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Abstract

Thermal infrared (TIR) 3D reconstruction provides geom-
etry that is intrinsically coupled to the temperature field,
even in low-light, nighttime, and smoke-obscured environ-
ments. TIR imaging measures self-emitted thermal radia-
tion driven by object temperature and is largely indepen-
dent of external illumination; therefore, simply carrying
over visible-spectrum assumptions to TIR-based 3D recon-
struction and novel view synthesis (NVS) often results in
floating artifacts and blurred edges. In addition, radiomet-
ric inconsistency and low contrast in TIR weaken structure-
from-motion (SfM) initialization, which in turn hinders sub-
sequent 3D Gaussian Splatting (3DGS) optimization. We
present PhysIR-Splat, a 3DGS framework that follows in-
frared radiative transfer: we explicitly model temperature,
emissivity, and environmental irradiance on Gaussian prim-
itives and, during rendering, jointly account for thermal
emission, the reflected component, and atmospheric trans-
mittance to produce physically consistent thermal synthe-
sis.  We also introduce VGGT-IR, a Transformer-based
feed-forward initializer that takes TIR input with optional
RGB and directly regresses camera poses and initial ge-
ometry, providing a modality-aligned and stable starting
point for PhysIR-Splat. Extensive experiments demonstrate
that our method significantly surpasses existing approaches
in thermal reconstruction quality and cross-view consis-
tency, effectively suppressing floating artifacts and enhanc-
ing boundary sharpness. The source code will be publicly
available at hitps:// github.com/JingyuanGao0919/physir-
splat.

1. Introduction

Thermal imaging senses object temperature by measuring
self-emitted radiation without contact. For multi-view ther-
mal infrared (TIR) sequences, 3D thermal reconstruction
aims to recover surface radiance and temperature distribu-
tions, with broad applications in healthcare, emerging med-
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Figure 1. Prior work treats 3DGS color as emitted radiance and
learns a physics-inspired module(e.g.,ATF/TCM [7]) to correct the
renderings, whereas we assign physical quantities to 3DGS prim-
itives and embed Thermal-IR radiative transfer directly into the
renderer.

ical digital-twin and metaverse systems, industrial inspec-
tion, agriculture, and building diagnostics[8, 11, 15, 27, 56].
Conventional approaches typically (i) hand-craft scene ge-
ometry and material parameters and synthesize TIR images
using the radiative transfer equation (RTE) [3, 29, 37, 50];
or (ii) first reconstruct 3D shape from multi-view RGB and
then texture-map the thermal images onto the recovered ge-
ometry [28, 40, 55]. The former struggles to obtain material
and environmental descriptions faithful to reality, whereas
the latter faces challenging cross-spectral registration and
tends to produce streaking/ghosting (“floaters”) and edge
tearing.

Recent 3D Gaussian Splatting (3DGS) [25] has ad-
vanced novel view synthesis (NVS) and 3D reconstruction,
and has been quickly adapted to thermal imaging. Veta-
GS [35] employs a view-dependent deformation field driven
by camera pose and viewing direction to capture ther-
mal variation; ThermalGaussian [30] adopts a multi-modal
Gaussian strategy; Thermal3D-GS [7] models atmospheric
transfer and heat conduction to improve 3DGS rendering for
TIR, boosting novel view synthesis quality. However, many
existing methods retrofit visible-light assumptions and di-
rectly treat the 3DGS color as thermal radiance, as illus-
trated in Fig. 1. Meanwhile, the low texture and radiomet-
ric inconsistency of TIR imagery render keypoint detection
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and matching unreliable, so Structure-from-Motion (STM)-

based [41] pose estimation often degrades, which in turn

weakens 3DGS initialization and convergence.

We propose PhysIR-Splat, a physically grounded 3D
Gaussian framework for thermal reconstruction. For each
Gaussian, we explicitly model temperature, emissivity, and
environmental irradiance. We align to the camera pass-
band using a passband Planck integral lookup table (LUT),
and represent global environmental irradiance with low-
order spherical harmonics. Along each ray, we use emis-
sion—absorption volume rendering with front-to-back ac-
cumulation: each Gaussian contributes emitted radiance
weighted by opacity derived from optical thickness. A
small monotonic response module then fits the sensor’s
radiance-to-gray mapping nonlinearity, unifying the imag-
ing chain of self-emission + environmental reflection — at-
mospheric transmittance — radiometric response. This im-
proves temperature fidelity and physical consistency under
novel views. In parallel, we design VGGT [46]-IR, which
accepts TIR with optional RGB. We extract modality-
specific features using DINOv3[43], fuse them additively,
and use alternating attention to aggregate cross-view infor-
mation. A single forward pass directly regresses camera pa-
rameters and initial geometry. By bypassing feature-based
SfM pipelines that rely on keypoint detection and match-
ing, VGGT-IR effectively mitigates the degradation caused
by low texture and “ghosting” in TIR.

VGGT-IR provides robust poses and geometry, while
PhysIR-Splat delivers physically consistent radiative mod-
eling and high-fidelity rendering. The two components
jointly address the dual bottlenecks of physical realism in
rendering and robustness in initialization. In summary, the
main contributions are as follows:

* We introduce PhysIR-Splat, a physics-driven 3D Gaus-
sian framework that explicitly models temperature, emis-
sivity, and environmental irradiance per Gaussian, en-
abling physically consistent, end-to-end learnable, and ef-
ficient thermal rendering.

* We present VGGT-IR, a Transformer-based feed-forward
initializer that unifies TIR and optional RGB inputs to
directly regress camera parameters and scene geometry,
substantially improving initialization in low-texture and
ghosting scenarios and integrating seamlessly with the
3DGS pipeline.

* We conduct comprehensive evaluations on public
datasets, showing superior camera pose estimation and
novel view rendering quality compared to existing meth-
ods, and validating the effectiveness and robustness of
each component via ablations.

2. Related Work

Conventional 3D Thermal Reconstruction Conventional
pipelines often follow a “geometry first, thermal mapping

later” paradigm: geometry is obtained from active depth
(LiDAR, depth cameras, or their fusion), and TIR is then
projected onto surfaces [4, 5, 26, 42, 45, 57, 58]. This
route is highly sensitive to cross-sensor calibration and tem-
poral synchronization, and further constrained by working
range and reflectance. To reduce dependence on specialized
hardware, photogrammetric methods perform RGB-based
SfM/MVS and then register to TIR [10, 16, 20, 32, 45],
but still require dense, high-quality RGB/TIR pairs. Other
works map thermal images onto textureless polyhedral
models [19, 24] using navigation data and extrinsics, but
remain prone to insufficient matches and pose errors.

Methods based on Neural Radiance Fields (NeRF) [33]
offer recent advances: ThermoNeRF [18] jointly renders
RGB and TIR, using RGB to guide density while sup-
pressing cross-modal leakage; Thermal-NeRF [52] explic-
itly models thermal values with structured thermal con-
straints; Overall, while these methods have advanced both
geometry and thermal appearance, they still rely on precise
cross-modal registration or densely paired data. Their cas-
caded, non-end-to-end pipelines are prone to error accumu-
lation, and their physical consistency and robustness remain
limited in low-texture scenes, under calibration bias, or un-
der complex radiative transfer conditions.

3DGS-based Thermal Reconstruction 3D Gaussian
Splatting (3DGS) [25], with efficient differentiable ren-
dering, has been rapidly extended to TIR. Veta-GS [35]
employs view-cone masks and a view-dependent defor-
mation field driven by pose and viewing direction, to-
gether with thermal features and frequency/edge consis-
tency losses. ThermalGaussian [30] builds a multimodal
3DGS with multimodal initialization, IR-specific Gaus-
sians, and cross-modal regularization to jointly reconstruct
thermal and RGB while balancing quality, speed, and mem-
ory. Thermal3D-GS [7] designs physics-informed mod-
ules—incorporating priors such as atmospheric transmit-
tance and heat conduction—together with a temperature-
consistency loss to optimize 3DGS rendering, thereby im-
proving novel view synthesis quality. Nevertheless, most
3DGS thermal extensions retrofit visible-light assumptions,
lacking accurate modeling of view-dependent thermal ra-
diation and atmospheric transmittance, which limits agree-
ment with the true thermal field. Moreover, non-uniform
correction (NUC) in thermal imaging hampers feature ex-
traction and matching for SfM, making robust pose estima-
tion challenging in 3DGS-style pipelines.

3. Method

3.1. Preliminaries

Infrared Image Decomposition. TeS [14] decomposes
thermal signals into temperature 7 and emissivity e.
TeX [2] further estimates 7T,e and thermal texture X
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Figure 2. PhysIR-Splat rendering pipeline. Each Gaussian primitive carries physical attributes. The TIR imaging chain follows self-
emission + environmental reflection — atmospheric transmittance — radiometric response.

from multi-band IR. As most datasets provide passband-
integrated images and, under a quasi-constant emissivity
assumption (for common materials, ey is nearly constant
within the working band), PID [31] proposes the TeV de-
composition: for pixel a,

)\max
S. = e, / BA(To) d + (1 e) /
A A

min min

Amax ~
Ve Shd,
(1
where the first term is selfemission and the second term is
reflected environmental radiance; S, denotes the passband-
integrated radiance at pixel .. The Planck spectral radiance
is

BA(T) =

2hc? 1
5 e ) )
A exp(5p7) — 1
with h (Planck), k£ (Boltzmann), c (light speed), and tem-
perature 7.

VGGT. VGGT [46] is a large Transformer that, in a sin-
gle forward pass, regresses key 3D quantities from as few
as one view to over a hundred, dispensing with traditional
keypoint-based SfM pipelines. For images {;}¥ ,,

FUIYYL) = {(gi, Diy P T}, 3)

where g; are camera parameters (frame 1 is the world ref-
erence), D; depth, P; dense 3D points, and 7; any-point
tracking features.

3.2. Thermal Gaussian: PhysIR-Splat

Building on the 7eV decomposition [31], we embed the
infrared image-formation chain—self-emission and envi-
ronmental reflection, atmospheric transmittance, and radio-
metric response—into 3DGS, as illustrated in Fig. 2.We
assume a clear propagation path, low aerosols, negligible
LWIR/FIR scattering, and mainly diffuse targets [22]. We
model self-emission with passband-integrated Planck radi-
ance, approximate environmental irradiance by convolving

a Lambertian cosine kernel with low-order spherical har-
monics (SH) [38], and convert the result to exitant radi-
ance, yielding physically consistent and computationally ef-
ficient infrared shading. Geometry is shared with the RGB
branch: each Gaussian’s (u,, X;) and image-plane covari-
ance ¥;img = Jr3;J, are unchanged; only radiometry
and opacity are TIR-specific.

Self-emission. Self-emission is modeled as the band-
integrated Planck radiance [31]:

Amax
B(T) = / BA(T) d), 4
A

where the integral is taken over the TIR camera’s passband.

We precompute a LUT of B(T") and its derivatives to ensure
end-to-end differentiability and numerical stability.

Environmental Reflection. We adopt spectral-angular
separability [38]. Let the passband environment radiance

be Lony (w) = fA;““ Ve S (w)dh ~ > Cim Yim (w).
Convolvmg the cosine kernel with SH gives

1rr g klclm}/lm a

1<2m

2
k‘ozﬂ',]ﬁ:?ﬂp,k‘gzg.

Define reduced irradiance Z(n) = FEi(n)/m:
~ Z kicumYim(n), ko=1,k =2 ky=1%.

1<2,m
(6)

Per-primitive Radiance. We parameterize each primitive
with an in-band emissivity e € [0,1] and set its reflectivity
tor = 1 — e, so that the pixel-level radiance is

S~eB(T)+ (1—-e)I(n), @)

As 3DGS Gaussians tend to be surfel-like, we define per-
primitive radiance:

L =¢;B(T;)+ (1 —e;) I(ny), ®)
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with T; = softplus(:) + Timin and e; = o(+). The normal
n; is initialized via Normal-GS [49] (smallest-eigenvalue
eigenvector of 33;), then optimized under shading supervi-
sion.

TIR-specific Opacity. We introduce a dedicated TIR opac-
ity, independent of RGB. Let the unit-peak density be

pilx) = exp| = 3(x— ) TR x = )] )

Its line integral along x(t) = o+td yields 7;(u) = s;w;(u),
where A; = d"X;'d and \/27/A; is the equivalent thick-
ness. The footprint w;(u) = exp[—3Au" ;. Au], with
Au = u — 7(u;), encodes ray-primitive overlap. Follow-
ing geometric normalization [47], we set a scene-constant
equivalent extinction. Given target center opacity a, €

(0, 1), compute (/27 /A;); over current rays and define

— _ —In(l—ay) = |2z
K—i(\/m%, SZ*KN/A,J (10)

Then

al®(u) = 1 — exp|—s;w; (u))], (11)
used only for TIR; geometry and RGB colors are shared,
while TIR uses (7, e;) and aF.

Atmospheric Transmittance and Rendering. For a ho-
mogeneous atmosphere, transmittance is Tagm(d;) =
exp(—pAd;) with learnable extinction coefficient § and
primitive-camera distance d;. The passband radiance at
pixel u is

K

S(u) =T @)™ () Tapm (di) Li,

i=1 (12)
T = H(l - aj¥(u)),

7<i

which cleanly separates local absorption, path transmit-
tance, and emission.

Radiometric Response. Full radiative transfer includes
weak near-ground path emission Lp,n, which we absorb
on the response side via a global bias b and a monotonic
approximator g (three-layer narrow MLP with Softplus;
weights constrained via W, = softplus(Wg)):

VY (u) = o(gsS(u) +b), (13)
ensuring a strictly monotonic radiance-to-gray mapping.

3.3. Thermal 3D Reconstruction: VGGT-IR

VGGT-IR targets SfM degradation on TIR sequences
(Fig. 3).The input is N IR views with optional RGB from
the same viewpoints. The model is IR-centric with early
feature-level fusion when RGB is present:

Feerar ({IFHL,, [{IFOBYYL ]) = {(gi, Di, P},

(14)
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Figure 3. Overview of VGGT-IR. Multi-view TIR (with optional
RGB) is encoded by a multimodal front-end and an alternating-
attention backbone to directly regress camera poses, depth, and
point maps.

Cameras g; = [¢;, t;, fi] use a unit-norm quaternion ¢; €
R*, translation t; € R?, and focal f; = (fs., fy,i) with the
principal point fixed at the image center. For pixels

P) ={1,... . H} x {1,..., W}, (15)

D; : P(I;) — Ry gives depth and P; : P(I;) — R3 maps
to world points.

We map IR (with optional RGB) into a shared latent
space via separate distilled DINOv3 ViT-L/16 encoders
[43]. We adapt our backbone by taking the average of the
three channels in the weights of the patch embed module
and using it as the weight for the IR channel. We extract the
patch embeddings after the final layer normalization and de-
note them, for view i, by

H w
16 X 16

FIR c R1024X T 16, [FRGB c R1024X%X% ]’ (16)
apply layer normalization (LN) separately to the features
from the two modalities and sum them (falling back to
IR only when RGB is unavailable). A second LN yields
the per-view encoding F;, which is flattened into tokens,

denoted F' g) € RI024X5% A constant reference em-
bedding marks frame 1. Multi-view interaction uses a
12-layer alternating-attention Transformer [46] (12 heads,
width 1024, MLP ratio 4).

Image tokens (Fg )) are passed through a Dense Predic-
tion Transformer (DPT)[39] block to produce a dense fea-
ture map. Two lightweight heads then yield the camera and
dense predictions: (i) a stack of four attention layers fol-
lowed by a linear regressor predicts g; = [q;, t;, f;] (with
q; normalized to unit norm); (ii) a 3x3 convolutional head
outputs the depth map D, and the point map P;.

We then run a lightweight bundle adjustment (BA) [17]
minimizing reprojection error to refine {g;} and a well-
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observed subset Xg1,:

{Gi}, Xaub —arg min

W Xsubz Z (II7T 9, X yHg)v

K3
(17
with projection 7(-), robust penalty p(-), and valid-pixel set
;. The resulting {g;} and Xy, initialize the 3DGS stage.

3.4. Training

Thermal Loss.

Lrr = (1 = X = Asmooth — Aemis) £1 + A Lssim
+ /\smooth Esmooth + /\emis Eemis-

The total loss is
(18)

Smoothness is enforced as a 4-neighborhood total-variation
penalty on the post-response image Y:

1
i > (Wit —

(4,J)€EQ

Yijl +Yije1 =Y,

l);

19)
The emissivity-sparse-

Esmooth =

with pixel set Q and M = |Q].
reflection prior is

N
1
emlb=NZ [re =70l+), Th=1—ex, (20)
k=1

where e, € (0,1) is the k-th primitive emissivity, 7o >
0 a small tolerance, N the number of primitives, [z]; =
max(0, z), and ¢ the Huber penalty [21].

Training VGGT-IR. We train VGGT-IR end-to-end with
the VGGT loss design. To handle optional RGB, we add
RGB with probability 0.2 during training (otherwise IR
only), keeping the model IR-centric yet able to exploit
RGB. Paired IR-visible samples are built by feeding RGB
images from BlendedMVS[51], ScanNet++ v2[53], and
Mapillary Planet-Scale Depth[ 1] into a PID-based [31] dif-
fusion generator to synthesize pixel-aligned IR while pre-
serving geometry and parallax. We also include real multi-
modal data from the Multi-Spectral Dataset [9], which pro-
vides synchronized RGB, LWIR, depth, and pose annota-
tions, using the depth and poses to construct point maps.

4. EXPERIMENT
4.1. Infrared 3D Reconstruction: VGGT-IR

We systematically evaluate the 3D reconstruction perfor-
mance of VGGT-IR, VGGT [46], and COLMAP [41] on
the LWIR sequences of the Multi-Spectral Dataset [9]. The
dataset is captured with a synchronized RGB camera, an
LWIR camera, and a Kinect v2, and provides ground-truth
camera trajectories under diverse indoor/outdoor illumina-
tion conditions. All methods run with unified hyperpa-
rameters on a single NVIDIA H20 (96 GB): we fix the
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Figure 4. Camera pose estimates of COLMAP, VGGT, and
VGGT-IR compared with the ground-truth trajectory on the
deskl-xyz-dim2 dataset. The horizontal axis denotes time ¢,
and the vertical axis shows the x, y, and z coordinate components.

Table 1. Root-mean-square translation error (RMSE) of Absolute
Pose Error (APEJ) on the Multi-Spectral dataset [9] .

Sequence COLMAP VGGT VGGT-IR
deskl1-xyz-dim2 0.3107 0.2133 0.0823
desk1-halfsphere 0.1278 0.0922 0.0807
desk2-halfsphere-ic 0.0643 0.0472 0.0176

RANSAC inlier threshold, perform full bundle adjustment
(BA) for each sequence, and then align the estimated poses
to the ground truth using the Umeyama similarity transform
(global rotation R, translation t, scale s). The metric is the
aligned Absolute Pose Error (APE)-Trans (m), computed
from aligned camera centers.

As shown in Fig. 4, on desk1-xyz-dim2, COLMAP drifts
in weak-texture, low-contrast TIR images; VGGT allevi-
ates this slightly, but long sequences still accumulate errors.
VGGT-IR stays closer to the ground truth along the whole
trajectory, with more stable poses. The quantitative results
in Tab. 1 also show that VGGT-IR achieves lower APE-
Trans (m) on all three sequences. In summary, VGGT-IR is
more adaptive to low texture, low contrast, and NUC resid-
uals, producing more robust poses and reconstructions.

4.2. Thermal Gaussian: PhysIR-Splat

Setup. Our PhysIR-Splat is implemented in PyTorch and
trained on a single RTX 4090 (24 GB). We use Adam with
cosine annealing, decaying the learning rate to 1.6 x 1075;
each scene is trained for 30k iterations; every 8th image is
used for testing. The metrics are PSNR (1), SSIM [48] (1),
and LPIPS [54] ({). The IR channel’s center opacity target
is set to a, = 0.6 (indoor) and o, = 0.4 (outdoor).We set
A = 0.2, Agmooth = 0.05, and A¢pis = 0.05.Most existing
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Table 2. Quantitative results with state-of-the-art IR-only methods on the TI-NSD datasets [7].

Indoor Outdoor UAV Average
PSNR1 SSIMt LPIPS] | PSNRT SSIM?T LPIPS| | PSNRT SSIMt LPIPS| | PSNRT SSIM?T LPIPS|

InstantNGP [34] 2746 0918 0.289 | 2645 0.839 0292 | 20.82 0.680 0.387 | 2491 0.812 0.323

Method

3DGS [25] 3298 0953 0.259 | 28.89 0904 0.227 | 3451 0953 0.119 | 32.01 0936 0.206
Thermal3D-GS [7] | 36.01 0.962 0.252 | 32.60 0942 0.187 | 36.74 0962 0.112 | 35.04 0955 0.187
Veta-GS [35] 37.07 0963 0.240 | 3378 0.947 0.168 | 37.05 0963 0.100 | 3597 0958 0.169
Ours 37.83 0964 0.236 | 3425 0950 0.138 | 3746 0967 0.098 | 36.47 0.960 0.158

Ours(VGGT-IR) | 3841 0.967 0.228 | 3557 0952 0.126 | 3812 0.969 0.096 | 37.33 0962 0.150

Ground truth 3D-GS

Thermal3D-GS

Veta-GS

PhysIR PhysIR(VGGTIR)

Figure 5. Qualitative comparison against current state-of-the-art IR-only methods on the TI-NSD dataset [7].

datasets provide initial point clouds and camera poses es-
timated by COLMAP, which are used to initialize all com-
pared methods. In addition, our method includes a variant
initialized with VGGT-IR.

4.2.1. Comparison with IR-only Methods

Baselines. We evaluate two representative TIR-only re-
construction methods: Veta-GS [35], which models thermal
variations using view-dependent deformation fields, and
Thermal3D-GS [7], which augments 3DGS rendering with
physically motivated mechanisms; 3DGS [25] and Instant-
NGP [34] are included as references.

Dataset. We evaluate scenes ranging from small to large
scale (resolution 480 x 720) on TI-NSD [7], which were
captured with a Zenmuse XT thermal camera spanning a
spectral range of 7.5-13.5 pm.

Results.  As shown in Tab. 2, PhysIR-Splat+VGGT-IR
achieves the best performance on Indoor/Outdoor/UAV and
on the overall average: mean PSNR improves from 35.97
to 37.33dB (+1.36dB), SSIM from 0.958 to 0.962, and
LPIPS drops from 0.169 to 0.150. Fig. 5 further shows:
InstantNGP is blurrier in detail; 3DGS and Thermal3D-
GS exhibit local Gaussian misalignment, causing geome-
try—texture inconsistency; Veta-GS shows “floating” arti-
facts under strong deformation or large parallax. In contrast,

PhysIR-Splat preserves edges and thermal gradient details
better; combined with VGGT-IR, geometry and thermal ra-
diation modeling are more consistent, with fewer artifacts.

4.2.2. Comparison with IR+RGB Multimodal Methods

Baselines. We compare with ThermoNeRF [18], which
guides density using RGB while suppressing cross-modal
leakage, and ThermalGaussian [30], which adopts multi-
modal initialization with thermal constraints; 3DGS is in-
cluded as a reference.

Dataset. We evaluate on RGBT-Scenes [30]. Thermal
infrared data were captured with a FLIR E6 Pro (spectral
range 7.5 um to 13 um). RGBT-Scenes provides Ironbow
pseudo-colored TIR. We perform a one-off per-scene cali-
bration: sample the color bar to build a color—temperature
(linear grayscale) lookup, and convert pseudo-color to
a single-channel thermal signal per pixel. Grayscale is
used for training; for evaluation/visualization we forward-
colorize using the same color bar.

Results. As shown in Table 3, our method signif-
icantly outperforms all baselines on both THERMAL
and RGB modalities across PSNR, SSIM, and LPIPS.
The IR-specific opacity facilitates cross-modality de-
coupling, further improving overall reconstruction qual-
ity. PhysIR-Splat+VGGT-IR attains weighted-average
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Table 3. Quantitative comparison with state-of-the-art (IR+RGB) methods on the RGBT-Scenes dataset [30].

. THERMAL RGB

Metric ~ Method

Dimsum DailyStuff Ebike Building Avg. Dimsum DailyStuff Ebike Building Avg.

3DGS [25] 26.35 18.77 20.89 25776 2452 2391 20.43 26.77 2095 22.20

ThermoNeRF [18] 24.27 17.34 19.70 2331 2242 19.74 16.79 1775 17.12  17.86

PSNR 1 ThermalGaussian [30]  26.46 22.28 2331 26.72 2573 2438 21.76 26.85 24.19 24.13

Ours 27.61 24.89 2548 27.82 27.15 2532 23.76 27.39 2501 25.12

Ours(VGGT-IR) 29.41 27.74 27.89 2950 29.09 27.72 26.02 29.28 27.37 27.44

3DGS [25] 0.889 0.789 0.806 0.872 0.859 0.847 0.748 0.901 0.791 0.810

ThermoNeRF [18] 0.747 0.759 0.694 0.804 0.772 0.688 0.639 0.540 0.460 0.556

SSIM 1+ ThermalGaussian [30]  0.886 0.835 0.862 0.888 0.878 0.858 0.797 0905 0.849 0.849

Ours 0.897 0.852 0.878 0.896 0.889 0.876 0.829 0914 0.866 0.868

Ours(VGGT-IR) 0.909 0.863 0.889 0912 0.902 0.891 0.859 0.929 0.881 0.885

3DGS [25] 0.124 0.274 0.313 0211  0.204 0.194 0.299 0.171  0.228  0.224

ThermoNeRF [18] 0.312 0.494 0.290 0234 0.297 0.228 0.465 0244 0291 0.294

LPIPS | ThermalGaussian [30]  0.129 0.210 0.203 0.177 0.171 0.194 0.253 0.169 0.170  0.188

Ours 0.106 0.178 0.174 0.150 0.144 0.185 0.223 0.143 0.142 0.166

Ours(VGGT-IR) 0.082 0.159 0.152 0.122 0.119 0.161 0.201 0.115 0.120 0.142

i

ThermoNeRF

Ground truth 3D-GS

ThermalGaussian

PhysIR PhysIR(VGGTIR)

Figure 6. Qualitative comparison against current state-of-the-art IR+RGB methods on the RGBT-Scenes [30] (Building, DailyStuff).

PSNRs of 29.09/27.44 on THERMAL/RGB, SSIMs of
0.902/0.885, and reduces LPIPS to 0.119/0.142. Qualita-
tive comparisons in Fig. 6 show that ThermoNeRF tends to
produce overly smoothed outputs with blurred details, and
occasionally suffers large-scale reconstruction collapse in
low-texture regions or under cross-view radiometric incon-
sistency; 3DGS and ThermalGaussian frequently exhibit

prominent floating artifacts and background leakage. In
contrast, our approach yields sharper boundaries and more
consistent thermal edges while substantially suppressing ar-
tifacts.

4.2.3. Emissivity correlation analysis

On RGB views of RGBT-Scenes, we select several 5 x 5
pixel patches. Material categories and their reference emis-
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Table 4. Ablation study on the TI-NSD datasets [7].“Atm. Atten.” stands for “Atmospheric Attenuation.”

Method Indoor Outdoor UAV Average
PSNRT SSIMt LPIPS| PSNR{ SSIM{ LPIPS, PSNR{ SSIM{ LPIPS| PSNRt SSIM? LPIPS]
Full 3841 0967 0228 3557 0952 0.126 38.12 0969 0.096 37.33  0.962 0.150
w/o VGGT-IR  37.83 0964 0236 3425 0950 0.138 3746 0967 0.098 3647 0.960 0.158
w/o IR Opacity  37.20 0.963 0245 3476 0948 0.140 37.53 0965 0.102 3646 0.958 0.162
w/o Atm. Atten. 38.11 0965 0232 3450 0945 0.135 3720 0962 0.105 36.56 0957 0.157
sivities in the LWIR band (75_13 /-Lm) are taken from pub_ Emissivity Consistency on RGBT-Scenes: Est. vs Ref.GT _ 0.18
lic sources and literature [6, 12, 13, 23, 36, 44]. For each 1.00 R2 = 0.830
location, we export from the thermal image renderer the for- WHMBE = 0.9¢2 fete 0.16
ward compositing path along the camera ray (top 16 Gaus- 095 h
sians and their contribution weights). Using these weights, z v
we perform a weighted read-out of the model emissivity and 0% /,‘qd - 014
average within the patch. Figure. 7 shows that most com- ui ‘I‘ E
mon materials cluster near the diagonal, with a few (e.g., g 08 012"
glass and steel) deviating. These results indicate that our % 0.0 Patch count
method provides broadly consistent and physically reason- o @ Ez:g .
able emissivity estimates for the vast majority of common 075 . Ne148 '
materials in the scene; for the small set of highly challeng- @,
ing materials (e.g., glass/metal with strong specular charac- 0.70 7 0.08

teristics), the observed deviations are consistent with their
material properties and the inherent limitations of thermal
infrared (TIR) imaging.

4.3. Ablation Study

We ablate three components: (i) VGGT-IR for pose and
initial geometry, (ii) an IR-specific opacity, and (iii) atmo-
spheric transmittance. Experiments on TI-NSD show that
removing any single component causes a clear drop (Ta-
ble 4), especially in long-range, low-texture scenes and un-
der stronger cross-view radiometric inconsistency, indicat-
ing their complementary roles in enforcing physical consis-
tency and stabilizing optimization.

VGGT-IR. Replacing VGGT-IR with COLMAP reduces
the averages by PSNR | 2.3%, SSIM | 0.2%, LPIPS 1
5.3%, with a larger outdoor drop (PSNR | 3.7%). This con-
firms that VGGT-IR is better matched to TIR sequences and
yields more reliable initialization.

IR Opacity. Employing an IR-specific opacity ot
(Eq. 11) better captures the absorption—self-emission mech-
anism inherent to TIR imaging. Removing it (reverting to
a shared opacity [30]) degrades averages by PSNR | 2.3%,
SSIM | 0.4%, LPIPS 1 8.0%, with greater impact in Indoor
scenes (PSNR | 3.1%), validating that IR-tailored opacity
decoupling effectively mitigates cross-modality entangle-
ment.

Atmospheric Transmittance. Incorporating the
distance-dependent T, (d;) (Eq. 12) is advantageous for
modeling atmospheric effects in long-range TIR captures:

0.70 0.75 0.80 0.85 0.90 0.95 1.00
Reference Emissivity (7.5-13 pm)

Figure 7. Horizontal axis: reference emissivity from literature
(Lit.Ref. , LWIR 7.5-13 um); vertical axis: model estimate (Est.).
Each bubble corresponds to one material; bubble size o< number
of sample patches (IV); color encodes per-material RMSE. The
dashed line (y = x) indicates ideal agreement.

omitting it diminishes averages by PSNR | 2.1%, SSIM |
0.5%, LPIPS 1 4.7%, with a pronounced Outdoor decline
(PSNR | 3.0%). This supports modeling transmittance
to prevent overestimation of far-field radiance and the
associated biases.

5. Conclusion

This paper departs from the conventional practice of treat-
ing thermal infrared (TIR) radiance as color channels, and
instead explicitly models temperature and emissivity on
Gaussian primitives while integrating TIR radiative trans-
fer into the 3DGS rendering pipeline. In addition, we in-
troduce VGGT-IR, a feed-forward initializer that recovers
scene geometry and camera poses directly from TIR se-
quences, demonstrating superior performance across mul-
tiple datasets. However, the diffuse-reflection assumption
limits the ability to model specular materials (e.g., glass
and polished steel); as shown in Fig. 7, these cases exhibit
substantial errors, underscoring inherent limitations of the
current model.
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