigned a random direction, which is a vector sampled uni-
formly on the unit sphere. Sampling directly from a sphere avoids directional bias that would occur if
each axis were sampled independently.

The direction vector is defined as
sin 0 cos ¢

d, = |sinfsin¢ (4.5)
cosf

where 0 € [0, 7] and ¢ € [0, 2] are random spherical angles.
Temperature-Dependent Particle Speed

Particles also receive an individual speed factor, within a range, depending on the temperature of the
particle

clam T, TminaTmax - Tmzn 7
St 1) = s+ (ST i) “ i ) (s, ) (“6)
To introduce variability in fire spread particle trajectories, Gaussian noise is added:
sp = clamp(spase(T) + ¢, 0.7, 1.3) (4.7)
where
€ ~ N(07 0’2) (4.8)

This component is included to prevent particles from following identical trajectories.

Particle Lifetime
Each particle exists for a finite number of timesteps L. At every update, the particle age increases by
one, and the particle is removed when

age > L (4.9)

Fire particle cap

To ensure that the fire spreads at a consistent rate regardless of the overall fire size, the maximum
number of active fire particles is dynamically adjusted based on the number of Gaussians burning at
that moment. Lower and upper bounds are defined for the total number of particles in the simulation.
The maximum allowed number of particles is then interpolated between these bounds according to the
fraction of Gaussians that are on fire relative to the total number of Gaussians in the scene. Currently,
for a scene of about 70 m?, the maximum ranges between 800 and 3000 Gaussians, but this can be
adapted for larger scenes. As a result, small fires generate fewer particles while large fires are allowed
to produce more particles.

Since particles are spawned from burning Gaussians, regions containing many Gaussians have more
potential spawning locations. Therefore, very detailed parts of the reconstructed scene burn faster.
This mirrors the effect that scene regions with more geometric detail, like branches and leaves, tend to
ignite and burn faster due to increased surface area and greater exposure to oxygen.
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4.2.2. Combustion: Heat Transfer

In this work, the thermal energy gain of a scene element is modelled as the sum of radiative and
convective heat transfer mechanisms. Conductive heat transfer is intentionally omitted since the scene
is represented using Gaussian splatting primitives, which are abstract volumetric elements that lack
explicit topological connectivity. Since conduction fundamentally depends on physical contact and
material continuity, it cannot be reliably defined between these independent Gaussian primitives. There
are several types of fire, as shown in Figure 4.12. For this work, we only focus on crown fire, as our
scenes solely include (conifer) trees. Inserting hedges and other low vegetation in the scene would
enable the surface fire to be modelled as well, as the two types are similar in behaviour. Fire particles
could be extended to multiple types, to account for ground fire and surface fire in the future as well.

5 YT{
s P

Surface fire Crown fire Groundfire
Low vegetation Canopy of trees smoulder

(max 1 m) 1200°C underground
800°C 500°C

Figure 4.12: The three types of fire in a forest fire [18]. Ground fire typically progresses much more slowly and can stay
burning for days or weeks. Crown fire burns the upper canopy and spreads rapidly. Surface fire burns low vegetation like
bushes, and its speed is between crown and ground fire.

Firstly, the net heat flux is computed taking the two heat transfer mechanisms into account. Heat flux
is the rate of heat transfer per unit area. the total heat flux ¢;.:; is expressed as.

Gtotal = Gradiation + Gconvection (410)

where ¢ is the heat flux in W/m?.

Radiation is the thermal energy exchange via electromagnetic radiation, which does not require a
medium or physical contact. It is modelled using the Stefan—Boltzmann law according to

Gradiation = ea(T;}ire - T;lurface)? (411)
where ¢ is the emissivity and o the Stefan—Boltzmann constant.

Convection is the transfer of heat through liquids and gases, such as air, given as

Jeconvection = hc(Tfire - surface)a (412)

where h, is the convective heat transfer coefficient.

The total heat gain @ in W is calculated, for a Gaussian with effective surface area A:

Q = qtotalA7 (413)

where ¢;.:q; i the total heat flux. Identical effective areas for convection and radiation are assumed
because Gaussian primitives lack well-defined geometric connectivity or visibility relations. The surface
area A corresponds to the effective exposed area of a Gaussian primitive. This area is approximated
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using the surface area of an ellipsoid. This is approximated using Knud Thomsen’s formula [66] with
the expression

aPbP + aPcP + bPeP\ 7
3
with the least relative error (+1.061% worst case) when p ~ 1.6075.

Sz47r(

Since Gaussian splats are an abstract representation of scene elements, it was decided to assign to
each Gaussian the average area of the surface area of all Gaussians. Since assigning the ellipsoid
surface to the Gaussians resulted in most Gaussians either burning out instantly or not setting on fire
at all, it was decided that the surface area would be kept abstract.

For each Gaussian, the temperature difference AT is calculated via the formula:
AT = QAt/(m cmaterial)s (4.14)

where At is the timestep, m is the mass of the Gaussian, and c¢,,,q:¢iq; iS the specific heat capacity of
the assigned material in Jkg= ! K1

As a result, we get the final temperature according to:

AT = QAt/(m cmaterial)- (4.15)

4.2.3. Combustion: Mass Loss
Mass loss represents the pyrolytic decomposition of the material as a result of a temperature-dependent
reaction. The mass-loss formulation follows the formulae from Fire in Paradise [35]. Mass reduction of

a Gaussian element is described by

dM
= k(D)4 (4.16)

where M is the remaining mass, k(T') is the temperature-dependent reaction rate [s~!], and ¢ denotes
the charring mass per unit surface area [kg m~—2]. We follow the previous work [35] for the specification
of the charring coefficient c. Because explicit char-layer dynamics are not modelled in the Gaussian
representation, this coefficient is treated as a spatially constant material parameter. A is the effective
pyrolysing surface area of the Gaussian [m?]. The reaction rate k is defined by Pirk et al. [80] as

0 IfTG < T,
kE(Tg) =14 S(Te — To)/(Th — Tp)) ifTy < T, < T, (4.17)
1 if T > Ty,

where T, = 150°C, and T} = 450°C, which denote the onset and full-activation temperatures of pyrolysis,
respectively. S(z) = 322 — 223 indicates a sigmoid interpolation function. The factor 1 represents wind-
induced cooling effects. Because wind cooling is modelled separately in the present work, 7 is set to 1,
which equals to no wind.

4.2.4. State dependent behaviour

After the heating calculations, the temperature of the Gaussians near the fire particles has increased.
Gaussians outside the influence radius remain thermally unchanged. The updated temperatures de-
termine the subsequent combustion state transitions (ignition, burning, or cooling) as shown in Figure
4.13, which are handled in later stages of the combustion update.

Within the scene, burning Gaussians are depicted in colour depending on their temperature, which
is based on the Temperature of Fire scale by the UK City Fire Protection services [54]. On top of
this, a small stochastic bias is added toward hotter temperature colours to make the fire more visually
interesting.
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If T > ignite_temp if mass =0

Figure 4.13: States of a Gaussian.

525°C (Just Visible) 1200°C (Clear Orange) 1500°C (Dazzling White)

900°C (Full Cherry Red) 1400°C (Bright White)

Figure 4.14: colour of Gaussians depending on temperature.

4.2.5. Scene scaling

Reconstructed Gaussian scenes do not inherently correspond to real-world spatial dimensions. For
example, a real forest scene may cover an area of approximately 100 x 100 meters, while the recon-
structed Gaussian representation occupies an abstract range such as [—1, 1] in the z- and y-directions.
As a result, distances in the 3DGS scene do not directly correspond to real-world measurements.

To account for this, a scaling transformation is introduced between the Gaussian scene coordinate
system and real-world units. All quantities such as distances, velocities, and areas are scaled to match
the real world. Then all processes that depend on spatial dimensions are calculated in real-world units.
After, the results are converted back into the Gaussian scene coordinate system used for rendering
and simulation.

4.2.6. Voxel hash speed-up
Within the simulation, 3DGS scenes include a lot of Gaussian Splats. The number of fire spread parti-
cles can reach high levels as well. For the update step, a naive approach is the following:

for each Gaussian: check distance to all fire particles

This results in a computational complexity of O(n - m), where n is the number of fire particles and m
is the number of Gaussians. As both quantities can become large, this approach quickly becomes
computationally expensive. Therefore, a voxel hash data structure is used to accelerate neighbour
queries. The scene is discretized into a 3D voxel grid, and each Gaussian is assigned to the voxel
in which its centre lies. Instead of checking all Gaussians in the scene, each fire particle only needs
to query Gaussians located in its own voxel and the neighbouring voxels. With this, the complexity of
neighbour queries is approximately O(n), assuming a roughly uniform spatial distribution of Gaussians.
Figure 4.15 shows an example of fire spread using the voxel hash.

4.3. Implementation details

The proposed system is implemented in Python and built on top of the Nerfstudio framework [102],
which provides the underlying infrastructure for Gaussian Splatting [48], and Feature Splatting [86].
Figure 4.16 shows the Nerfstudio viewer, and Figure ?? shows in close up the Ul adaptations for the
fire simulation presented in this thesis. Lastly, PyTorch is used for numerical computations and GPU
acceleration.
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Figure 4.15: A debug top-view of the fire spread using voxel neighbours. The orange circles indicate voxels that currently
contain fire particles.
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Figure 4.16: The interface within Nerfstudio. On the bottom right, the Ul additions for fire simulation of this thesis can be seen.
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Figure 4.17: Ul panel within the Nerfstudio interface, close-up. Left: the first options before the fire simulation is initialized.
Right: the fire simulation controls, which appear after the fire simulation has started.



Evaluation

5.1. Data

For the evaluation, this work initially employs synthetic data to enable controlled development of the
fire-simulation framework without being constrained by sensor noise and limited resolution. Using
synthetic environments allows the combustion model to be validated under fully known conditions. After
establishing correct physical behaviour in these controlled settings, the approach is later evaluated on
a captured scene from the Open Forest Observatory dataset [76].

All synthetic scenes used in this report were created in Blender [27]. Virtual camera trajectories were
designed to emulate drone footage. The renderings produce image sequences comparable to aerial
surveying footage. This way, the testing scenario is comparable to the real-life scene capture pipeline,
and full control over geometry, materials, and environmental parameters is maintained.

As illustrated in Figure 5.1, three types of low-polygon tree models were constructed by procedurally
scattering leaves with hand-drawn textures along a central axis. Taller tree variants additionally include
dry branches.

The terrain surfaces were generated using the A.N.T. Landscape Blender extension [26], which is a
tool for creating controllable large-scale elevation structures. Trees were then distributed across the
terrain using a Poisson disk distribution to prevent point intersection. A Fractal Brownian Motion [44]
texture is used to determine the spawning probability of each tree type. This approach introduces
natural clustering effects: nearby groups of trees grow taller as they compete for light, while sparsely
distributed trees are generally smaller [56]. The spawn chance is also affected by the steepness of the
terrain. Individual trees vary slightly in scale, rotation, and colour.

Figure 5.1: Tree and forest creation process in Blender.

27
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5.2. Hardware and system specifications

All experiments and simulations were conducted on a Linux workstation. The wildfire simulation was
executed using GPU-accelerated computations through PyTorch.The used hardware has the following
specifications:

* CPU: 11th Gen Intel(R) Core(TM) i9-11900KF @ 3.50 GHz (16 cores, x86_64 architecture)
» GPU: NVIDIA GeForce RTX 3090 with 24 GB VRAM
+ System memory: 64 GB RAM

Furthermore, our implementation has been developed under the following environment:

» Operating system: Ubuntu 20.04.4 LTS
* Python: Version 3.10.18

+ CUDA: Version 11.4

» PyTorch: Version 2.1.2 (CUDA-enabled)
* NeRFStudio: Version 1.1.5

5.3. Evaluation protocol

Qualitative analysis

The qualitative analysis strategy is based on prior work on wildfire prediction and spread modelling,
such as [119] and [35]. Direct quantitative comparison with existing approaches remains challenging,
as many published systems do not include publicly available code and frequently differ in input data
types, modelling assumptions, and intended outputs. Therefore, this section assesses whether the sim-
ulated fire behaviour reproduces physical and ecological patterns reported in wildfire research. Such
patterns include slope-dependent spread, wind-driven elongation of the fire front, fuel-density effects,
and obstruction-limited propagation.

Forest Cover

This experiment is inspired by the forest cover tests presented by FiP [35]. Fire spread is compared
across three scenes with different vegetation densities of 25%, 45%, and 90%. All other environmental
conditions were kept constant. In Figure 5.2, the timestamped frames show that higher fuel density
leads to faster, more continuous fire propagation, where the fire in a 90% density forest progresses
faster through the scene. The sparser the forest distribution, the less even the fire propagation. This
behaviour aligns with real-world wildfire dynamics, where fuel availability strongly governs spread rate.
To quantify and illustrate the fire behaviour, two graphs were created. The first, shown in 5.3 is a graph
showing the percentage of burning Gaussians over time. Several effects can be deduced from this. A
denser forest burns faster, but also burns out more quickly, whereas a sparser forest burns much more
gradually. The smoothness of the curve also shows that a sparser forest burns less consistently, where
the curve is ragged compared to a smoother curve for denser forests. The second graph in Figure 5.4
shows the burnt mass over time. It shows how denser forests burn more quickly.

As rendering is performed in a separate thread from the fire simulation, the same render time can result
in a different time in simulation, depending on the intensity of the fire. Therefore, a log file was kept
to keep track of the timestamps each frame belongs to, along with simulation data for plots. For fires
covering large areas, more calculations are needed. Hence, the differences in lengths in the top graph
in Figure 5.3.

Slope influence on fire spread

The next test mirrors experiments from previous fire simulation evaluations [119] [35] in verifying whether
the simulation adheres to the effect that fire travels faster uphill versus downhill. Figure 5.5 shows the
test fire movement at different time steps, for different angled slopes.

Two main observations can be made. Firstly, the results confirm that fire spreads more rapidly in
the uphill direction and more slowly downhill, which is consistent with findings reported in [119] [35].
Secondly, the graph shows that the rate of increase in fire spread speed grows with slope steepness
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in the uphill direction. In contrast, the downhill case exhibits a more linear relationship between slope
angle and spread rate. This behaviour is visualized in Figure 5.6.

These observations are consistent with existing literature. To this end, Rothermel's Rate of Spread
(ROS) must first be explained. This is an empirical formula developed by Richard C. Rothermel in
1972 to predict the forward speed of a wildland surface fire. Subsequent research has further analysed
the contribution of each of these factors. For example, Geng et al. [31] investigated the spread of
surface fires in Pinus koraiensis needle beds under no-wind conditions across varying slopes. Their
results show that as the slope increased from 10° to 20°, the ROS increased by a factor of 0.51, while an
increase from 20° to 30° resulted in a factor of 1.18. This indicates a non-linear, accelerating increase
in spread rate with slope, which supports the observation from our simulation. Nevertheless, further
evaluation is required to draw definitive conclusions.

Wind effect

To test the wind effect, two tests were conducted. Both on a flat forest scene of 90%, as the high tree
coverage removes the effect that tree placement has on fire spread, as the scene is practically evenly
scattered with fuel. Firstly, the scene was ignited with different wind speeds to show the effect on fire
spread. Figure 5.7 illustrates the effect of different wind speeds, for the same ignition point, and the
same wind direction. This shows that fire speed increases with wind velocity, the fire front becomes
more elongated in the wind direction, and the fire burns out faster. This confirms that the implemented
wind model produces the expected scaling of spread rate with wind strength. Figure 5.8 shows the fire
simulation with four different wind directions.

Forest Obstructions

The following section covers the effect of natural or man-made gaps in a forest. These evaluation
methods have not been adapted from other papers but are novel. In nature, natural breaks in a forest,
like rivers, can stop fire from spreading. To first test this, a synthetic forest scene including a river has
been created. Figure 5.9 shows the effect. In cases of severe wind, fire can still spread over these
gaps.

There are also man-made forest gaps, made to stop fire from spreading in case of a forest fire. There
are many firefighting organisations that have formalized a protocol for the size of these gaps, to make
sure fire is prevented from spreading. These gaps are called firebreaks and fuel breaks.

Firebreaks and fuel breaks are sections in a forest where vegetation is removed or reduced to interrupt
the continuity of combustible material.

A firebreak is typically a strip of land in which vegetation is removed down to bare mineral soil. Opera-
tional guidelines indicate widths on the order of 6 to 10 meters or greater, depending on local conditions.
Additionally, the guidelines recommend a minimum width proportional to nearby fuel height, commonly
two to three times the height of the tallest adjacent vegetation [22, 1]

Fuelbreaks (or shaded fuelbreaks) operate at a larger scale, and reduce vegetation density. The re-
quired width depends strongly on the slope of the terrain, wind-driven spotting due to embers, and fuel
characteristics. Recommended widths may reach several hundred feet; for example, approximately 90
meters on level terrain has been suggested in prior forestry guidance [22]. In addition to width, horizon-
tal crown separation is also critical. A minimum spacing of roughly 2.5 meters between tree crowns is
recommended on flat terrain, and increases with slope [1].

To test whether our simulation holds true to these guidelines, simplified analytical rules are adopted to
calculate the widths for fuel and fire breaks for our scenes.

Firebreak width is modelled as a bounded function of local fuel height:

Whire = clamp(3Hyyel, 0.6 m; 2.6 m). (5.1)

Fuelbreak width is governed by slope-driven flame extension, wind-driven spotting, as well as a min-
imum size depending on vegetation height. To ensure containment under worst-case conditions, the
required width is defined as the maximum of these contributing factors:
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Whgel = maX(Wslope7 Wind, 3Hfuel) . (5-2)

Figure 5.10 shows the schematic design of a firebreak for a situation without wind. The road in the
centre does not influence fire behaviour; it is just for realism, as roads are often used as fire break
locations for accessibility reasons, and it shows the centre of the scene in our case.

First, the results of the firebreak test without wind are analysed. This can be seen in Figure 5.11. It
is clear that, without the wind, the fire does not spread to the other side. However, it is evident that
as soon as there is some wind, the fire does spread. In this scene, all Gaussians beneath the ground
level were classified as ground Gaussians, as grassy Gaussians are often still classified as leaves. This
decision was made so the simulation is not influenced by the classification prompt setting and solely
predicts forest burning.

Figure 5.12 shows that up to a wind speed of 15 m/s, fire does not spread.

The conclusion that can be drawn from these tests is that the wind has slightly too much effect on the
movement of particles, as the fire does spread at wind speeds that are not particularly strong. This can
be taken into account in further developments of the model, as it is easy to adjust the extent to which
the wind influences the fire particles. Currently, the effect was 0.1 times the wind speed [19], but this
appears to be too strong for our simulation and must be reduced.

Quantitative analysis

Burnt fuel

It is interesting to investigate whether this model can predict the total amount of burnt mass in a scene,
as this relates to the amount of harmful gases released into the atmosphere.

To verify whether this is correct, it can be predicted from the synthetic scene that the scene has about
300 trees, each tree around 8 m tall. Each tree has, on average, 800kg of dry biomass [60]. In typical
forest fires, large trees rarely burn completely. While small branches and foliage (up to 10mm diameter)
are often 100% consumed, the trunk may only lose 5% or less of its mass due to its density and thermal
resistance. If we assume 30% of the tree is fully burnt, 72.000 kg is predicted to be burnt. Currently,
without stem insertion, the simulation predicts only 1500 kg of mass to be burnt. As Gaussians mostly
model the surface, it makes sense that the mass is far below the predicted value. The effect of stem
insertion on the predicted mass should repair this a bit. After stem insertion, the system predicted that
about xxx kg of mass was burnt. This is still not enough, though it is more realistic. This can be further
investigated. More stem Gaussians can be added per tree; the mass per stem Gaussian should be
recalculated.

Consideration has been given to fine-tuning the mass, starting with a single tree. However, since a
single tree splat scene contains far more Gaussians than the trees in the forests of the test scenarios,
this has not been done for now, as it would involve fine-tuning on a different scale. However, this would
certainly be a useful solution in the future.

Figure 5.13 shows the amount of mass burnt over a simulation.

Risk prediction on a real forest scene

A crucial test is to determine whether and how the fire simulation works with real forest images. For
this purpose, mission 001210 from the Open Forest Observatory drone dataset was used [75]. The
LiDaR point cloud was taken as the point cloud input, as well as the camera intrinsics and extrinsics
from the drone measurements. Some preprocessing was required. Firstly, the scene was scaled down
because most 3DGS scenes in Nerfstudio have a local size of around 2 abstract units. The camera
coordinates also had to be converted to local coordinates.

Figure 5.14 shows that a realistic 3DGS scene can be created from this input. Next, a fire simulation
was performed on the scene, as shown in Figure 5.15. Currently, the scene was very tilted, which made
the fire propagate upwards.
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5.4. Ablation study

It is important to test the consistency of the forest fire model, as it is a stochastic simulation because it
depends on the movement of particles with a randomized direction. Therefore, 5 consecutive runs were
performed on the forest scene with 45% canopy cover. Figure 5.16 shows that the values for burnt mass
and percentage of burning Gaussians are very similar across each run, with a small standard deviation.

5.5. discussion

Overall, the fire simulation shows realistic baseline fire behaviour. The results show promising fire
spread dynamics influenced by forest density and composition, The fire behaviour is realistic regarding
the influence of wind speed and wind direction. Additionally, the model captures the accelerated burnout
of fire particles under stronger wind.

The forest obstruction tests, which are introduced in this thesis, provide valuable additional evaluation.
While the wind experiments suggest that the wind behaviour is plausible, the obstruction tests verify
more strictly whether the wind influence is over- or underestimated. The river scene shows realistic
behaviour, but for the formalized forest- and firebreak scenes, the fire can cross with a much lower wind
speed. This can be explained by the presence of flammable Gaussians near the ground. Although this
may initially seem undesirable, it reflects the fact that real-world firebreaks are rarely completely devoid
of combustible material. Even though the firefighting instructions state to remove all flammable materi-
als, for large-scale operations it is realistic that some flammable material is still left at the scene. These
tests showed that fire particles are influenced too strongly by the wind parameters. In the future, these
tests offer a useful mechanism for tuning wind influence to better match expected firebreak behaviour.

It was also observed that lower wind speeds were sufficient for the fire to cross firebreaks compared to
crossing a river of similar width. This difference can be attributed to the presence of these intermediate
flammable Gaussians in the firebreak scenario. The river scene has a larger strip of completely non-
flammable material due to the column-fill procedure, which shows the worth of that preprocessing step.

In addition to the column filling step, the entire preprocessing pipeline significantly improves the robust-
ness of the system. The treetop detection method proves to be robust to both scene scale and ground
slope. This enables stems and branches to burn more slowly than the live branches. This distinction
also improves the estimation of burnt mass.

The burnt mass estimation test is another novel contribution of this work. Similar to the wind tests, while
the visual fire appears realistic, a more quantitative analysis is useful to more accurately test the fire
behaviour. The current results indicate that the predicted mass loss is not yet fully accurate. Further
calibration is required, particularly in balancing Gaussian mass, surface area, and material-specific
burn rates. This evaluation step provides an opportunity for tuning these parameters in future work.

Finally, the application to real drone data shows insight into the practical applicability of the system.
The proposed system is able to run a fire simulation on a real forest section, which is promising. Even
though the preprocessing pipeline is designed to be capable of processing real-world scenes, the re-
sults remain affected by noise and inconsistencies. The performance of classification is reasonable,
though class-specific prompts might require further refinement. It was noticed that the larger-scale
scenes also introduce additional challenges. A hierarchical structure may improve simulation stability
and speed.

Overall, the results demonstrate a promising and robust fire simulation pipeline. Given that this pipeline
has the additional challenge of not running on simulation-ready scenes, but starting from scratch, from
an image collection of a forest, the performance is robust and relatively good. All tests inspired by other
fire simulation papers performed well. The novel evaluation methods show some fine-tuning is needed
in certain areas. The wildfire simulation is also applicable to real-world data, although there is still room
for improvement in this regard.
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5.5.1. Limitations

Influence of scene reconstruction quality

One bottleneck of the accuracy of the wildfire simulation is the quality of the reconstructed Gaussian
scene. If the reconstructed geometry or camera poses are inaccurate, the resulting Gaussian repre-
sentation may be spatially incorrect. Since the combustion simulation operates directly on this repre-
sentation, reconstruction errors propagate into the fire behaviour prediction.

In particular, the preprocessing stage is crucial, since camera poses and the initial point cloud need to
be accurate to generate a consistent Gaussian scene. This can be circumvented by following the data
acquisition protocol, but the risk remains.

In this work, camera poses are estimated using COLMAP [95]. COLMAP does not explicitly exploit
temporal information or image ordering. Since in drone footage the image order is sequential, incorpo-
rating this information can improve pose estimation. Furthermore, recent approaches such as DUSt3R
[113] or other learning-based reconstruction methods may provide more robust reconstructions.

Incorporating LiDAR data could also significantly improve the initial point cloud used during reconstruc-
tion.

Semantic classification

The accuracy of the wildfire simulation also depends on the quality of the semantic classification
of Gaussian primitives. If an object cannot be correctly classified, it may be incorrectly treated as
flammable or non-flammable, which can significantly alter the predicted fire behaviour.

In the current implementation, classification is performed using CLIP-based text prompts [86]. It was
noted that the choice of prompts has a large influence on the classification of the scene. Experimenta-
tion with prompt engineering could improve the reliability of the semantic segmentation.

Another possible improvement is the incorporation of annotated training data. Datasets such as the
FOR-instance dataset provide labelled examples of forest structures and could be used to fine-tune the
classification model for specific classes such as tree stems, branches, rocks, or vegetation. However,
training on a limited dataset introduces the risk of overfitting to specific forest environments. One
advantage of the current approach is its reliance on vision—language models, which generalize well to
unseen scenes. A hybrid approach may therefore be beneficial, where key classes are trained using
annotated data while the remaining classes are identified through text prompts. It must be noted that
most of the classification was tested on synthetic data, which most probably does not match the real
images that the vision language models were trained on. This should perform better on real images.

Lastly, most vegetative Gaussians are either classified as ’live branch’ or 'stem’. Apart from the stem
insertion, most of the time, no ’dry branch’ Gaussians exist. Therefore, it might indicate that the vision
language models cannot distinguish at that level of detail, and the class of dry branch can potentially
be discarded.

Fire simulation

The fire simulation depends on a lot of parameters, such as the spawning chance of a Gaussian on
fire, the range of the lifespan of a particle, etc., which influence the fire behaviour very much. Without
a real forest fire example, it is difficult to find an optimal combination of these.

5.6. Unsuccessful attempts

In the classification, an attempt was made to use negative prompts in addition to positive text prompts,
and then to use a softmax to determine which class a Gaussian belongs to. This only resulted in poorer
performance, probably due to the fact that there are far too many words to describe the inverse of a
class. Especially since many classes are very similar. If, for example, a negative prompt of a woody
branch was "tree trunk”, this also pushed the semantic meaning away from woody branch. For this
reason, negative text prompts have not been used for the time being.

Another interesting find was made in the slope scenes. For visual purposes, similar to FiP, a block
of ground was added below the slope to present it as a slice of terrain as shown in Figure 5.17 A.
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Where in FiP this did not influence the fire simulation, as only the modules of trees burn, it did affect
fire propagation in this model since all elements within a scene are classified as a material. Within the
ground, there are some Gaussians still classified as flammable materials, so part of the fire propagation
capacity was effectively “consumed” by the ground. Although the number of fire particles scales with
the amount of fire present in the scene, the slowdown effect remained noticeable. This resulted in the
fire progressing a bit slower through either steep slopes compared to the flat slope which had limited to
no ground Gaussians. Since real-world forest scans do not include such artificial ground blocks, they
were removed from the scene and tests were performed on scenes like shown in Figure 5.17 B.
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Figure 5.2: Fire spread over time for different forest cover densities. Each scene spans 60x60m. This complies with the
expectation that the denser the forest, the faster and more evenly fire spreads, whereas for denser forests, fire progresses less
uniformly.
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Burning percentage over time
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Figure 5.3: The percentage of Gaussians burning at a certain timestamp for scenes with respective forest coverage of 25%,
45%, and 90%. The plot is normalized. As the scene is a square, the percentage decreases after Gaussians start to burn out,
until no burning Gaussians are left. The graph confirms that for dense forests, fire spreads faster and burns out faster. The
sparser the forest, it can also be seen that the graph is less smooth, as the spread is less uniform.
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Figure 5.4: The total amount of burnt mass in kg over time for scenes with respective forest coverage of 25%, 45%, and 90%.
This shows how denser forests burn more quickly.
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Figure 5.5: The forest-fire simulation was evaluated on five terrains with different slope angles of —20°, —10°,0°, 10°, 20°
degrees, respectively. Each scene spans 50x100m. In all cases, ignition occurred at the same (x,y) location, and no wind was
applied. Each row corresponds to one slope configuration, while columns show vertical snapshots at timestamps after ignition.

This shows the effect of the slope on the spreading speed of the fire, where fire moves faster upwards, and slower down a

slope, which matches literature.
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Figure 5.6: The speed of fire spread for the different slope angles of —20°, —10°,0°,10°,20° degrees. This shows an
accelerating increase in speed for upwards slopes, while downwards, the speed reduces approximately linearly. This result is
promising as it matches findings by Geng et al. [31] on the ROS.
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Figure 5.7: The same scene was simulated under different wind speeds (5 and 15 m/s, both in the same wind direction), with
frames taken after a fixed duration. The scene scale is 60x60m. As wind speed increases, the fire front becomes more
elongated in the wind direction, and the fire burns out faster.
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Figure 5.8: Fire spread under four different wind directions. Wind speed is 10m/s or 5 on the Beaufort scale: "Fairly strong
wind / A brisk breeze”. The overlay indicates the fire starting positions with an x, and the wind direction with an arrow, for each
simulation. The scene scale is 60x60m.
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Figure 5.9: Example of a natural forest gap, namely a river, stopping fire spread. The simulation acts as expected. In cases of
strong wind, such as 21 m/s or ’strong gale’, fire can still cross. The wind direction is perpendicular to the river, as indicated by
the arrow. This scene spans 170x170m.
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Figure 5.10: A schematic overview of the structure of a fire/fuelbreak. Starting from the centre, an area strip is completely
cleared; this is the firebreak. Next comes a strip known as the fuelbreak, in which all low vegetation is removed, and the density
of trees is reduced. There is a minimum distance between trees. The bottom figure shows how this translates into a test scene.
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Figure 5.11: Fire spread comparison over a firebreak calculated for a no-wind situation. As expected, with no wind, the fire
does not cross, but with the addition of wind in the direction indicated by the arrow, the fire can still cross to the other side.
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13.0 hr: burnt out (spread)

Figure 5.12: Firebreak designed for perpendicular wind. Around 15 m/s wind speed in the direction of the arrow, the fire
crosses over to the other side.
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Figure 5.13: The mass burnt over two simulations, one without stem insertion, and one with stems and dry branches inserted
at detected treetops.
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Figure 5.14: Renders from different angles of the reconstructed splatted scene based on drone images from the Open Forest
Observatory [76].
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Figure 5.15: Fire simulation running on the real forest dataset.
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Figure 5.16: Simulation consistency across 5 separate burns. The standard deviation is plotted against the mean. The plots
show the fire simulation burns consistently across multpiple runs.

(a) With ground block (b) Without ground block

Figure 5.17: Effect of adding an artificial ground block to slope scenes. The presence of a ground block leads to unintended
fire propagation through the ground, which slows down fire spread compared to scenes which do not have it.



Conclusion

Overall, the evaluation shows that the proposed wildfire simulation reproduces several characteristic
behaviours reported in wildfire literature. The synthetic scene experiments show that the model re-
sponds realistically to variations in environmental factors. Firstly, higher vegetation density leads to
faster and more continuous fire propagation, and the slope experiments confirm that fire spreads more
rapidly in the uphill direction. The wind experiments show that increasing wind velocity increases the
spread distance. From the novel forest obstruction tests, including the fuel- and firebreak scenes, it can
be deduced that the particles are affected slightly too much by the wind speed. The tests are useful for
evaluating more quantitatively whether the extent of wind effect is realistic, and can be used for further
finetuning. The slope scene tests provide very useful insights. They not only prove the fire progresses
faster up a slope compared to down a slope, but also show an accelerated speed increase that ap-
pears only upwards, which is supported by literature. The evaluation also shows that the proposed
simulation performs consistently and stably across repeated runs. The experiments on real-world data
also demonstrate that the approach can be applied to reconstructed forest scenes obtained from drone
imagery. However, practical challenges still exist, such as noise and the larger scale. Lastly, the quanti-
tative estimation of burnt biomass reveals that the current model underestimates the total burned mass
compared to a rough analytical prediction.

Overall, the results suggest that the proposed framework can reproduce realistic qualitative wildfire
dynamics and operate on both synthetic and real-world scenes.

Furthermore, this wildfire simulation framework offers a lot of opportunities and directions for potential
improvement.

One essential direction of improvement is the integration of real wildfire observations. If the temporal
data of real fire spread becomes available, the simulation parameters could be calibrated or trained
using these observations. This would enable the creation of digital twin scenarios in which the simulated
fire behaviour is aligned with real-world fire dynamics.

Another potential extension is the introduction of hierarchical semantic classification. Instead of assign-
ing a single flat label to each Gaussian, objects could be classified at multiple levels of abstraction.
For example, primitives could first be classified as forest or non-forest elements, followed by more de-
tailed categories such as tree stem, branch, leaf, or ground vegetation. Such a hierarchical structure
could enable more localized operations within the simulation, for example, improved ground removal,
targeted combustion modelling, or region-specific processing.

In the same direction, classification could move from hard assignment to a soft assignment of classes.
So instead of one label, a Gaussian may be assigned to different material classes, hence, a mixed
prediction score, since the Gaussians represent not exactly one segment of the scene, but can also
be a combination of materials. Therefore, the material classes should also not be restricted to one
material.

The system could also be extended with interactive annotation capabilities. Users could manually
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label specific objects within the input images, such as buildings or different wood types, and assign
custom combustion properties to these elements. These annotations could then be incorporated into
the feature distillation process. Even a region in which fire has already spread could be annotated.

Beyond prediction, the framework could also support planning and prevention strategies. For example,
the system could be extended to identify optimal locations for fuel breaks or tree cutting lanes designed
to slow or redirect wildfire spread.

Finally, the current model focuses primarily on canopy fire behaviour. In reality, wildfire dynamics often
involve multiple fire types. Examples are surface fires and underground fires. Underground fires, for
instance, burn slowly within organic soil layers and can lead to delayed reignition of surface vegetation.
Another direction is the extension of particles to also facilitate water-, or cooling-particles.
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