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Abstract. We propose a method to reconstruct dynamic fire in 3D from
a limited set of camera views with a Gaussian-based spatiotemporal rep-
resentation. Capturing and reconstructing fire and its dynamics is highly
challenging due to its volatile nature, transparent quality, and multitude
of high-frequency features. Despite these challenges, we aim to recon-
struct fire from only three views, which consequently requires solving
for under-constrained geometry. We solve this by separating the static
background from the dynamic fire region by combining dense multi-view
stereo images with monocular depth priors. The fire is initialized as a 3D
flow field, obtained by fusing per-view dense optical flow projections. To
capture the high-frequency features of fire, each 3D Gaussian encodes
a lifetime and linear velocity to match the dense optical flow. To en-
sure sub-frame temporal alignment across cameras, we employ a custom
hardware synchronization pattern – allowing us to reconstruct fire with
affordable commodity hardware. Our quantitative and qualitative vali-
dations across numerous reconstruction experiments demonstrate robust
performance for diverse and challenging real and simulated fire scenarios.

Keywords: Gaussian Splatting · 3D Fire Reconstruction · Sparse View
Reconstruction

1 Introduction

In recent years, differentiable scene representations have enabled remarkable
progress in reconstructing static and dynamic 3D environments. In particular,
Gaussian Splatting [43] approaches have gained popularity due to their good per-
formance and efficient reconstruction run-times. However, reconstructing highly
dynamic objects remains challenging due to rapid motion, appearance changes,
and the lack of consistent geometry across time. Capturing fire, in particular, is
uniquely difficult because of its non-rigid structure, high-frequency appearance,
and rapid temporal variation. Current Gaussian Splatting-based approaches fun-
damentally fail when applied to fire, a limitation we verify across different ex-
periments. We compare against state-of-the-art dynamic GS methods, includ-
ing 4D Gaussian Splatting [92, 105] and FreeTimeGS [90], and observe that
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Fig. 1: Temporal progression of a flame encoded as 3D Gaussian splats. The sequence
shows the evolution from an initial small flame (a, b) to a fully developed flame (c,
d, e) as the rendered 3D Gaussian splats capturing volumetric radiance and motion
(top row) and the corresponding point clouds highlighting the spatial distribution and
density of the Gaussian primitives over time (bottom row).

all baselines produce degenerate reconstructions for flames: geometry collapses,
motion becomes inconsistent, and rendered depth fields are spatially unstable.
These methods either blur away the flame structure or incorrectly attribute it
to background geometry, resulting in poor reconstruction quality in dynamic
regions (Fig. 5 and Tab. 1). Across these baselines, we observe three recurring
failure modes: (i) geometric absorption, where flame motion is explained by
deforming the background; (ii) depth collapse, where plausible image appear-
ance is obtained without a meaningful 3D structure; and (iii) temporal drift,
where the rendered flame no longer matches the observed dynamic evolution.
Our method is designed specifically to avoid these three modes. This failure
stems from a shared assumption across existing GS methods – that scene con-
tent can be represented as persistent primitives undergoing smooth, trackable
motion. Fire violates this assumption entirely: it is transient, lacks consistent
correspondences, and exhibits strongly view-dependent emission that cannot be
explained by surface-based radiance models. Consequently, no existing Gaussian
Splatting method is able to reliably reconstruct fire from real-world observations,
particularly under sparse-view conditions. This exposes a critical gap in current
discrete dynamic Gaussian scene representations and motivates the need for a
formulation specifically designed for highly dynamic, emissive, and volumetric
phenomena. The key representational change in our approach is that we do not
treat flames as persistent scene elements undergoing deformation. Instead, we
model fire as a population of transient volumetric carriers of emission whose
motion and temporal support must be inferred jointly. This shift in the unit of
representation is what makes sparse-view reconstruction of flames feasible within
a Gaussian Splatting framework.

We introduce a pipeline that reconstructs high-frequency spatiotemporal
flame dynamics with 3D Gaussian Splats. As it is challenging to capture fire in
real-world environments, our method targets a highly constrained, sparse-view
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setup. Specifically, we present an approach for capturing fire with only three cal-
ibrated cameras. Our approach is based on the idea to first decouple the static
scene from the flames. We then initialize Gaussian splats for fire based on a 3D
flow field fused from per-view dense optical flow. Additionally, we use an explicit
temporal parameterization – each Gaussian carries a lifetime and linear veloc-
ity – which enables motion priors (e.g., upward bias, smoothness) under sparse
views. We refer to these dynamic primitives as transient flame Gaussians: short-
lived volumetric carriers of emission whose finite temporal support is essential for
modeling fire. This flow-initialized representation couples naturally with efficient
Gaussian rasterization, yielding stable optimization and high-fidelity renderings
despite the severe view sparsity.

Our method reconstructs temporally coherent 4D representations of fire that
capture both its volumetric appearance and dynamic motion from sparse-view
video input. Given as few as three calibrated and synchronized cameras, the
pipeline jointly estimates a static background scene and a time-varying Gaus-
sian field representing the flames. The resulting model allows photo-realistic
novel view synthesis, temporal re-rendering at arbitrary time steps, and explicit
analysis of motion trajectories through the per-Gaussian velocity field. In prac-
tice, this enables stable reconstruction across diverse flame types – from small
localized flames to larger outdoor fires – without requiring dense camera arrays
or simulation-based priors. Importantly, our formulation is intentionally mini-
mal: rather than introducing a heavy physics simulator or a fully new rendering
backbone, we show that rethinking decomposition, motion initialization, and
temporal support is sufficient to make sparse-view fire reconstruction tractable.

A result of our method is shown in Figure 1. In summary, our work makes
the following contributions: (1) We identify sparse-view fire reconstruction as a
failure case for existing dynamic GS methods and analyze this failure in terms
of their persistent-primitive and smooth-motion assumptions; (2) We introduce
a transient Gaussian reconstruction formulation that decouples static scene ge-
ometry from short-lived emissive flame structures and initializes the latter from
fused 3D motion evidence; (3) We propose a practical sparse-view capture and
synchronization setup for high-speed real fire acquisition with consumer hard-
ware; (4) We establish an evaluation protocol for dynamic fire reconstruction
combining frame-wise appearance, depth consistency, motion plausibility, and
video-level temporal quality, and show that prior GS methods fail under this
protocol while our method remains effective.

2 Related Work

Building on a long history of physically based fire simulation [67], we address
the inverse problem of recovering 3D geometry and appearance from sparse ob-
servations. Accurate correspondence and tracking form the basis for such re-
construction, linking observed dynamics to coherent 3D representations with
Gaussian splats and connecting to broader efforts in long-range point tracking
and 4D dynamic reconstruction [18–20,26,32,42,45,64,66,81,87,95,96,98,109].
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The following sections review recent methods in correspondence estimation, view
synthesis, and dynamic scene modeling that are related to our approach.

Correspondence and Tracking. While monocular long-range 3D track-
ing remains relatively underexplored, there is a rich literature on tracking in
2D image space via dense or semi-dense correspondence estimation. Classical
and modern optical-flow style methods estimate dense motion fields between
frames [5, 10, 11, 33, 60], paving the way for multi-frame and occlusion-aware
variants [3, 36, 40, 41, 73, 79] including high-resolution multi-frame approaches
such as MEMFOF [3], which we use in our approach. Sparse keypoint and de-
scriptor methods provide more stable, but sparser, correspondences that can be
integrated into SfM pipelines [4, 17, 56, 58, 74, 76, 78], enabling long-term tracks
in relatively rigid scenes [2, 30].

Moving from 2D to 3D correspondences, recent work performs geometric
matching and reconstruction directly from images: structure-from-motion and
MVS pipelines [76, 78], DUSt3R and MASt3R [49, 89], and the fully integrated
MASt3R-SfM system [24] provide accurate geometric correspondences in static
or slowly changing scenes. Depth priors such as Depth Anything [102,103], Depth
Pro [7], and Marigold-DC [83] improve per-frame geometry and therefore im-
plicit tracking, but they do not explicitly maintain persistent long-range 3D
trajectories. To incorporate geometry, recent work in monocular settings com-
bines optical flow, depth, and rigidity for self-supervised scene-flow estimation
and dynamic reconstruction [36, 44, 53–55, 59, 62, 72, 107, 108]. Feedforward 3D
tracking methods estimate trajectories directly in 3D space or focus on rigid
reconstruction [26,66,95,96,98].

View Synthesis and Static 3D Reconstruction. Neural Radiance Fields
(NeRF) introduced continuous volumetric radiance fields for view synthesis from
sparse posed images and became the de facto standard for static neural scene
representations [63]. A broad line of work has extended radiance fields to handle
video and dynamic content, including free-viewpoint video [12, 28, 51, 94, 106],
articulated humans [14,39,50,91], and factorized space–time–appearance repre-
sentations [13,22,27,80,86].

3D Gaussian Splatting (3DGS) replaces volumetric ray marching with a set
of view-dependent anisotropic Gaussians rendered by a differentiable splatting
pipeline, achieving real-time, high-quality novel-view synthesis [43]. Some ap-
proaches adapt the formulation to 2D Gaussian primitives [34], controllable or
editable splats [35], and more general camera and light-transport models with
distorted cameras and secondary rays [93]. These Gaussian-based approaches
complement geometric 3D reconstruction methods such as DUSt3R and MASt3R,
and their SfM integration [24,49,89], as well as multi-view dynamic reconstruc-
tion systems [8, 21,38,65,111].

Dynamic 3D Reconstruction. Dynamic scene modeling extends these rep-
resentations into space-time for 4D reconstruction and animation. Before neural
fields, non-rigid reconstruction often relied on RGB-D sensors [8,21,38,65,111] or
strong low-rank and NRSfM priors [9,16,47,68,75]. NeRF-style dynamic recon-
structions deform a canonical radiance field using learned deformation fields or
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higher-dimensional embeddings [22,28,51,54,55,69–71,80,84,94,106], while artic-
ulated and category-specific methods focus on humans and animals [39,50,53,99–
101]. Physics-informed neural fields and tomography-based methods reconstruct
phenomena such as smoke and flames from sparse observations [15,29,37], but as-
sume controlled multi-view setups or simplified motion models. A closely related
prior work applies a temporal Laplacian pyramid to blend per-view observations
into a free-viewpoint representation of dynamic scenes such as flames [82]. While
rendering qualitatively compelling results, this approach does not target a full
spatiotemporal reconstruction of the underlying geometry and appearance.

More recently, dynamic 3D perception models aim to couple tracking and re-
construction over long temporal horizons [26,30,45,57,59,66,88,95,96,98]. Build-
ing on Gaussian Splatting, several works propose explicitly dynamic Gaussian
representations: GS4D and 4D Gaussian Splatting learn 4D Gaussian primitives
for real-time photorealistic dynamic view synthesis [92,105]; 4D-Rotor Gaussian
Splatting introduces rotational dynamics for efficient dynamic scenes [23]; space-
time Gaussian feature splatting embeds Gaussians in a joint space–time feature
field [52]; and SC-GS provides sparse controls for editable dynamic scenes [35].
Deformable 3D Gaussians and per-Gaussian embedding methods model continu-
ous canonical-space deformations and per-primitive latents [1,104]. Dynamic 3D
Gaussians attach per-frame rigid transforms to canonical Gaussians for track-
ing and view synthesis [61]. Latent-dynamical and monocular setups are fur-
ther explored by ODE-GS [85], FreeTimeGS [90], MoSca [48], DynMF [46],
and 4DGT [98], which respectively introduce latent ODEs, free-time Gaussian
primitives, 4D motion scaffolds, motion factorization, and transformer-based 4D
Gaussians for real-world monocular videos. RGB-D based methods [31] pro-
duce compelling results on a variety of dynamic real-world scenes but rely on a
well-defined surface, which semi-transparent phenomena such as fire and smoke
cannot provide.
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Fig. 2: Pipeline overview: Given the video of a fire from three views, we first cal-
ibrate and register cameras using COLMAP and estimate dense stereo depth maps
(PatchMatchStereo), complemented by aligned monocular depth predictions for regu-
larization. The static background scene is optimized with vanilla 3DGS using this fused
depth initialization. Dynamic regions such as fire are reconstructed by projecting dense
optical flow into a 3D voxel grid to estimate a volumetric motion field, which initializes
our transient flame Gaussians with position, motion, and temporal support.
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3 Methodology

As real fire is usually difficult to capture from many viewpoints, our main ob-
jective is to use as few cameras as possible for the reconstruction. However,
only using a few cameras leads to insufficient view constraints for reconstructing
scenes with rendering losses alone. To address this, we separately reconstruct the
static scene (background) and the dynamic scene (fire). For the static scene, we
use vanilla 3DGS, circumventing the insufficient view constraints by leveraging
a dense stereo initialization in combination with monocular depth regularization
during optimization. For the dynamic scene, we extend the 3DGS framework
with a flow-based initialization that estimates volumetric motion from dense
optical flow, enabling the reconstruction of temporally coherent, plausible fire
dynamics. All modalities used by our proposed method are depicted in Fig. 3,
while Sec. 2 of the Supp. Mat. visualizes the decomposed static/dynamic scene.

3.1 Static Scene

To reconstruct the static scene, we first obtain frames for each view that do
not contain any motion. When such frames are not available, we fall back on
deriving a background estimate directly from the video sequence. As the flames
are actively emitting light, they are usually brighter than their background, al-
lowing us to remove them with a minimum intensity projection along the time
dimension (see Sec. 1 of the Supp. Mat.). Based on these static frames, we esti-
mate accurate camera poses using COLMAP [77]. To reduce overfitting caused
by limited view coverage, we employ two key strategies: (1) a strong point-cloud
initialization, and (2) a continuous monocular regularization term. In order to
obtain a dense initial geometry, we apply COLMAP’s implementation of Patch-
MatchStereo [6, 77] to the calibrated and registered static frames and obtain a
stereo depth map Dstereo for each input image. To initialize regions of the scene
observed by at most a single camera, we predict monocular depth maps Dmono
using DepthAnythingV2 [103]. For each camera, we then perform a linear align-
ment D′

mono = aDmono + b , where the parameters a, b ∈ R are determined by
minimizing the least-squares difference

(a∗, b∗) = argmin
a,b∈R

∥aDmono + b−Dstereo∥22 (1)

over overlapping regions. We create an initial point cloud by back-projecting
the three stereo depth maps. In regions with no stereo information available, we
utilize the aligned monocular depth maps to fill the scene (Fig. 3, b). This point
cloud then serves as the initialization for a 3DGS reconstruction of the static
scene. During training, the aligned monocular depths D′

mono are incorporated as
a regularization term

Ldepth =
1

wh

∑
i,j

∥D′
mono(i, j)−Drender(i, j)∥1 , (2)
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Fig. 3: Intermediate data used for scene reconstruction: (a) Input RGB frame, (b)
monocular depth prediction, (c) depth from structure-from-motion (SfM), (d) segmen-
tation mask of the dynamic region, (e) estimated 2D optical flow, and (f) fused voxelized
3D flow field used to initialize dynamic Gaussians.

Fig. 4: Multi-view capture of a fire: we capture the RGB images from the three camera
viewpoints (a)-(c) and show the corresponding rendered depth maps (d)-(f). The depth
reconstructions demonstrate consistent geometry across views despite strong appear-
ance variations caused by the dynamic flames.

to prevent degenerate depth solutions and preserve global consistency. The over-
all loss is given as the weighted sum of the absolute rendering loss L1, the SSIM
loss LSSIM, as well as the depth regularization term L = λ1L1 + λSSIMLSSIM +
λdepthLdepth . We utilize standard parameter values λ1 = 0.8 and λSSIM = 0.2.
To strengthen the depth regularization (λdepth), we increase the default regular-
ization parameter value by a factor of 100, yielding an exponentially decreasing
contribution with an initial value of 100 and a final value of 1 [43].

3.2 Dynamic Scene

For the dynamic scene, we represent the flame as a set of transient flame Gaus-
sians, i.e., short-lived volumetric primitives whose appearance and motion are
optimized only over a finite temporal support. Reconstructing the dynamic com-
ponent with just dense stereo is not possible for two main reasons: (1) our com-
modity camera frames are not synchronized, and (2) it does not support ob-
taining a continuous motion field. Instead, to address this, we first estimate an
approximate flow field, which is subsequently refined through joint optimization
guided by the multi-view camera observations.
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We estimate the initial flow field by computing the dense optical flow fi(u, v) =
(fi,u(u, v), fi,v(u, v)) for each pixel (u, v) in the image plane of camera i, where
fi(u, v) represents the 2D motion vector at each pixel. The flow vector, which es-
timates the displacement of each pixel between consecutive frames, is estimated
using MEMFOF [3]. Once the flow is computed, we project all 2D flows onto
a voxel grid. For each point x ∈ R3, the corresponding 2D flows fi(πi(x)) are
back-projected to 3D space

ui(x) = π−1
i (fi(πi(x)) + πi(x),x)− x , (3)

where π−1
i (. . . ,x) is the back-projection function to the depth of x. For each

camera, the 3D flow F(x) ∈ R3 must adhere to the projection constraint

(F(x)− ui(x))
T
ui(x) = 0 . (4)

To avoid unstable solutions for under-constrained systems, we apply a Tikhonov
regularization with the regularization parameter

τ(x) =
τ0
m

m∑
i

∥ui(x)∥22 , (5)

where m denotes the number of cameras and τ0 controls the strength of the
regularization. The 3D flow is finally determined by solving the least-squares
system5

argmin
F

∥∥∥∥∥∥∥
u

⊤
1
...

u⊤
m

F−

 u⊤
1 u1

...
u⊤
mum


∥∥∥∥∥∥∥
2

2

+ τ2∥F∥22 , (6)

which is solved via singular value decomposition and completes the preprocessing
stage for the dynamic scene.

For modeling the dynamic flames, we chose a constant-velocity representa-
tion inspired by FreeTimeGS [90], which assigns three additional parameters
to each Gaussian: a time tµ, a lifespan tσ, and a linear velocity v ∈ R3. At
any given time, the position of a dynamic Gaussian is determined by x(t) =
x0 + (t− tµ)v. Additionally, its opacity is modulated by the temporal modifier
σ(t) = exp(− 1

2 (
t−tµ
tσ

)2). This representation has two key advantages: (1) it can
be directly initialized from a 3D flow field, and (2) it exposes its velocity field
explicitly, which enables a variety of downstream tasks for interpreting fire (e.g.,
robot navigation).

Given the dynamic representation, for each position x in the voxel grid at
time t, we assign a Gaussian with velocity F(x) and time tµ = t. The Gaus-
sian’s lifetime is initialized as four times the frame time for smooth motion and
to prevent overfitting to single frames. To account for voxel discretization, we
introduce a random offset in the position of the Gaussian, sampled uniformly

5 F(x), ui(x), and τ(x) are abbreviated as F, ui, and τ .
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from the voxel volume, with ∆x ∼ Uniform([−s/2, s/2]3), where s is the voxel
size, to avoid moiré patterns. A multi-view capture of fire is shown in Fig. 4.

To further mitigate overfitting of the dynamic Gaussians to the static back-
ground, during training we compare the opacity of the dynamic Gaussians Adyn
to a precomputed motion mask M and compute an additional alpha loss as
1
wh

∑
Adyn(1 − M) with a weight of 0.1, which discourages placing dynamic

Gaussians in regions where no flames have been detected in the input video.

3.3 Visual Synchronization

To capture high-frequency phenomena such as fire from multiple viewpoints,
precise temporal synchronization is essential. However, most consumer-grade
hardware lacks native support for high-frame-rate synchronization. To address
this, we design a low-cost synchronization system based on a microcontroller.
Specifically, we use an ESP32 microcontroller to control the logic-level outputs
of 21 pins. These pins are divided into two groups: five pins generate a sub-frame
synchronization pattern, while the remaining 16 pins manage an incrementing
frame counter. The frame counter is displayed using 15 white LEDs, which rep-
resent the frame number in Gray code. An additional LED is employed to resolve
the inherent ambiguity of the Gray code, preventing frame errors that could oth-
erwise reach up to one frame. The synchronization pattern is shown in Fig. 3a.

To achieve sub-frame timing with microsecond-level precision, we exploit the
pronounced rolling shutter effect present in most CMOS consumer cameras by se-
quentially toggling a series of five COB LED strips. The rolling shutter becomes
clearly visible by observing the partially illuminated LED strips. For a fully
characterized sensor, detecting the image points where the LED strip brightness
changes allows us to directly determine the exposure time. The temporal preci-
sion is directly dependent on the row time trow and the spatial accuracy ∆b in
detecting the change in LED strip brightness. For typical values of trow ≈ 3 µs
and ∆b ≈ 5 px, we achieve a temporal precision of approximately 15 µs. For an
explicit representation of the rolling shutter within our proposed method, we
refer to Sec. 3 of the Supp. Mat.

3.4 Velocity Metrics

In reconstruction tasks, the most commonly used metrics such as PSNR, LPIPS,
and SSIM are used to quantitatively assess similarity of 2D images. However,
these metrics cannot directly be applied to assess similarity of dynamic 3D
scenes. For dynamic similarity evaluation, some methods render 2D optical flow
from the scene and evaluate this against estimated optical flow [110], while oth-
ers observe the motion of the Gaussian centers and compare these against known
trajectories [61]. Neither approach is feasible for our case. Comparing against 2D
optical flow would introduce a circular dependency into our pipeline, and would
rely on estimations of the real flow. For the second approach, we determined
that tracking the center position of the Gaussians is insufficient to capture their
full dynamics, as each Gaussian represents a spatial distribution and varying
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Fig. 5: Qualitative comparison of our method against 4DGS [92], 4DGS [105],
Grid4D [97], and FreeTimeGS [90]. We provide the ground truth image as well as
the rendered results from all methods. To evaluate the plausibility of the rendered
depth, we provide a monocular depth estimation for comparison [103]. While other
methods struggle with degradation of visuals or depth, our method provides rendered
images of high visual quality while avoiding depth inaccuracies.

opacity and shape. Therefore, we propose a novel metric for assessing similar-
ity of 3D GS reconstructed scenes of transient phenomena – in our case flames.
Specifically, we employ synthetic scenes to evaluate the motion reconstruction
capability of our model, as these provide, in addition to the dynamics, the un-
derlying mechanism – the velocity field – to be used for evaluation, which we
refer to as the density-weighted volumetric evaluation protocol (DVE). For every
scene, we obtain the N optimized Gaussians with their center position x, opacity
α, scale s, velocity v, and rotation R. Based on this, we compute the Gaussian’s
weight w = sxsyszα. Given the normalized Gaussian probability distribution
P (x, s, R) and the underlying ground truth velocity field V , we approximate the
expected value of the ground truth velocity function v̄ = EP (V ) by employing a
third-order Gauss-Hermite quadrature. We capture the overall similarity of the
two motion fields using a relative L2 metric

L2 =

√√√√∑N
n=1 wn∥vn − v̄n∥2∑N

n=1 wn∥v̄n∥2
, (7)

and measure directional alignment via weighted volumetric cosine similarity

CosSim =

∑N
n=1 wn

vn·v̄n

∥vn∥∥v̄n∥∑N
n=1 wn

. (8)

Together, these metrics yield a density-aware evaluation protocol capturing the
quantitative accuracy and directional fidelity of the reconstructed motion field.
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4 Dataset

We record a real-world dataset of fire sequences using three GoPro Hero 13
Black cameras arranged in a fixed multi-view setup. Each captures at 400Hz,
which provides a high-frequency temporal resolution necessary for modeling the
rapid motion and radiative changes of fire. We use three cameras as this en-
ables multi-view cross-validation for robust COLMAP points, which provide a
fair initialization for the baseline methods. Each sequence spans approximately
15 s. Furthermore, we captured fire against different backgrounds to evaluate
reconstruction robustness under varying lighting and texture conditions.

To capture diverse flame dynamics and appearance, we include several fire
materials such as propane jets, burning wood, gasoline, cardboard, and paper.
In total, we captured 17 videos of fire for each camera. For each of these scenes,
we created a subsequence containing 100 frames per camera. This setup provides
a controlled yet challenging dataset for testing our monocular and multi-view
fire reconstruction approach. Code and data will be released with the paper.

To compute the DVE similarity between reconstruction and ground truth and
compare our method against existing baselines in the GS domain, we simulated
3 fire scenes in Mantaflow. Specifically, we created a setup of three cameras
observing fires, placed within three Blender scenes. Aside from 50 ray-traced
frames per camera over 2 seconds of simulation, this simulation provides us with
a ground truth velocity field with a resolution of 6403, which enables our DVE
similarity assessment. In total, we generated 150 synthetic velocity fields. For
further details on both datasets, refer to Sec. 4 of the Supp. Mat.

5 Results

To evaluate our proposed method on the real-world fire dataset, we held out
every 8th frame for validation. As shown in Fig. 5, our method reconstructs
the captured scenes with high visual fidelity while preserving the spatiotempo-
ral evolution of the flames. Qualitative results for the additional scenes across
a wide range of materials, including wooden logs, cardboard, and paper, are in-
cluded in Sec. 5 of the Supp. Mat., while additional videos clarify the recovered
spatiotemporal behavior, in particular the temporal coherence of the flames and
the failure modes of the baseline methods (see Sec. 11 of the Supp. Mat.).

For a quantitative evaluation, we apply 4DGS (Wu et al.) [92], 4DGS (Yang
et al.) [105], Grid4D [97], and FreeTimeGS [90] as established baseline methods.
Aside from FreeTimeGS, which applies its own RoMa initialization [25], all other
baseline methods were initialized from COLMAP points. We used the author-
provided hyperparameter configurations for the DyNeRF flame salmon scene.
To compare the overall visual quality, we report PSNR, SSIM, and LPIPS. For
the more local metrics PSNR and SSIM, we mask out the synchronization pat-
tern. We limit the quantitative comparison to GS-based baselines because they
are the only class of methods that operate in the same efficiency regime targeted
in this work. Furthermore, we provide additional masked variants PSNRflame
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Fig. 6: Stream plot comparisons between maximum projected Gaussian velocities of
simulated ground truth (a), our reconstruction (b), Grid4D [97] (c), 4DGS [105] (d),
4DGS [92] (e), FreeTimeGS [90] (f). The streamlines indicate the flow of the Gaussians
and the colors indicate their density. The second row (g-l) depicts the color-coded
Gaussian velocities.

and SSIMflame that only evaluate reconstruction quality in those regions of the
image that contain motion. To evaluate the plausibility of the rendered depth
of the flame, we compare it against a predicted monocular depth after linear
alignment and report the score as RMSEdepth. A central methodological point
of our evaluation is that frame-wise image metrics alone are insufficient for dy-
namic fire reconstruction: methods with partially competitive PSNR can still
fail catastrophically in 3D structure and temporal behavior. Taken together, the
image, depth, video, and velocity metrics allow us to distinguish between meth-
ods that merely match frame appearance and methods that recover a temporally
and geometrically meaningful 4D reconstruction. For a novel-view evaluation of
our method on synthetic scenes with spatially held-out views, we refer to Sec. 7
of the Supp. Mat. As shown in Tab. 1, our proposed method outperforms all
baselines in all visual metrics for both the flame and the full image, as well as in
the plausibility of the rendered depth. FreeTimeGS achieves second-best flame
reconstruction results, but only at the cost of a high degree of depth degradation.
4DGS [105] achieves second-best full-frame visual metrics. Further video metrics
yield similar results and are provided in Sec. 6 of the Supp. Mat.

To evaluate the reconstructed motion, we apply our proposed DVE protocol
to the synthetic scenes. We report the weighted volumetric relative L2 metric and
cosine similarity. The results are reported in Tab. 2. While the comparison meth-
ods mostly fail in reconstructing physically plausible motion, our method shows a
comparatively high similarity between the reconstruction and the ground truth
flow field. Especially for the directional similarity, the baselines show largely
weak alignment with the true flow field, while our velocities are mostly cor-
rectly aligned. This is further visualized in Fig. 6, which depicts an X-slice of
the reconstructed fire simulation.
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Table 1: Quantitative comparison and ablations for the real-world dataset. Our
method outperforms all baselines in the visual metrics for the reconstruction of the
fire as well as in the accuracy of the predicted flame depth.

Method PSNRflame (↑) SSIMflame (↑) RMSEdepth (↓) LPIPS (↓) PSNR (↑) SSIM (↑)
Ours 26.93± 1.93 0.843± 0.048 0.094± 0.038 0.035± 0.011 35.89± 2.62 0.967± 0.011

4DGS [105] 23.28± 1.76 0.728± 0.069 0.113± 0.045 0.053± 0.020 32.41± 2.86 0.945± 0.021

4DGS [92] 20.99± 1.14 0.601± 0.054 0.102± 0.036 0.071± 0.025 31.88± 3.12 0.933± 0.025

FreeTimeGS 24.48± 3.48 0.756± 0.132 0.131± 0.042 0.241± 0.131 25.62± 1.83 0.794± 0.109

Grid4D 18.52± 1.47 0.497± 0.068 0.225± 0.060 0.086± 0.025 29.16± 3.33 0.909± 0.032

Full Method 26.93± 1.93 0.843± 0.048 0.094± 0.038 0.035± 0.011 35.89± 2.62 0.967± 0.011

NoSync 26.89± 2.00 0.842± 0.049 0.094± 0.034 0.035± 0.011 35.91± 2.67 0.967± 0.011

RandFlow 26.68± 2.43 0.812± 0.076 0.089± 0.039 0.036± 0.013 35.67± 3.21 0.963± 0.017

JointOpt 26.52± 1.89 0.836± 0.048 0.106± 0.038 0.060± 0.014 33.59± 1.89 0.948± 0.011

NoMask 27.34± 1.98 0.849± 0.049 0.098± 0.038 0.034± 0.011 36.28± 2.72 0.968± 0.011

Table 2: Quantitative comparison for the synthetic fire scene. Our method yields the
most physically plausible reconstruction with well aligned velocities, while the baselines
only show a weak directional correlation with the ground truth.

Method L2 (↓) CosSim (↑) Ablation L2 (↓) CosSim (↑)
Ours 0.825± 0.058 0.744± 0.032 Full Method 0.825± 0.058 0.744± 0.032

4DGS (Yang et al.) 1.045± 0.194 0.225± 0.123 NoSync 0.838± 0.058 0.736± 0.034

4DGS (Wu et al.) 2.218± 0.276 0.036± 0.010 RandFlow 1.519± 0.026 0.338± 0.050

FreeTimeGS 1.164± 0.042 0.194± 0.114 JointOpt 0.820± 0.063 0.749± 0.033

Grid4D 2.262± 1.470 0.154± 0.014 NoMask 0.850± 0.059 0.697± 0.035

To demonstrate the impact of the individual components of our approach,
we include several ablations over the timing, the flow field initialization, the al-
pha loss, and the separation of static and dynamic optimization. The evaluation
is reported in Tab. 1 for the real-world scenes and in Tab. 2 for the synthetic
scenes. Introducing timing offsets of half a frame-time (NoSync) results in re-
duced visual quality in the flames for the real-world experiments and a reduction
in the accuracy of the reconstructed motion field for the simulated scenes. The
same holds for the omission of our flow-based initialization, which is evaluated
by initializing the dynamic Gaussians randomly (RandFlow). Similarly, omit-
ting the alpha loss causes significant degradation of the reconstructed motion
fields while improving the overall visual results (NoMask). The last ablation thus
demonstrates a delicate trade-off between visual fidelity and physical accuracy:
applying the alpha loss removes the method’s ability to place dynamic Gaussians
in static parts of the scene, thus improving the physical accuracy while simul-
taneously reducing the visual capacity. In contrast, JointOpt ’s degradation is
concentrated in full-frame fidelity, indicating that this ablation primarily shows
the static-pretraining’s contribution to the full-frame visuals rather than being
a physical-visual trade-off.
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6 Discussion and Limitations

Our results show that a dynamic Gaussian representation can be adapted to a
regime where existing methods fail: sparse-view reconstruction of transient, emis-
sive, semi-transparent flames. By combining static stereo-monocular depth fusion
with dynamic flow-based initialization and masked optimization, our method re-
covers reconstructions that are not only visually faithful but also substantially
more consistent in depth and motion. The resulting pipeline enables efficient
reconstruction of high-speed fire events using consumer-grade hardware and
lightweight synchronization. Despite these strengths, several limitations remain.
For one, the reliance on dense optical flow introduces inaccuracies in regions of
strong emissive variation or low texture, which can propagate into the 3D mo-
tion field. The failure mode of flames missed by the flow estimator during the
flow-based initialization cannot be recovered during the dynamic optimization.
Second, the current linear velocity model may not fully capture the complex,
turbulent motion of real flames, leading to temporal blurring or oversmoothing.
The specific failure modes are discussed further in Sec. 10 of the Supp. Mat.

Another theoretical limitation of our method is the linear transmittance ras-
terizer. In our method, we rely on the vanilla 3DGS rasterizer that approximates
transmittance linearly over a more physically accurate exponential attenuation.
Initial experiments showed that due to our specific initialization our dynamic
scene consists of a large quantity of small Gaussians (≈ 300 per ray), so that
the linear approximation is especially close to the exponential model. Thus, the
added complexity of an exponential rasterizer is not justified for these fire scenes.
For further details we refer to Sec. 9 of the Supp. Mat.

Additionally, separating the static and dynamic components assumes mini-
mal background-foreground interaction, which may not hold for large-scale or
smoke-rich scenes. For reconstructing other volumetric phenomena with our flow-
based pipeline, we refer to Sec. 8 of the Supp. Mat. Finally, while our LED-based
synchronization mitigates temporal offsets, sub-millisecond inaccuracies can still
introduce artifacts at very high motion speeds.

7 Conclusion

We presented a method for reconstructing the dynamics of real fire from high-
speed multi-view video using 3D Gaussians. Our approach enables temporally
coherent reconstructions of flames with substantially improved motion alignment
and depth consistency, even under sparse-view capture and consumer-camera
timing offsets. As future work, we plan to integrate physics-based priors for
combustion dynamics to improve the photometric modeling of emissive mate-
rials. This will enable more adaptive temporal parameterizations of Gaussians
and incorporate learning-based flow estimation directly in 3D space. Further-
more, this would allow us to extend the system toward fully monocular dynamic
reconstruction for greater fidelity and robustness. Another promising direction is
to explore the joint optimization of per-camera timing offsets, thus eliminating
the need for our custom LED synchronization setup.
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