SmokeSeer: 3D Gaussian Splatting for Smoke Removal and Scene Reconstruction
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Figure 1. Our method utilizes RGB and thermal images from a drone-mounted sensor to perform simultaneous 3D scene reconstruction and
smoke removal using an inverse rendering approach within the 3D Gaussian splatting framework. Insets highlight the effectiveness of our

approach in revealing occluded structures.

Abstract

Smoke in real-world scenes can severely degrade image
quality and hamper visibility. Recent image restoration meth-
ods either rely on data-driven priors that are susceptible to
hallucinations, or are limited to static low-density smoke.
We introduce SmokeSeer, a method for simultaneous 3D
scene reconstruction and smoke removal from multi-view
video sequences. Our method uses thermal and RGB images,
leveraging the reduced scattering in thermal images to see
through smoke. We build upon 3D Gaussian splatting to fuse
information from the two image modalities, and decompose
the scene into smoke and non-smoke components. Unlike
prior work, SmokeSeer handles a broad range of smoke den-
sities and adapts to temporally varying smoke. We validate
our method on synthetic data and a new real-world smoke
dataset with RGB and thermal images. We provide an open-
source implementation and data on the project website."

Thttps://imaging.cs.cmu.edu/smokeseer

1. Introduction

Reliable visual perception is essential for safety-critical ap-
plications such as search and rescue, robot navigation, and
industrial inspection. The ability to accurately perceive and
reconstruct 3D environments is particularly vital, as it en-
ables precise spatial reasoning and path planning in complex
scenarios. For example, firefighters navigating through burn-
ing buildings increasingly depend on vision-based systems
to maintain situational awareness. However, dense smoke
severely compromises these systems, obscuring vital envi-
ronment details and increasing operational risks. Develop-
ing technologies that enable these systems to “see through
smoke” is therefore critical for enhancing both safety and
operational effectiveness in these hazardous environments.

Though several approaches have targeted the problem of
enhancing visibility through scattering media, significant
limitations remain. Learning-based approaches that map
hazy to clear images require extensive paired datasets and
typically process individual frames, thereby ignoring valu-
able multi-view constraints. Closer to our work, neural
rendering approaches such as ScatterNeRF [24] and De-
hazeNeRF [4] incorporate physical light transport models
and operate on multi-view RGB data. However, all these
approaches primarily address static haze removal and are
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ill-equipped to handle dense, temporally evolving smoke.

We build an end-to-end system that performs joint 3D
scene reconstruction and smoke removal in the presence
of dense, temporally evolving smoke. Our method uses
images from RGB and thermal cameras, and is effective
on real-world smoke data (Figure 1). We build upon 3D
Gaussian splatting (3DGS) [14] and decompose a smoke-
filled scene into two sets of Gaussians: one representing the
smoke part, and another representing the non-smoke part
of the scene, which we refer to as the surface Gaussians.
This decomposition allows us to render only the surface
Gaussians to visualize the scene without smoke.

Performing this decomposition using only RGB images
is challenging due to the visual ambiguity between light-
reflecting surfaces and light-scattering smoke particles. To
address this challenge, we leverage thermal cameras that
capture long-wavelength infrared radiation, which is substan-
tially less affected by scattering in smoke than visible light.
This property enables thermal sensors to preserve critical
spatial information even in dense smoke conditions. How-
ever, thermal images are low-resolution, have low contrast,
and lack the texture details crucial for object recognition
and scene understanding. Our method overcomes this lim-
itation through a joint optimization strategy that fuses the
robust spatial cues from thermal data with the rich texture
information provided by RGB imagery.

To effectively leverage the complementary strengths of
both modalities, we propose a three-stage approach for
smoke removal and 3D scene reconstruction. In the first
stage, we leverage advances in 3D foundation models [29] to
estimate RGB-thermal poses in the same coordinate frame.
In the second stage, we learn the scene’s geometry exclu-
sively from thermal images, leveraging their robustness in
capturing spatial information even in the presence of dense
smoke. In the third stage, we use both RGB and thermal
images to optimize two sets of Gaussians, for the smoke
and the scene’s surfaces. For the surface Gaussians, we rely
on initialization from the output of the second stage. For
the smoke Gaussians, we use a deformation field to model
the temporal variation of smoke, and enforce handcrafted
priors based on physical properties of smoke. These choices
help ensure that, after optimization, smoke Gaussians exclu-
sively capture the scene smoke, whereas surface Gaussians
accurately represent the underlying scene structure.

Unlike prior learning-based dehazing methods, ours does
not directly rely on image-to-image learned priors and in-
stead formulates smoke removal as an inverse rendering
problem within the 3DGS framework. To the best of our
knowledge, this is the first work that jointly uses RGB and
thermal images for smoke removal and 3D reconstruction.

Our experiments show state-of-the-art results on both
simulated and real-world datasets—collected in partnership
with our county’s fire department using a field operational

drone—for smoke removal and novel view synthesis. Our
code and data are publicly available on the project website,
to ensure reproducibility and facilitate follow-up research.

2. Related Work
2.1. Image-based methods for haze removal

Traditional methods. Koschmieder [15] developed an at-
mospheric scattering model that describes image formation
under haze as a combination of direct attenuation and airlight.
This model is a simplification of the more general radiative
transfer equation (RTE) [3], which describes the propagation
of light through a medium with scattering and absorption.
Though widely used in dehazing methods, the Koschmieder
model assumes homogeneous static media, limiting its effec-
tiveness for heterogeneous, dynamic smoke conditions.

Early image restoration approaches relied on handcrafted
priors to estimate physical parameters in the Koschmieder
model. He et al. [11] tried to estimate the attenuation map
by leveraging the observation that in most local patches of
haze-free images, at least one color channel has very low
intensity. Zhu et al. [36] proposed the color attenuation prior,
modeling the depth of the scene through the difference be-
tween brightness and saturation. Berman et al. [2] developed
a non-local method based on the observation that colors in
haze-free images form tight clusters in RGB space. Though
effective for thin homogeneous haze, these methods fail in
dense smoke scenarios, for which their priors are ill-suited.

Learning-based methods. Some recent methods map
hazy to clear images without explicit parameter estimation.
Examples include MSRL-DehazeNet [19], collaborative in-
ference frameworks for dense haze in remote sensing [30],
and saliency-guided mechanisms for UAV imagery [35].

Transformer-based architectures have recently shown
promising results for dehazing. Zamir et al. [33] proposed
Restormer, an efficient transformer for high-resolution image
restoration including dehazing. Guo et al. [10] introduced
a hybrid CNN-transformer architecture that combines local
and global feature extraction. Despite these advances, most
learning-based methods process individual frames indepen-
dently, ignoring valuable temporal and multi-view informa-
tion that could enhance smoke removal performance.

Specific to smoke removal, Salazar-Colores et al. [27]
developed an image-to-image translation approach guided
by an embedded dark channel for desmoking laparoscopy
surgery images. However, this and other similar methods
typically require paired training data (smoke versus smoke-
free), which is challenging to obtain in real-world scenarios,
especially for temporally varying smoke.



2.2. Neural representations for participating media

Neural radiance Fields (NeRF) [22] have revolutionized
scene representation using continuous volumetric functions.
Several works have extended NeRF to handle participating
media such as smoke and haze. ScatterNeRF [24] incorpo-
rates the Koschmieder model into the NeRF framework, but
remains limited to homogeneous haze conditions. DehazeN-
eRF [4] can handle heterogeneous media but not dynamic
smoke. These methods have primarily focused on static haze
removal and do not address the more challenging problem
of temporally varying smoke—our focus.

3D Gaussian splatting (3DGS) [14] is an efficient alterna-
tive to NeRF through scene representation using 3D Gaus-
sians, enabling real-time rendering. Dynamic 3DGS [21]
extends this framework to dynamic scenes, but does not
specifically address participating media.

Lastly, recent approaches such as ThermalNeRF [18] and
ThermalGaussian splatting [20] incorporate thermal imag-
ing into neural rendering frameworks but do not tackle the
problem of imaging through smoke.

2.3. Multi-modal sensing

Multi-modal sensing has emerged as a promising direction
for robust perception in challenging environments. Thermal
imaging, which captures long-wavelength infrared radiation,
is less affected by smoke and haze compared to RGB cam-
eras [9]. Hwang et al. [12] demonstrated the effectiveness of
fusing RGB and thermal information for object detection in
adverse weather. Li et al. [17] proposed an RGB-thermal ob-
ject tracking benchmark demonstrating the value of thermal
information for robust perception.

Our work bridges these research areas by explicitly mod-
eling temporally varying smoke separately from scene ge-
ometry within the 3DGS framework. Unlike previous ap-
proaches, ours leverages the complementary strengths of
RGB and thermal imaging to achieve 3D reconstruction and
smoke removal without requiring paired training data.

3. Method

We introduce SmokeSeer, a framework for simultaneous
3D scene reconstruction and smoke removal using RGB-
thermal image pairs. Our approach leverages the comple-
mentary strengths of RGB (texture-rich) and thermal (smoke-
penetrating) modalities to address the challenges of dense,
dynamic smoke in safety-critical applications. Our method
comprises three stages (Figure 3): (1) camera pose esti-
mation and smoke segmentation, (2) initial surface recon-
struction from thermal images, and (3) joint optimization of
surface and smoke using both RGB and thermal images.
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Figure 2. Scattering coefficient as a function of wavelength (in
pm). We calculate the scattering coefficient using size, refractive
index using standard values for organic matter found in smoke
particles [1]. The scattering coefficient is significantly higher in
the visible spectrum (0.38-0.7 pm) compared to the long-wave
infrared spectrum (8-14 pm). Inset images which are taken from a
drone at roughly the same time illustrate this effect: in visible light
(left), smoke strongly obscures the scene, while in thermal infrared
(right), the underlying structure is clearly visible.

3.1. Use of thermal images

Mie theory [8] provides a framework for understanding
how different types of particles—such as smoke particles—
interact with electromagnetic radiation at different wave-
lengths. For smoke particles of a given size and refractive
index, we can use the Mie theory equations to character-
ize their wavelength-dependent scattering behavior, as illus-
trated in Figure 2. This analysis reveals a crucial insight:
smoke particles predominantly scatter wavelengths in the
visible spectrum (0.38-0.7 ;sm), where RGB cameras oper-
ate. However, in the long-wave infrared (LWIR) spectrum
(814 pm) utilized by thermal cameras, scattering effects
from smoke particles are negligible. This property allows
thermal imaging to penetrate smoke and reveal underlying
surface geometry otherwise obscured in RGB imagery.

In practice, smoke exhibits two key thermal behaviors.
First, smoke is largely transparent in the long-wave infrared
(LWIR) spectrum because heat dissipates rapidly as smoke
moves away from the fire source. This transparency enables
thermal cameras to capture clear views of scene geometry
even when RGB cameras are completely occluded by dense
smoke. However, in regions extremely close to the fire
source, hot smoke can become emissive and appear as a
thermal source rather than remaining transparent, which our
method accounts for in the joint optimization stage.

3.2. Background on 3D Gaussian splatting

Given a collection of posed images {[, k}le, I, € RHExXW
captured from a scene, 3DGS aims to reconstruct a repre-
sentation G of the scene as a set of 3D Gaussians G = {g;}.
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Figure 3. An overview of our method, SmokeSeer. The framework consists of three primary stages: (1) Camera pose estimation and smoke
segmentation, (2) Initial surface reconstruction from thermal images, and (3) Joint optimization of surface and smoke plume using both RGB

and thermal images.

Each Gaussian primitive g; is characterized by a center posi-
tion p;, a symmetric positive-definite covariance matrix €2;,
an alpha value «;, and appearance attributes encoded using
spherical harmonic coefficients h; [23]. Unlike approaches
requiring different representations for surfaces (e.g., meshes
or implicits) and volumes (e.g., voxel grids), Gaussian prim-
itives can represent both surfaces and smoke, simplifying
optimization and rendering.

3.3. Modeling scattering media using Gaussians

We decompose the smoke-filled scene into two sets of Gaus-
sians: surface Gaussians G representing surfaces in the scene,
and smoke Gaussians S capturing the dynamic smoke plume.
Before detailing these sets, we explain how to render images
using Gaussian primitives.

We first define the transmittance function, which is central
to volumetric rendering. For a ray r(¢) = o + td starting at
position o in direction d, the transmittance T, (t) represents
the probability that the ray travels from its origin to point
r(t) without obstruction. It is defined as:

(0 = e (- | o(s)ds). 1)

where o(s) is the density function along the ray, and ¢,, is
the near-plane distance. In a scene with both surfaces and
smoke, we have two density functions: o (t) for surfaces and
os(t) for smoke. The combined transmittance is:

Trio i) =ex0 (= [ o) 4ol s) @)
T, (1) T, (1), )

which represents the probability of the ray reaching point
r(t) without hitting either a surface or smoke particles.
Chen et al. [4] have shown that the volume rendering

equation for a scene with mixed density takes the form:

C(r,d) = /t " o(x(t), d)o () Ty s, (£) dt

n

. Clurface (4)
+ / eu(t(1))0n() Ty s (8) d,
t

n

Csmoke

where ¢ is the far-plane distance. Our dual Gaussian repre-
sentation directly maps to this equation, where the surface
Gaussians G correspond to Cyyface With color ¢ and opacity
o, whereas the smoke Gaussians S correspond to Cypoke
with color ¢4 and opacity os. Rendering the union G U S is
equivalent to computing the rendering equation (4).

The rendering equation for the clear-view surfaces with-
out smoke interference is given by:

Contrd) = [ ) Qe dt. G)

n

Rendering only the surface Gaussians G is equivalent to
computing the rendering equation (5). By modeling surface
and smoke separately, we achieve effective smoke removal
through selectively rendering only surface Gaussians.

3.4. Modality-specific representations

Building on the Gaussian representation described in Sec-
tion 3.2, we extend the model to handle both RGB and ther-
mal modalities. We use {TRB} % and {17157 0 denote
our RGB and thermal image collections respectlvely, with
associated camera poses PRSP and P[.
For our dual Gaussian representation:
 Surface Gaussians G maintain the parameters from Sec-
tion 3.2 but with modality-specific spherical harmonic
coefficients (h?GB, hZ-T), and modality-shared opacity a.



¢ Smoke Gaussians S have modality-specific spherical har-
monic coefficients and opacities (aX® > a), reflecting
the physical properties described in Section 3.1. In addi-
tion, they are time-varying to capture smoke dynamics.

3.5. Stage 1: Generating segmentation masks and
obtaining poses

In this stage, our objective is to estimate camera poses for

RGB and thermal images in a common coordinate system.

Accurate cross-modal poses are a prerequisite for any multi-

view fusion; without them, correspondence and consistency

losses are ill-defined. This task is challenging due to the
different sensor responses between these modalities, which
complicates cross-modal feature matching. Additionally, the
featureless appearance and dynamic smoke in RGB images
impede reliable feature extraction.

We address these challenges with a three-step approach:

1. Smoke segmentation: We use GroundedSAM [26], based
on SAMv2 [25], to identify and mask out smoke-affected
regions in RGB images. Doing so ensures we match only
features from reliable, smoke-free areas.

2. Independent 3D reconstructions: We run MAST3R-
SfM [7] independently on RGB and thermal images. Us-
ing the masks from the previous step, we discard matches
in the smoke regions of RGB images. Though MAST3R-
SfM handles RGB-RGB and thermal-thermal matching
well, it struggles with RGB-thermal matching.

3. Cross-modal registration: We use MINIMA [13], which
is specialized for cross-modality matching, to establish
2D correspondences between RGB-thermal image pairs.
We then lift these correspondences to 3D using the 2D-3D
mappings from the per-modality calibration. Doing so en-
ables the estimation of a similarity transform 7" € Sim(3)
that aligns the RGB and thermal coordinate systems.

3.6. Stage 2: Reconstructing the scene using ther-
mal images

In this stage, we obtain a first reconstruction of the scene
geometry using only thermal images, which are minimally af-
fected by smoke. We run vanilla 3D Gaussian splatting [14]
on the thermal sequence, which outputs a smoke-free repre-
sentation of the scene geometry. The surface reconstruction
is coarse due to the low resolution of thermal images, but
serves as a reliable initialization for our surface Gaussians.

3.7. Stage 3: Fusing RGB-thermal information and
refining geometry

In the final stage, we jointly optimize surface and smoke

Gaussian sets using both RGB and thermal images:

* Surface Gaussians: Initialized from Stage 2, these Gaus-
sians remain static and maintain identical opacity across
modalities. We augment them with spherical harmonic
coefficients to capture RGB appearance.

* Smoke Gaussians: Randomly initialized within the scene
bounds, these Gaussians evolve temporally and exhibit
modality-dependent opacity, to model smoke’s varying
visibility in RGB versus thermal images (Section 3.1).
Though in principle we could use Mie theory to model
opacities, we opt for a more flexible approach with two in-
dependent variables for smoke visibility in each modality.

3.7.1 Modeling the dynamic smoke

Our approach explicitly accounts for the temporal evolution
of smoke, which is critical for applications such as firefight-
ing where smoke behavior is dynamic and unpredictable.
Accounting for smoke motion enables more accurate sur-
face reconstruction in areas temporarily occluded by passing
smoke, and improves separation of surface and smoke. We
model the dynamics of smoke following the deformable 3D
Gaussians framework [32]. This framework uses 3D Gaus-
sians in a canonical space, along with a deformation field to
model motion over time. To model this field, we use a multi-
layer perceptron (MLP) that takes as input the positions of
the 3D Gaussians and a timestep ¢, and outputs offsets in
position, scale, and rotation. These offsets transform the
canonical 3D Gaussians to the deformed space at each time.
We use a bimodal Gaussian distribution following [16] to
model smoke opacity as a function of time.

3.7.2 Priors on properties of smoke Gaussians

To facilitate accurate surface-smoke separation and model-

ing of realistic smoke behavior, during optimization we use

priors motivated by physical properties of smoke:

* Smoke consistency: We minimize variance in opacity and
color across smoke Gaussians:

Lsmoke,alpha = Var({ai}iES) 6)

Lsmoke,color = Var({c7}165) (7)
This prior reflects the physical observation that smoke
particles in a local region typically have similar optical
properties. In real smoke, particles of similar size and
composition would have nearly identical opacity and scat-
tering properties. By enforcing consistency across smoke
Gaussians, we prevent unrealistic variations from arising
during optimization. Though the loss should ideally ap-
ply to Gaussians in local neighborhoods, we found that
applying it across all Gaussians works well in practice.
* Monochromaticity: We enforce consistent color channels
across smoke Gaussians:

Lumono = »_ Var(c', ¢, c}). ®)
i€S
This prior reflects the physical property that smoke typi-

cally appears as a neutral gray color. It prevents our model
from generating implausible colored smoke.



* Depth consistency: We align the surface Gaussians with
monocular depth cues:

Laeptn = ||d; — di, )

where d; denotes predicted depth on a thermal image using
a monocular depth estimation model [31] and czi is the ren-
dered depth from the surface Gaussians using thermal cam-
era parameters. This prior leverages the smoke-penetrating
property of thermal imaging (Section 3.1). Since thermal
images are minimally affected by smoke, they provide
reliable depth cues for the underlying surface geometry,
helping to prevent surface Gaussians from being incor-
rectly positioned in smoke-occluded regions.

* Mask alignment: The alpha values of smoke Gaussians
should be consistent with the masks from Stage 1:

Lmask = HMpred - MGTHla (10)

where M, cq and Mg are the pixel-wise accumulated
alpha values of the rendered smoke Gaussians and seg-
mentation masks, respectively. This prior ensures spatial
consistency between our reconstructed smoke volume and
the observed smoke regions in input images. It helps
constrain the optimization to place smoke Gaussians in
only regions with smoke present, and prevent them from
appearing in smoke-free ones.
The total optimization loss is a weighted sum of these
physically-motivated priors and a standard rendering loss for
RGB and thermal images:

Ltotal = )\renderLrender + Asmoke,alphaLsmoke,alpha
+ /\smoke,colorLsmoke,color + /\rnonoLmono
+ )\depthLdepth + )\maskLmask~ (] ])

This formulation enables separation of scene geometry
from smoke, while maintaining physical consistency across
the RGB and thermal modalities.

4. Experimental evaluation

We evaluate our method on synthetic and real-world datasets
to demonstrate its effectiveness for smoke removal and 3D
scene reconstruction. We compare against state-of-the-art
methods, and validate our design choices through ablation
studies. We provide implementation details in the supple-
ment, and video results on the project website.

4.1. Datasets

Synthetic dataset. For quantitative evaluation with ground
truth, we create a synthetic dataset using Blender’s
Mantaflow [28] smoke simulator. The dataset comprises
10 scenes: 5 object-level scenes from the NeRF synthetic
dataset [22], and 5 large-scale scenes. For each scene, we
generate 150 RGB and thermal frames with dynamic smoke.

Method PSNR1 SSIM?T LPIPS|
ImgDehaze + 3DGS 14.42 0.37 0.318
Ours (RGB only) 15.08 0.38 0.326
Ours (Full) 19.92 0.76 0.247

Table 1. Quantitative results on the synthetic dataset for novel view
synthesis. Our full method outperforms all baselines.

Real-world dataset. In collaboration with our county’s
fire department, we collected a real-world dataset using a
Spirit drone equipped with roughly co-located RGB and ther-
mal cameras. There is no time synchronization between the
frames captured by the RGB and thermal cameras on the
drone, which makes relative pose estimation challenging. We
do not report quantitative metrics for the real-world dataset
as obtaining true ground truth is challenging in such environ-
ments. Instead, we provide an approximation which we refer
to as “Reference” in the figures. We provide more details
in the supplement. This dataset presents several challenges
not found in synthetic data, including: imperfect alignment
between RGB and thermal cameras, unpredictable smoke
motion due to wind, and motion blur from drone movement.
These factors make our real-world dataset a rigorous bench-
mark for evaluating the practical utility of smoke removal
algorithms in safety-critical applications.

4.2. Baseline methods

We compare three methods:

» ImgDehaze + 3DGS: A two-stage approach that first
applies a state-of-the-art single-image dehazing method
(ConvlR [6]) to each RGB frame, then uses deformable
3DGS [32] on the dehazed images.

* Ours (RGB only): Our approach using only RGB images
(Stage 3 without thermal input).

* Qurs (Full): Our complete approach using both RGB and
thermal images.

We could not compare with DehazeNeRF [4], the prior work

closest to ours, due to lack of open-source code.

4.3. Results

Synthetic data results. Table | presents quantitative re-
sults for novel view synthesis on our synthetic dataset, using
the PSNR, SSIM, and LPIPS [34] metrics. Our full method
outperforms all baselines across all metrics, especially in
scenes with heavy smoke where we achieve a PSNR gain of
up to 4.8 dB over the RGB-only approaches.

Figure 4 shows qualitative results on the synthetic dataset.
Our method removes smoke while preserving fine details
in the scene. In contrast, baseline methods either fail to
completely remove smoke or introduce artifacts.
Real-world data results. Figure 5 demonstrates our
method’s effectiveness on real-world data. The improve-



Thermal Image RGB Image Ground Truth Ours (Full) ImgDehaze Ours (RGB only)

Figure 4. Qualitative results on the synthetic dataset. Our full method effectively removes smoke while preserving structural and texture
details, outperforming RGB-only approaches.

ImgDehaze Ours (RGB only)

Thermal Image RGB Image Reference Ours (Full)

Figure 5. Qualitative results on the real-world dataset. Our method successfully removes smoke in challenging real-world conditions while
preserving scene details.

ment is particularly noticeable in regions with dense smoke, while preserving texture details critical for scene understand-
where baseline methods struggle to reconstruct the scene ing.
geometry. Our method fuses complementary information

; .. . Though real-world reconstructions exhibit some artifacts,
in RGB and thermal modalities, to improve smoke removal g

e.g., residual wisps of smoke or reduced color saturation un-
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Figure 6. Visual comparison of ablation configurations. Each image shows the result of removing a specific prior from our full method. Our
method is able to recover the bricks in the wall of the house better than other configurations.

Configuration PSNR1 SSIM?T LPIPS |
W/0 Lsmoke_alpha 18.96 0.68 0.312
W/0 Lsmoke._color 19.02 0.71 0.289
w/0 Liono 19.78 0.76 0.248
w/0 Lepth 19.88 0.75 0.252
W/0 Liask 19.82 0.74 0.251
Ours (Full) 19.92 0.76 0.247

Table 2. Ablation study showing the impact of each component in
our framework. Each prior contributes to the overall performance,
with the depth consistency prior having the most significant impact.

der extreme occlusion (Figure 5), they represent a substantial
improvement in situational awareness. For first responders,
the ability to discern room layout, locate doorways, and
identify obstacles even at reduced fidelity turns an unusable,
smoke-obscured video stream into an actionable 3D map.

4.4. Ablation study

Table 2 shows an ablation study on individual components
in our framework. Each component provides a measurable
performance improvement, and the combination of all com-
ponents yields the best results. The depth consistency prior
(Lgeptn) significantly improves performance, highlighting
the importance of leveraging thermal information for accu-
rate geometry reconstruction in smoke-filled environments.

Figure 6 provides a visual comparison of different ab-
lation configurations. Without the smoke consistency pri-
ors (Lsmoke_alpha ad Lgmoke_color), the model struggles to
separate smoke from surfaces. Without the monochromatic-
ity prior (Lmono), the model generates unrealistic colored
smoke. The depth consistency prior (Lgepth) is important
for real-world scenes where the camera poses might be noisy.
The mask alignment prior (L,a5x) helps localize smoke and
place smoke Gaussians in the correct location.

5. Conclusion

We presented SmokeSeer, a framework for joint 3D scene
reconstruction and smoke removal in dynamic smoke-filled
environments. Our key insight is to leverage the complemen-
tary strengths of RGB and thermal imaging to decompose the
scene into its surface and smoke components. We achieved
this using a 3DGS-based inverse rendering pipeline to opti-

mize separate smoke and surface Gaussians, appropriately
regularized to account for their different physical properties.
We demonstrated our method on synthetic datasets and real-
world environments representative of firefighting settings.
Our experiments in real-world firefighting scenarios demon-
strate practical viability for emergency response applications.
By publicly releasing our code and dataset, we aim to estab-
lish a foundation for future research in vision through smoke
and multimodal scene understanding.

Limitations and future work. Though our method
achieves state-of-the-art performance in smoke removal and
3D reconstruction, several limitations remain. First, we
model the temporal evolution of smoke using a deformation
field, without explicitly incorporating physics-based priors
such as fluid dynamics. Future work could integrate pri-
ors based on the Navier-Stokes equations to better capture
smoke’s physical behavior [5]. Second, our method requires
careful balancing of multiple loss terms during optimization
(Equation 11), and cannot handle very dense smoke that
might occlude the scene completely. Future work could in-
corporate generative priors to provide stronger guidance at
regions heavily occluded by smoke.
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