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Abstract

Thermal cameras provide reliable visibility in darkness
and adverse conditions, but thermal imagery remains sig-
nificantly harder to use for novel view synthesis (NVS) than
visible-light images. This difficulty stems primarily from
two characteristics of affordable thermal sensors. First,
thermal images have extremely low dynamic range, which
weakens appearance cues and limits the gradients avail-
able for optimization. Second, thermal data exhibit rapid
frame-to-frame photometric fluctuations together with slow
radiometric drift, both of which destabilize correspondence
estimation and create high-frequency floater artifacts dur-
ing view synthesis, particularly when no RGB guidance (be-
yond camera pose) is available. Guided by these observa-
tions, we introduce a lightweight preprocessing and splat-
ting pipeline that expands usable dynamic range and stabi-
lizes per-frame photometry. Our approach achieves state-
of-the-art performance across thermal-only NVS bench-
marks, without requiring any dataset-specific tuning.

1. Introduction

Thermal cameras capture long-wavelength radiation emit-
ted and reflected by surfaces, revealing structure that is of-
ten invisible to RGB sensors. Thermal cameras function re-
liably under conditions that challenge visible-light imaging;
such as darkness, fog, or smoke, and expose information re-
lated to temperature and material properties. These charac-
teristics make thermal imaging a valuable sensing modality
for applications including autonomous driving [2, 5], envi-
ronmental monitoring [33], infrastructure inspection [24],
robotics [6] and search-and-rescue [43]. Extending these
capabilities to 3D perception through novel view synthesis
(NVS) would enable reliable scene reconstruction in set-
tings where visible-light cameras fail.

Novel view synthesis (NVS) enables reconstructing
scene geometry and appearance from posed image collec-
tions and has become a reliable 3D perception tool for

RGB imagery, supporting applications in robotics [34], au-
tonomous driving [13], and AR/VR [18]. Its effectiveness
stems from the rich texture, stable photometry, and consis-
tent multiview observations typically available in visible-
light data. These assumptions, however, do not hold for
thermal imagery, making NVS substantially more challeng-
ing despite its benefits in low-visibility settings.

Thermal images lack the chromatic and textural cues that
support reliable correspondence in RGB and exhibit sensor-
induced inconsistencies that disrupt geometric and photo-
metric agreement across views. These violations of mul-
tiview consistency make direct translation of RGB-based
NVS pipelines unstable and often lead to geometric errors
or radiometric artifacts. Consequently, most prior work re-
lies on paired RGB–thermal inputs [12, 20, 22, 29, 38, 46],
using RGB to recover structure while treating thermal mea-
surements as an auxiliary channel. However, this depen-
dence on visible-light imagery limits applicability in the
very conditions where thermal sensing is most valuable,
motivating the need for reliable thermal-only NVS. Fig. 1
highlights the challenges in thermal data and illustrates our
SOTA NVS performance.

This paper provides a rigorous framework for evaluat-
ing and improving thermal-only NVS by examining how
thermal-specific degradations appear in real data. To un-
derstand how these issues manifest in practice, we exam-
ine several public multiview thermal datasets and document
their shared characteristics: low dynamic range, photomet-
ric fluctuations, slow radiometric drift, and limited texture
across views. Although the severity of these effects varies
by dataset, they consistently reduce the stability of mul-
tiview correspondence and motivate the need for prepro-
cessing steps that normalize thermal observations before
reconstruction. Guided by these observations, we develop
a Gaussian-splatting pipeline tailored to the characteristics
of thermal imagery. Our approach integrates a lightweight
preprocessing module that expands usable dynamic range
and stabilizes per-frame photometry, followed by a splat-
ting stage adapted to operate reliably under the reduced dy-
namic range, texture and radiometric variability of thermal
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Figure 1. Our method overcomes significant challenges in thermal images. Thermal data contain limited texture and lack multispectral
cues, making correspondence estimation harder than in RGB. They also exhibit sensor-specific degradations, including (a) frame-to-frame
photometric inconsistency from sensor heating, (b) softened transitions between hot and cold regions characteristic of microbolometer
sensors, (c) vignetting that produces viewpoint-dependent attenuation, and (d) fixed-pattern noise visible as structured artifacts. Our method
explicitly stabilizes the photometry in (a), while the effects in (b–d) are mitigated in our SOTA reconstructions (e) through multiview
consistency enabled by a novel embedding approach for learned appearance modeling.

data. Together, these components enable high-fidelity NVS
from purely thermal inputs and improve performance across
diverse datasets without dataset-specific tuning.

2. Related Work
2.1. Novel View Synthesis
Novel view synthesis (NVS) has advanced rapidly through
representations that recover continuous scene structure
from posed image collections. Neural Radiance Fields
(NeRF) made a major breakthrough by optimizing a vol-
umetric radiance field to reproduce observed RGB views
with high fidelity [25]. Subsequent work improved robust-
ness and efficiency through antialiasing [1] and fast mul-
tiresolution encodings [27]. Explicit approaches further
pushed efficiency by replacing neural volumetric fields with
sparse voxel grids [9] or with the anisotropic primitives used
in 3D Gaussian Splatting [16]. Together, these advances il-
lustrate the shift from slow neural radiance fields toward
fast, explicit primitives that support high-quality NVS.

Standard NVS pipelines degrade when appearance varies
across views, leading to drifting color estimates, incorrect
density inference, and unstable geometry. Several meth-
ods address these issues through appearance modeling, in-
cluding per-frame embeddings for “in-the-wild” scenarios
that adapt to illumination or style changes [23], or through
joint pose refinement [19]. Other approaches target ex-
treme low-light conditions by training directly on noisy
raw measurements [26]. Recent extensions adapt Gaussian-
splatting representations to uncontrolled photo collections
by incorporating robust initialization, exposure normaliza-
tion, or appearance conditioning [7, 17, 37, 39, 44]. Collec-

tively, these works highlight the need for specialized tech-
niques for NVS under appearance shifts, low-light noise, or
pose uncertainty. These challenges are amplified in thermal
imaging, where low contrast, radiometric drift, and impre-
cise poses further destabilize reconstruction. In this work,
we extend the in-the-wild paradigm to thermal NVS, adapt-
ing appearance modeling to address these domain-specific
challenges.

2.2. Thermal Imaging
Thermal cameras, and in particular the affordable mi-
crobolometer sensor-based images, suffer from strong arti-
facts that make NVS particularly challenging. First, thermal
images contain fixed pattern noise due to fabrication imper-
fections [14, 31]. Numerous hardware [28] and algorithm-
based [10, 11, 14, 21, 32, 36] solutions exist, but they of-
ten only partially address the fixed pattern noise. Second,
thermal cameras suffer from drifts due to internal heating,
causing poor radiometric consistency [36]. As we will see
later, this has a debilitating effect on the quality of NVS im-
ages. Finally, thermal images suffer from ghosting due to
thermal inertia [30], and lack texture, implying both pose
estimation, and training the radiance fields is challenging.

2.3. Thermal+RGB NVS
RGB–thermal NVS methods leverage RGB imagery to
compensate for the weak texture, radiometric drift, and pose
instability characteristic of thermal sensors. In [29], the au-
thors evaluate strategies for integrating thermal inputs into
radiance-field pipelines, showing that explicitly adding a
second thermal branch yields sharper reconstructions than
fine-tuning or single-branch designs. Lin et al. [20] takes a



Figure 2. Dataset-level radiometric and spatial-frequency characteristics. (a) Standard deviation of the relative mean-intensity change
∆It across scenes. Thermal sequences show substantially larger radiometric fluctuations than RGB, with variation levels differing no-
ticeably across datasets. (b) Radially averaged power spectra, averaged per dataset. Thermal frames consistently exhibit reduced high-
frequency energy compared to RGB; among thermal datasets, TI-NSD shows comparatively stronger high-frequency content.

two-model approach, optimizing separate RGB and thermal
NeRFs while enforcing cross-modal consistency through an
L1 density regularizer, allowing RGB to guide the geome-
try while preserving modality-specific appearance. Ther-
moNeRF [12] applies a similar paired-modality formula-
tion to architectural scenes, using aligned RGB–thermal im-
ages to learn density while predicting color and temperature
through separate networks. Additional work uses thermal
measurements to improve reconstruction in low-light con-
ditions [38, 46] or adapts Gaussian splatting to thermal in-
puts [22], and other approaches incorporate thermal cues
to stabilize RGB NVS in smoke-filled environments[15].
Together, these methods demonstrate that RGB supervision
significantly improves pose stability, geometry quality, and
radiometric consistency for thermal data, but they require
paired multimodal capture, motivating the need for thermal-
only NVS methods.

2.4. Thermal-Only NVS

Thermal-only NVS aims to reconstruct geometry and ap-
pearance directly from thermal imagery, but prior work
shows that weak texture, low dynamic range, and radio-
metric instability cause standard NeRF or 3DGS pipelines
to struggle on thermal-only data [20, 29]. Here we
consider the problem of view synthesis only, assuming
that camera poses are known for all methods. In prac-
tice, estimating camera poses from thermal images in also
difficult, requiring RGB images or other sensors (e.g.,
IMUs). Thermal-NeRF learns radiance fields from a
single infrared camera by introducing thermal mapping
that normalizes intensity responses to 0-255 range and a
structural patch constraint that stabilizes training in low-
texture regions [41]. Thermal3D-GS adapts Gaussian
splatting to thermal data through physics-inspired model-
ing and temperature-consistency constraints, and demon-
strates improved reconstruction on a newly collected ther-

mal multiview dataset [4]. Other thermal-only approaches
explore emissive–residual Gaussian decompositions [35],
degradation-aware radiance-field optimization for blurry
or rolling-shutter thermal inputs [3], thermal radiance
prediction with physically motivated rendering [8], and
segementation-based preprocessing schemes that enrich
thermal signals for pose recovery [45]. Together, these
works show that thermal-only NVS is feasible but remains
strongly limited by low-dynamic-range, blur, and radiomet-
ric instability inherent to thermal sensors.

3. An Analysis of Multiview Thermal Datasets

Multiview thermal datasets display a range of sensor behav-
iors that differ from those commonly encountered in RGB
imagery. Because these characteristics influence how reli-
ably an NVS pipeline can interpret thermal observations, it
is important to examine how they appear in real sequences
before introducing a reconstruction method. In this section,
we analyze several representative datasets to identify recur-
ring properties of thermal multiview capture that are most
relevant to downstream NVS performance.

We analyze six publicly available multiview ther-
mal datasets used across recent thermal NVS studies:
Lin et al.[20], Ye et al.[41], MVTV[38], MSX[22],
ThermalMix[29], and TI-NSD[4]. These datasets differ in
sensor type, acquisition protocol, and scene content, span-
ning both uncooled microbolometers and cooled detectors,
indoor and outdoor environments, and static and mobile
capture setups. This diversity allows us to separate dataset-
specific artifacts from properties that consistently appear
across thermal imagery.

We characterize dataset behavior using three diagnostics
that capture photometric stability, spatial-frequency con-
tent, and effective dynamic range. To assess radiometric
stability, we measure the relative change in mean intensity



Figure 3. Photometric stabilization and contrast enhancement (a) An input thermal frame, with less contrast and texture than the
corresponding RGB image (b). Notice the photometric drift when compared to reference frame (c), which shows the same scene at a
different time point. (d) Our invertible enhancement improves photometric inconsistency and image contrast. (e) Temporal mean intensity
across frames showing reduced radiometric drift after stabilization. (f) Normalized spatial frequency spectrum with enhanced thermal data
resembling RGB statistics. (g) Our preprocessing expands the effective dynamic range of thermal images, shown with pixel instensity
distributions on a sample frame. (h) Improved structural consistency and stability, illustrated by an elevated number of tracked SIFT
features per frame. See Sec. S1 for more examples.

across frames,

  \Delta I_t = \frac {\mu _t - \bar {\mu }}{\bar {\mu }}, 
 


 (1)

where µt is the mean pixel value of frame t and µ̄ is the
average intensity across the sequence. Large fluctuations
in ∆It indicate exposure drift or sensor-heating effects that
disrupt brightness constancy and can destabilize correspon-
dence estimation, often producing floater artifacts. Dataset-
level trends appear in Fig. 2a, with additional per-scene ex-
amples in the supplemental material (Sec. S1.1). To analyze
spatial-frequency characteristics, we compute radially aver-
aged power spectra,

  S_t(f) = \frac {1}{N_f} \sum _{(u,v): \|(u,v)\| \approx f} \big | \mathcal {F}(I_t)(u,v) \big |^2, 








 (2)

which describe how image energy is distributed across fre-
quencies. Higher frequencies correlate with texture, sharp
edges, and sensor noise. Across datasets, thermal frames
exhibit attenuated high-frequency responses due to the mi-
crobolometer’s smoothing behavior. This reduction in spa-
tial detail weakens geometric and photometric cues that
NVS methods typically rely on for stable multiview align-
ment. Dataset-wide frequency trends are summarized in
Fig. 2b, with per-scene examples provided in the supple-
mental material (Sec. S1.2). Finally, we examine pixel-
intensity histograms to evaluate effective dynamic range.
Thermal images often occupy a narrow portion of the avail-
able intensity space, leading to reduced contrast and weaker
optimization gradients. See Fig. 3 for representative his-
togram behavior with additional examples at Sec. S1.3.

Together, these diagnostics highlight the radiometric and
contrast-related characteristics that shape thermal multi-
view data and identify the input properties that most chal-
lenge existing NVS pipelines.

In addition to these dominant trends, smaller artifacts
such as vignetting and fixed-pattern noise further compli-
cate multiview consistency. The following section intro-
duces a lightweight preprocessing and splatting pipeline in-
formed by these observations.

4. Method

Our approach consists of two components: a con-
trast–stabilizing preprocessing stage and an adaptation of
3D Gaussian Splatting (3DGS) to the thermal domain.
The preprocessing normalizes temporal radiometry and en-
hances effective contrast, while the splatting stage mod-
els thermal appearance using a scalar emission represen-
tation conditioned on per-frame and per-Gaussian embed-
dings (Fig. 4).

4.1. Photometric Stabilization & Enhancement

Thermal sequences exhibit frame-to-frame drift and low ef-
fective dynamic range (Sec. 2). We address these effects
using our two-step, monotonic transformation composed of
sequential histogram alignment and brightness-preserving
bi-histogram equalization (BBHE).

Let It denote the t-th frame, and let x ∈ [0, 1] denote
a normalized pixel intensity. We maintain an exponen-
tially averaged reference Cumulative Distribution Function



Figure 4. Our pipeline. Given thermal frames and camera poses, we first stabilize the inputs to ensure consistent training data across views
(bottom). The frames are modeled with a novel combination of per-Gaussian embeddings, which encode spatial appearance, per-frame
embeddings, which capture residual temporal artifacts, and a physics-restricted parameter set (grayscale with no spherical harmonics)
that stabilizes learning. These components jointly enable consistent thermal reconstruction while preserving fine geometric and intensity
details.

(CDF) F ∗
t ,

  F_t^{*}(x)= (1-\alpha )F_{t-1}^{*}(x)+\alpha F_t(x), 
    

   (3)

where Ft is the CDF of It and α controls temporal smooth-
ing. Each frame is stabilized by mapping its distribution to
the reference:

  I_t'(x)=(1-\beta )x+\beta \,F_t^{*-1}(F_t(x)),      
  (4)

with β ∈ [0, 1] balancing identity and alignment. This
step suppresses photometric drift while adapting smoothly
to gradual scene changes. We apply BBHE to I ′t, splitting
the histogram at its mean intensity Tµ

t and equalizing the
lower and upper subranges independently:

  \hat {I}_t(x)= \begin {cases} T_t^{L}(x), & x\le T_t^{\mu }, \\ T_t^{U}(x), & x> T_t^{\mu }. \end {cases} 



   




   


(5)

Because both operations are monotonic and one-to-one, the
overall transformation is analytically invertible and pre-
serves a recoverable mapping to the original radiometric
scale through a LUT. See Fig. 3 and Sec. S1 for examples
of stabilized and contrast-enhanced frames.

4.2. Modeling “Wildness” for Thermal Learning
We adapt 3D Gaussian Splatting to thermal data by sim-
plifying the emission model and incorporating appearance
embeddings to handle the residual inconsistencies observed
after preprocessing. In thermal imaging, emission is ef-
fectively isotropic and single-channel; therefore, instead of
predicting RGB colors with spherical harmonics, each 3D
Gaussian stores a single scalar emission value. This reduces
the complexity of color modeling and aligns the model to
the physics of thermal imaging but it also makes the recon-
struction more sensitive to frame-dependent fluctuations.

To address these residual inconsistencies, we adopt
an embedding-based appearance formulation following the
“3DGS-in-the-Wild” literature [7, 17, 37, 39, 44]. Each
Gaussian and each frame is assigned a small learnable
embedding vector, e

(g)
i and e

(f)
t , respectively, and a

lightweight MLP maps these embeddings to a scalar emis-
sion,

  c_i(t) = f_{\theta }\!\big (\mathbf {e}_i^{(g)},\,\mathbf {e}_t^{(f)}\big ),  



 





 (6)

which allows the model to absorb smooth frame-dependent
variations caused by microbolometer heating, mild vi-
gnetting, or fixed-pattern noise without distorting the un-
derlying geometry. These emission values are then used in
the usual 3DGS transmittance formulation,

  \hat {I}_t(\mathbf {r}) = \sum _i T_i\,\alpha _i\,c_i(t), 



   (7)

where Ti denotes accumulated transmittance and αi the
opacity of each Gaussian along the ray. During inference,
fixing the frame embedding produces temporally stable re-
constructions while leaving spatial detail unaffected.

As in recent RGB 3DGS algorithms, we use a back-
ground MLP to handle distant regions[37, 40]. The ren-
dered intensity blends foreground and background,

  \tilde {I}_t(\mathbf {r}) = (1 - m(\mathbf {r}))\,\hat {I}_t(\mathbf {r}) + m(\mathbf {r})\,b_{\phi }(\mathbf {d},\,\mathbf {e}_t^{(f)}),      

  (8)

where m(\mathbf {r})=\exp (-\sum _i \alpha _i) 


  is the residual transmittance
along the ray.

We train the model with a weighted sum of L1
error, heat-aware Structural Similarity Index Measure
(SSIM)[41], and a background regularizer[40]:

  \mathcal {L} = \lambda _{1}\,\mathcal {L}_{\text {L1}} + \lambda _{2}\,\mathcal {L}_{\text {HSSIM}} + \lambda _{3}\,\mathcal {L}_{\alpha }.          (9)



Table 1. Thermal-only NVS comparison across six multiview datasets. We report mean PSNR and SSIM across all scenes for six
publicly available datasets. Our analysis of dataset difficulty predicts systematic trends in performance across methods. By designing a
pipeline that addresses thermal data challenges directly, we deliver SOTA performance on thermal-only NVS.

The term LHSSIM emphasizes thermal contrast and structure,
while Lα discourages floaters representing background re-
gions.

5. Results
5.1. Implementation Details
Our system is implemented using the differentiable raster-
ization backend of GSplat [42], adapted for single-channel
thermal imagery. Each Gaussian stores a single emission
coefficient without spherical harmonics, and the emission
MLP uses three hidden layers of width 128 with ReLU ac-
tivations followed by a linear output layer. We train with
the Adam optimizer and weight decay, using distinct learn-
ing rates for geometry, opacity, and appearance parameters.
All scenes are rendered at 1080p resolution; for quantitative
evaluation, we crop and resize the outputs to match the orig-
inal sensor resolution for pixel-wise alignment with ground
truth. Training runs for 30k iterations on an NVIDIA RTX
A6000 GPU without learning-rate scheduling. Gaussian
centers are initialized from sparse COLMAP reconstruc-
tions, which recover stable but relatively sparse geometry
in thermal data.

5.2. Results and Comparison
We compare our method against both general-purpose and
thermal-specific neural reconstruction frameworks. As
standard references, we include NeRF [25] and 3D Gaus-
sian Splatting (3DGS) [16]. To assess performance against
recent thermal pipelines, we evaluate the ThermalMix-TS
variant [29], derived from InstantNGP and designed for
thermal sequences, and two cross-modal approaches, Lin
et al.’s ThermalNeRF [20] and ThermoNeRF [12]. Though
the latter two originally rely on RGB–thermal supervision,
we disable their RGB branches and cross-modal regulariza-
tion losses to evaluate thermal-only performance. Finally,

we include Thermal3D-GS [4], a thermal-only adaptation
of Gaussian splatting that serves as the current state of the
art. All methods are trained under matching data splits, iter-
ation counts, and hardware configuration to provide a con-
sistent evaluation. Quantitative results are summarized in
Tab. 1, and representative novel-view renders are shown in
Figs. 1 and 5.

NeRF and ThermalMix-TS serve as baseline volumet-
ric methods for thermal reconstruction. Across all datasets
in Tab. 1, both models exhibit limited performance, with
NeRF consistently ranking among the lowest in PSNR and
SSIM due to its reliance on high-frequency RGB cues that
are largely absent in thermal imagery. As shown in Figs. 1
and 5, NeRF produces blurred surfaces and washed-out
edges on the MSX Building and MVTV Mason scenes, and
fails to recover background temperature on the Generator
example. ThermalMix-TS improves quantitative accuracy
slightly, benefiting from faster optimization and better edge
localization, yet it remains susceptible to noise and incon-
sistent global brightness. While its hash-based representa-
tion enhances sharpness in small details, it also leads to un-
stable radiometric behavior across frames, leading to arti-
facts in video reconstructions. Overall, both methods reveal
the inherent limitations of RGB-oriented volumetric frame-
works when applied to thermal data.

Both Lin et al. and ThermoNeRF were originally de-
signed as cross-modal methods that jointly leverage RGB
and thermal supervision. In their original formulations,
the RGB branch primarily drives geometric reconstruction,
while the thermal channel acts as an auxiliary modality that
paints radiometric information onto the recovered geometry
and provides additional regularization. When trained us-
ing thermal input alone, this coupling breaks down: both
models lose geometric consistency and fail to recover fine-
scale texture, producing oversmoothed surfaces and flat-
tened temperature gradients. As shown in Tab. 1, their



Figure 5. Comparison to all methods. Representative novel views, PSNR (bottom left, dB), and SSIM (bottom right) across datasets.
Our method yields sharper boundaries and more stable background temperature on challenging scenes (top rows), while maintaining
competitive quality on easier scenes (bottom rows).

Figure 6. Comparison to Thermal3D-GS. Despite competitive
metrics (PSNR in dB left, SSIM right), Thermal3D-GS exhibits
significant failures in geometry and texture, while our method
shows texture like the Human0 window, tree, and smooth wall,
and faithfully reconstructs the Lion paw shape.

overall performance drops sharply across all datasets rel-
ative to thermal+RGB results previously reported in the
literature. Qualitatively (Fig. 5), both methods achieve
slightly better geometry than the baseline NeRF but still ex-
hibit blurred edges and weak contrast. In sequences with
narrow-baseline training views, correspondence estimation
becomes unstable, often leading to ghosting and duplicate
surface artifacts in video reconstructions(see generator ex-
ample in supplementary material). These results demon-
strate that cross-modal frameworks lose much of their effec-
tiveness in a purely thermal setting, underscoring the need
for reconstruction models designed from the ground up for
thermal data.

Among Gaussian-splatting methods, standard 3DGS
provides a strong geometry prior but performs inconsis-
tently on thermal data. As reflected in Tab. 1, it achieves
reasonable SSIM but suffers from notable PSNR drops on

ThermalMix and MVTV, and fails to converge on challeng-
ing MSX Iron Ingot/Landscape and MVTV Tree scenes.
These stability issues are visible in Fig. 5 generator exam-
ple, where the background collapses. Thermal3D-GS im-
proves stability through its ATF and TCM modules, yield-
ing better numerical performance and generally sharper re-
constructions than 3DGS. However, as shown in Fig. 6, the
method fails to capture accurate texture and geometry on
scenes where we succeed, and does not converge on the
MVTV Tree scene. These failures may be because their
ATF module, originally designed to model atmospheric ef-
fects (and hence primarily attenuation of intensity), does
not model the full variety of photometric inconsistencies
that are inherent to thermal images. When the sequence
contains unusually bright frames, Thermal3D-GS underfits
them, causing those observations to reappear as floating ar-
tifacts across a range of novel views. Fig. 7 shows where a
single photometrically inconsistent training frame induces
floaters that gradually assemble into an entire training view-
point in Thermal3D-GS, while our method remains stable.
Our method avoids these failures not by modeling atmo-
spheric scattering, but by directly addressing the underly-
ing issue: thermal sequences contain radiometric fluctu-
ations that require a representation with higher flexibility
than ATF’s attenuation-based formulation. By using photo-
metrically stabilized inputs and an embedding-conditioned
emission model with greater expressiveness, our approach
can represent both bright and dark observations within a
consistent radiometric space, preventing floaters and pre-
serving geometry across views. This advantage is consis-
tent across datasets, where we obtain the best or second-
best PSNR/SSIM in Tab. 1 while maintaining stable behav-
ior even on the most challenging sequences. These differ-



Figure 7. Photometric consistency promotes high-quality reconstruction. We render a smooth camera path for our method (top) and
Thermal3D-GS (bottom). Thermal3D-GS produces bright floating structures that drift across frames and then assemble into a copy of the
photometrically inconsistent training frame (right) when the viewpoint aligns. Our preprocessing and embedding-conditioned emission
model handle this outlier without introducing floaters, yielding stable geometry throughout the trajectory.

Table 2. Ablation study. We demonstrate that our preprocessing algorithm and “in-the-wild” architecture (3DGS + Emission MLP)
independently improve 3DGS performance, and combining them yields superior results. Additional analysis comparing our method to
traditional histogram equalization and evaluating each preprocessing step is provided in Tab. S1

Method
MSX- Ebike T. Mix - Lion MVTV - Human Lin et al. - Sink Ye et al. - Seq.1 TINSD - Sitting Avg.

PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

3DGS (Baseline) 20.45 0.86 19.25 0.71 21.21 0.81 20.81 0.74 28.24 0.83 29.51 0.88 22.25 0.81
3DGS + Preprocessing 22.79 0.86 24.11 0.82 22.01 0.84 23.71 0.78 29.90 0.85 22.42 0.85 23.01 0.83
3DGS + Emission MLP 25.73 0.89 24.17 0.82 24.22 0.89 24.57 0.83 32.12 0.89 25.98 0.87 24.93 0.87
Ours 25.97 0.92 24.25 0.81 26.18 0.90 24.27 0.88 33.32 0.90 30.01 0.87 26.14 0.88

ences are even clearer in the supplemental videos, where
long camera paths reveal temporal stability and the absence
of floaters more clearly than still images. Although our per-
scene training time (∼11 min) is slightly longer than 3DGS
(5 min) and Thermal3D-GS (9 min), the improvement in re-
construction fidelity and temporal stability represents a fa-
vorable quality–efficiency trade-off.

5.3. Ablation Study

As shown in Tab. 2, our preprocessing and emission mod-
eling provide complementary improvements for thermal re-
construction. Preprocessing alone provides modest but con-
sistent gains by stabilizing frame-to-frame radiometric vari-
ation, improving average PSNR from 22.25 to 23.01 dB.
Our in-the-wild baseline, implemented with an emission
MLP and embeddings, models residual temporal artifacts
that fixed Gaussian colors cannot capture, raising average
PSNR to 24.93 dB. Combining both components produces
the best overall performance (26.14 dB / 0.88 SSIM), as
preprocessing also introduces stronger gradients that benefit
the emission model. Improvements are particularly strong
on Human, Ebike, Lion, and Seq.1, while Sitting shows
smaller gains due to the already high quality of the base-
line reconstruction. A detailed breakdown of preprocessing
components and comparison to traditional histogram equal-
ization are provided in Sec. S3.

6. Conclusion

We presented a thermal NVS pipeline designed to ad-
dress two persistent challenges in thermal imagery: strong
frame-to-frame photometric inconsistencies and limited dy-
namic range. Our approach combines a lightweight, in-
vertible photometric stabilization and contrast enhance-
ment stage with a thermal variant of 3D Gaussian Splat-
ting. The preprocessing aligns each frame to a temporally
smooth reference distribution, producing stable, contrast-
enhanced inputs for reconstruction. On top of this, we
adapt appearance-modeling components from in-the-wild
NVS and incorporate a small background-emission MLP
tailored to single-channel thermal data. These components
allow the model to absorb residual radiometric transients
and aberrations. Together, they make thermal NVS feasible
without RGB supervision and improve reconstruction sta-
bility and fidelity under real-world conditions.

Despite these advantages, several limitations remain.
First, the photometric stabilization stage operates offline
and is not jointly optimized with reconstruction, suggesting
future end-to-end formulations that jointly learn radiomet-
ric normalization and geometry. Pose estimation remains
a bottleneck, as tools like COLMAP still underperform on
stabilized thermal frames compared to RGB. Developing
more robust, thermal-aware pose estimation methods is an
important direction for future work.
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