
Inverse Radiative Transport for Infrared Scenes with Gaussian Primitives

LIU ZHENYUAN, ETH Zürich, Switzerland

BHARATH SESHADRI, ETH Zürich, Switzerland

GEORGE KOPANAS, Runway ML, United Kingdom

BERND BICKEL, ETH Zürich, Switzerland

Fig. 1. Using our HiGS dataset comprised of 300 RGB-thermal image pairs taken at the radiator set to three different temperature, HiGS reconstructs the

scene using 2D Gaussian primitives, analyzes the steady-state thermal radiative transport, and separates the reflection from the total radiation observed from

the camera. It further enables re-heating: re-position the radiator and increase its temperature to 550K and emissivity to 0.9, and predict the reflections under

the new heating condition.

Thermal imaging, as a promising approach for scalable and robust scene

perception, is invaluable for many applications in various fields, such as

architecture and building physics. Despite many recent works having demon-

strated their capability to incorporate thermal images into radiance field

methods, they typically do not explicitly model how radiation interacts and

reflects within the scene before reaching the camera, which is essential for in-

ferring thermal physics and properties of objects in a scene. Using Gaussian

primitives as the scene representation, our method estimates surface tem-

perature and material properties to generate infrared renderings that closely

match the input images. Taking inspirations from radiosity and hemicube

rasterization, our method decomposes the outgoing radiation from each

Gaussian primitive into two parts: self-emission and reflection originating

from other primitives and the environment. This formulation allows us to

simulate radiation under novel heating conditions and to find the best-fit

temperature and material parameters given thermal images. The method is

verified using both synthetic and real capture datasets.
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1 INTRODUCTION

Thermal imaging, which leverages naturally emitted long-wave in-

frared (LWIR) radiation from objects, offers a promising approach for

scalable scene perception, particularly under challenging environ-

mental or illumination conditions. Infrared scene representations are

also invaluable for many applications. For instance, in architectural

and building physics applications, accurate thermal interpretations

are crucial for detecting thermal anomalies and quantifying energy

flows, as well as understanding the energy and comfort implications

of design decisions.

Traditionally, the industry standard for analyzing thermal be-

havior involves manually modeling digital twins and physically

simulating buildings and objects under various heat conditions.

However, an emerging alternative seeks to circumvent this labori-

ous manual 3D modeling process by reconstructing digital twins

directly from photometric cameras and LiDAR sensors.
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Playing a pivotal role in automating the modeling of objects and
scenes, novel view synthesis and 3D scene representation techniques
have garnered signi�cant research interest. Methods such as Neural
Radiance Fields (NeRFs) [Mildenhall et al. 2020] and 3D Gaussian
Splatting (3DGS) [Kerbl et al. 2023] leverage image datasets and
sensor information to generate high-�delity results. While these
foundational frameworks primarily focused on the visible spectrum,
recent advancements have demonstrated their capability to incorpo-
rate thermal images alongside their visible-spectrum (also referred
to as RGB) counterparts [Hassan et al. 2025; Lin et al. 2024; Lu et al.
2024; Xu et al. 2025]. This integration has necessitated addressing
challenges such as the inherent lack of texture and lower resolution
characteristic of thermal imagery. However, most existing methods
in this domain are limited to predicting thermal images from novel
viewpoints. They typically do not explicitly model how radiation
interacts and re�ects within the scene before reaching the camera.
Crucially, however, this detailed radiative interaction information
is essential for inferring the properties of the objects within a scene,
including their emissivity.

To address this limitation, we develop HiGS, a novel steady-state
radiation computation model. Inspired by the concept of radiosity,
our model separates the total radiation observed by LWIR cam-
eras into self-emission and re�ection components. Building upon
the existing Gaussian Splatting algorithm [Huang et al. 2024], we
decompose the outgoing radiation from each Gaussian primitive
into two distinct parts: self-emission and re�ection originating from
other Gaussian primitives and the environment. By employing the
radiosity framework [Hadadan et al. 2021; Immel et al. 1986] cou-
pled with our proposed rasterization-based hemicube technique
[Cohen and Greenberg 1985], we compute the re�ection at each
Gaussian primitive based on the radiation contributions from other
primitives within the scene. This formulation enables simulation of
scene radiation under novel heating conditions (e.g., changes in self-
emission or primitive positions) assuming the thermal conduction
stay the same. Moreover, our formulation also allows us to solve
the steady-state inverse radiative heat transport problem: inferring
the temperature and material parameters that best �t given thermal
images.

To summarize, we make the following contributions:

� A rasterization-based technique for computing re�ection in a
scene represented by self-emitting Gaussian primitives;

� An inverse radiative transfer method to infer material or sur-
face properties of various objects in the scene, and radiation
(thermal) energy exchanges between multiple objects;

� A multi-spectral (visible and thermal) novel-view synthesis
dataset demonstrating radiative energy exchange between
multiple objects.

We verify our method on both synthetic and real capture datasets.
Our results show that we can reconstruct high-quality thermal 3D
Gaussians primitives from multi-view images and achieve equal
or better performance compared to other approaches. Finally, we
demonstrate that our representation can be useful for downstream
applications by exploring the thermal interactions in conjunction
with the placement of objects and their materials.

2 RELATED WORK

2.1 Radiance fields and inverse rendering
Radiance �elds.Radiance �eld methods describe 3D scenes using

a position- and direction- dependent color (or out-radiance) function
! >¹x•8 º. Researchers have proposed a range of representations of
! >. Notable among these representations are neural radiance �elds
(NeRF) [Barron et al. 2022; Mildenhall et al. 2020] that use multilayer
perceptron (MLP), Plenoxels [Fridovich-Keil et al. 2022] that use a
grid and spherical harmonics, and 3D Gaussian Splatting (3DGS)
[Kerbl et al. 2023] that rasterizes a set of 3D anisotropic Gaussian
primitives. Subsequent variations of 3DGS include using 2D Gauss-
ian disks to generate smoother surface reconstruction [Huang et al.
2024; Yu et al. 2024a] and ray-tracing Gaussian primitives [Condor
et al. 2025; Moenne-Loccoz et al. 2024] for complex scenes and light
transport parameters.

These methods reconstruct radiance �elds from a collection of
images, resulting in photorealistic renderings while maintaining
real-time rendering speed. Recent research work reports good novel
view synthesis performance using NeRF and 3DGS approaches to
thermal images [Chen et al. 2025; Lin et al. 2024; Lu et al. 2024].
However, a shortcoming of these thermal radiance �eld approaches
is that the critical scene parameters (material and surface properties)
are baked into the representation of! >. More than simply visual-
ization, thermal images provide insight into energy �ows within
a scene. The current radiance-�eld approaches for thermal images
limit applications to only visualization. Inferring scene parameters,
and editing scenes, for example, changing locations and materials
of objects in thermal scenes to predict the resulting radiance �eld is
not possible using current methods.

Inverse rendering of radiance �elds.Inverse rendering techniques
solve for unknown scene parameters that match the renderings to
the given images. Inverse rendering methods for NeRFs separate
the appearance into channels of the prede�ned material model and
therefore enable material editing [Jin et al. 2023; Srinivasan et al.
2021; Xu et al. 2023; Zhang et al. 2021a,b]. To achieve a better sepa-
ration of geometry from NeRFs, researchers have used meshes for
visibility queries [Sarkar et al. 2023], or introduced signed distance
functions to replace NeRF's density function [Wang et al. 2021; Yariv
et al. 2021]. Some addressed light transport phenomena, including
re�ection [Ge et al. 2023; Liu et al. 2023], self-emission [Jeong et al.
2024], subsurface scattering [Zhang et al. 2023], transparency [Cai
et al. 2024], and translucency [Wang et al. 2023].

Similarly, inverse rendering of Gaussian Splats is an emerging
�eld of research. GS-IR [Liang et al.2024], and Relightable3DGS [Gao
et al. 2024] capture surface material models by introducing physics-
based rendering properties into the 3DGS rasterizer. GaussianShader
[Jiang et al. 2024] supports re�ective surfaces by incorporating
a surface shading model. Some recent works on Gaussian Splats
also support relighting with challenging volumetric e�ects such as
subsurface scattering using one-light-at-a-time datasets [Dihlmann
et al. 2025; Zhenyuan et al. 2025].

Most of the inverse methods above do not explicitly model self-
emission. However, in thermal scenes, every object above 0 Kelvin
is a thermal radiation emitter [Eastman 1936]. ESR-NeRF [Jeong
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Fig. 2. Overview : HiGS takes as input dataset comprised of paired RGB thermal images. We first reconstruct a set of 2D Gaussian primitives that represent
the geometry of the scene. Then, we compute the incoming radiance at each Gaussian primitive by rasterizing other primitives to the hemicube, and represent
the outgoing radiance using Spherical Gaussian (SG) basis. The outgoing radiance and thermal properties are supervised by the image loss between the
reference images and renderings, and a radiosity loss that promotes the separation of reflections.

et al. 2024] models the emission term explicitly but does not model
the re�ections which is one of the key focus of this work.

2.2 Radiative heat transfer
Radiosity.Initially developed to solve thermal radiative transport

among discrete surfaces, radiosity was introduced to the computer
graphics community to model light transport in di�use-only scenes
by Goral et al. [1984]. Later, radiosity methods have been extended
to handle more complex, non-di�use materials [Immel et al.1986; Sil-
lion et al. 1991]. To improve the computational e�ciency of radiosity
methods, various techniques have been proposed, such as adaptive
meshing and re�nement [Lischinski et al. 1992], and parallelizing
view factor computation [Kramer et al. 2015]. Others used new ra-
diosity approaches, such as removing explicit visibility computation
[Dachsbacher et al.2007], or use neural networks to approximate the
solution to the radiosity equation without subdividing the surfaces
[Hadadan et al. 2021].

Ray tracing and Monte Carlo methods.An alternative to the ra-
diosity methods is ray tracing, commonly used in computer graphics
to render photorealistic images for its superior scalability for de-
tailed geometry and a wide range of materials [Pharr et al. 2023]. By
raytracing temperature �elds, radiative transport can be simulated
without solving a global linear system as in radiosity methods [Pe-
dro Aguerre and Fernández 2021]. Beyond rendering and radiative
transport that this work focuses on, computer graphics community
has also explored applying Monte Carlo methods to solve partial dif-
ferential equations (PDEs), providing new ways to address thermal
conduction and convection [Sawhney et al. 2023, 2022]. Bati et al.
[2023] and Penazzi et al. [2024] further couple raytracers and Monte
Carlo PDE solvers to simulate di�erent modes of heat transfer in a
uni�ed framework. In thermal engineering, Monte Carlo methods
are also widely used for modeling radiative transport at di�erent
scales and applications [Kang et al. 2005; Mazumder and Kersch
2000; Walters and Buckius 1994]. Advances in computer graphics
have also introduced new tools for thermal engineering applications.

For instance, Freude et al. [2023] adapted the concept of precom-
puted radiance transfer, a classical rendering technique, to develop
an e�cient thermal simulator.

Inverse radiative problems.Many thermal engineering problems
in practice areinverse, meaning they require con�gurations to be
computed which result in a particular thermal response. Common
inverse radiative transport problems include estimating surface
properties [Acosta et al. 2022; Pierre et al. 2022], temperature �eld
reconstruction [Linhua et al. 1999; Liu et al. 2010], decoupling heat
transfer mechanisms [Das et al. 2008; Lazard et al. 2000], geometry
design [Abazid et al. 2016; Daun et al. 2003], and system e�ciencies
[Mann et al. 2022]. In thermal engineering, various inverse methods
have been proposed for these problems, and we point the interested
readers to a recent survey article [Ertürk et al. 2023]. In computer
graphics, di�erentiating Monte Carlo methods brings exciting new
opportunities to solve these inverse problems with gradient-based
optimization, such as di�erentiable raytracers [Nimier-David et al.
2020; Vicini et al. 2022] and MC PDE solvers [Miller et al. 2024;
Yilmazer et al.2024; Yu et al.2024b]. In particular, Freude et al. [2025]
devises a inverse radiative simulator to optimize the geometry of
building facades.

3 METHOD
In this section, we review radiative heat transport theory (Sec-
tion 3.1); discuss the calculation of the forward global radiative
heat transport for Gaussian primitives via hemicubes and raster-
ization (Section 3.2); and the steps to solve the inverse radiative
heat transport when using images captured under di�erent heating
conditions (Section 3.4). Figure 2 illustrates the pipeline.

3.1 Radiative heat transport theory
Emission.We consider the radiative transfer in the infrared band.

According to the Stefan-Boltzmann law, objects at temperature)
(in Kelvin) above absolute zero emit thermal radiation. An object's
ability to emit thermal radiation is described by itsemissivityY2
»0•1¼. An ideal black bodyhasY = 1, and is non-re�ective. An
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ideal white bodyhasY = 0, and is non-emissive. Objects in real
life are usually gray bodies that have0 Ÿ YŸ 1. In this work, we
assume constant emissivity across the LWIR spectrum, although it
is a wavelength-dependent property. For a pointx on the surface of
an object, the total thermal �ux leavingx reads [Planck 1906, Eq.
78]

& ¹xº = fY¹xº) ¹xº4• (1)

wheref is the Stefan-Boltzmann constant. The thermal �ux can be
also expressed as the integral of the emitting radiance! 4¹x•8 >º over
all exiting directions8 > in the hemisphereH 2 about the outward-
pointing surface normaln, & ¹xº =

¯
H 2 ! 4¹x•8 >º cos\ d8 >, where

\ is the angle between8 > and the surface normaln.
If we assume uniform di�use emission, the radiance exiting is

constant over all directions fromx, and the emitted radiance is:

! 4¹x•8 >º = &¹xº•c =
f
c

Y¹xº) ¹xº4” (2)

Re�ection.When emitted radiation from one object hits the sur-
face of another object, a part of the radiation is absorbed by the
object, and assuming opaque surfaces, the remaining incident radia-
tion is re�ected.

In this work, we only consider objects and scenes atsteady state
i.e. heat balance is achieved and temperatures of the objects remain
unchanged. By Kirchho�'s law of radiation, theabsorptivity, or
the ratio of absorbed radiation over the total irradiance, equals the
emissivity. Therefore,¹1 � Yº of the incoming radiation is re�ected
o� the surface. Then, the original Rendering Equation [Kajiya 1986]
that describes re�ection! A and total outgoing radiation! > can be
written as follows [Bati et al. 2023, Eq. 8]:

! >¹8 >º = Y!4¹8 >º ¸ ¹ 1 � Yº
¹

H 2
5¹8 8•8 >º! 8¹8 8º d8 ?

8

|                                        {z                                        }
=: ! A¹8 > º

•
(3)

whered8 ?
8 is the projected solid angle measure,5 is the bidirectional

re�ectance distribution function (BRDF),! 8 is the incident radiance
arriving at x. For notational brevity, we omit the dependence onx
of the emissivity, BRDF, and radiance terms.

3.2 2D thermal Gaussian primitives
We develop our scene representation on top of 2D Gaussian splats
(2DGS) proposed by Huang et al. [2024]. In 2DGS, the scene is
represented by a set of 2D Gaussian functions embedded in three di-
mensions. Each primitive has a disk-like shape, and is characterized
by the center of the Gaussian kernelx, opacity>, and the RGB color
function c¹8 >º represented using spherical harmonics. From the
covariance matrix, the normal vectorn of the primitive can also be
determined up to a sign �ip. We always orientaten so that it faces
the camera, following 2DGS [Huang et al. 2024]. Given a camera
8 >, a set of primitives can be rasterized into an image by projecting
the primitives onto the camera plane, sorted by their distance to the
camera, in ascending order. For each pixelp of the render image� ,
we compute the blending weightF6•p of each primitive6 from front
to back, to determine the pixel color�p is determined as follows:

F6•p = >8 ^� 6

6� 1Ö

9=1

¹1 � >9 ^� 9º; �p =
Õ

6
F6•pc6¹8 >º• (4)

where ^� 8 is the lower-bounded Gaussian function in 2DGS [Huang
et al. 2024, Eq. 11]. The rasterization process is di�erentiable, and
therefore we use an image-loss function between the renderings and
the ground truth to �nd the best primitive parameters that represent
the scene.

2DGS represent scenes by using RGB images, while yielding addi-
tional geometry information (e.g. surface normals). Chen et al. [2025]
used a straightforward approach of adding an extra thermal channel
to the color function per primitive for novel view synthesis of ther-
mal scenes. However, this approach bakes global radiative transfer
information in the training data into the radiance function, and as
a result, makes it impossible to edit thermal scenes and propagate
changes to other primitives e.g., re-positioning heat sources and/or
sinks, orreheatingobjects to di�erent temperatures. This shortcom-
ing is analogous to the global illumination being baked into the color
function causing di�culty for re-lightingtasks in visible-spectrum
radiance �eld rendering.

To enablere-heating, we extend each Gaussian primitive with
additional thermal-related parameters, namely emissivityY, tem-
perature) , di�use coe�cient 3 and roughnessB. We parameterize
the thermal radiance function! >¹8 >º by all primitives' Y•), 3 and
B. We then render thermal images in the same 2DGS rasterization
process, with thermal radiance, instead of RGB color.

In radiative heat transfer,! > is computed from the thermal pa-
rameters by Equation (3). While the emission term is relatively
straightforward to compute, the re�ection term requires recursively
evaluating Equation (3), leading to a complex integral. In Monte-
Carlo path tracing, this is typically done by sampling and evalu-
ating one light path at a time. Recent works [Condor et al. 2025;
Moenne-Loccoz et al. 2024] use ray-Gaussian intersection opera-
tors, providing a raytracing alternative to evaluate Equation (3)
for Gaussian-represented scenes. In this work, we choose 2DGS
rasterization for its speed advantage over the raytracing methods.

3.3 Reflection with hemicubes
Our aim is to compute re�ected radiance! > as de�ned in Equa-
tion (3), using a method compatible with rasterization. We draw
inspiration from cube mapping, a common real-time rendering tech-
nique used to approximate environmental lighting and re�ections.
When light sources are assumed to be in�nitely far away�such as
in environment mapping�the incoming radiance at any point on
an object can be approximated using a single cube map. The cube
map consists of six images each representing incoming light from
one of the six directions around the object.

However, the assumption of in�nitely distant sources does not
hold for thermal Gaussian splats. Each Gaussian primitive emits
thermal radiation, and nearby primitives can signi�cantly in�uence
one another. As a result, the incoming radiance can vary greatly
between di�erent locations.

Consequently, we use a cube mapper Gaussian primitiveto com-
pute the local incoming radiance! 8¹8 8º. Among possible ways of
orienting a cube map at a Gaussian, we choose to orient the cube
map such that one of the faces (the front face) points in the normal
direction. If we consider a point on the surface of an object, radiance
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only arrives from the outside of the object. Therefore, we use the
half of the cube map, orhemicube[Cohen and Greenberg 1985].

Fig. 3. Hemicubes are placed at Gaussian primitives orientated by the
normal shown as black arrow (le�), and hemicubes can be used to represent
the incoming radiance! 8 (middle) and the projected solid angled8 ? (right).

These hemicubes can be viewed as a discretization of the hemi-
sphereH 2, with each pixel corresponding to a point8 2 H 2. Then
we can use the hemicubes to represent the incoming radiance! 8¹8 8º
at each primitive by rasterizing onto each side of the hemicube. For
simplicity, we use the same intrinsic camera parameters for the
rasterization, the 64x64 resolution for the faces, and the �eld of view
of 90°, and we empirically discard Gaussian primitives that are too
close to the hemicube (1% of the diagonal of the scene bounding
box). For now, we pretend to know the outgoing radiance of other
Gaussian primitives, then we can rasterize other primitives on the
�ve faces of the hemicube by 2DGS rasterization procedures, as de-
picted in Figure 3. The value of each pixel represents the incoming
radiance from the corresponding direction. We can also compute
the projected solid angle measure of each pixel. Speci�cally, the
cosine term being the dot product between the surface normal and
the unit vector to each hemicube pixel's center, and the solid angle
measure is the projected area of each pixel onto the unit sphere.
Figure 3 shows an example of how! 8 andd8 ?

8 are represented by
hemicubes.

Then, to compute the outgoing radiance in direction8 >, we need
to choose a BRDF model5. In the scope of this work, we consider
a Cook-Torrance BRDF model [Cook and Torrance 1982]:

5¹8 8•8 >º = 353 ¸ ¹ 1 � 3º5B¹8 8•8 >º• (5)

where3 2 »0•1¼is the di�use coe�cient of the primitive, 53 = 1•c
is the di�use component (Lambertian), and5B is the specular com-
ponent with GGX as the normal distribution function parametrized
by the roughnessB[Pharr et al. 2023, Sec. 9.6]. We use Schlick's
approximation for the Fresnel term [Schlick 1994], with �xed Fres-
nel factor at normal incidence5_ = 0”8. Theoretically, other BRDF
models can also be used.

Then, we will discuss how to decide the outgoing radiance of a
Gaussian primitive. One strategy would be to evaluate the thermal
rendering equation recursively, in a similar fashion to solving the
recursive integral using multiple bounces in path tracing. In our
hemicube rasterization framework, computation of the incoming
radiance could be performed by �rst computing all the Gaussian
primitives that are visible to the target Gaussian and then recur-
sively evaluate the outgoing radiance from each visible Gaussian
primitive to the target primitive. However, this strategy is prohibi-
tively expensive, as each time we need to evaluate! > of all the tens
of thousands of visible primitives. To make the computation of the

re�ection more tractable, we use the idea of radiance cache [Müller
et al. 2021]. Instead of computing the re�ection for each primitive6
recursively, we now use a set of spherical Gaussian basis functions
to represent the re�ection at6, denoted by! A•6. Each primitive is
now associated with< spherical Gaussian basis functions (in our
case,< = 4). Each spherical Gaussian has the shape of a lobe and
is de�ned as� ¹8 8; - • U• _º = U4_¹- �8 8� 1º , where` 2 S2 is the
lobe axis,U 2 R¸ is the amplitude of the lobe, and_ 2 R¸ is the
sharpness. We use< = 4 such spherical Gaussians to represent the
re�ected radiance for each Gaussian primitive6:

~! A•6¹8 >º =
<Õ

8

� ¹8 >; - 8•6• U8•6• _8•6º ” (6)

Now, the problem becomes how to �nd the Spherical Gaussian pa-
rameters, namely,- 8•6• U8•6and_8•6that best represent! A•6. Here we
take a radiosity approach inspired by Hadadan et al. [2023]. At each
Gaussian, given an outgoing direction, the re�ection represented
by the radiance cache should equal the re�ection computed via
hemicube rasterization as described. Then we can use this relation
to build a re�ection residue term:

A¹8 >º = ~! A¹8 >º � ¹ 1 � Yº
¹

8 8

! 8¹8 8º5¹8 8•8 >ºd8 ?
8 ” (7)

! 8¹8 8º is computed by hemicube rasterization with the color of each
Gaussian primitive being~! A¹� 8 8º. To �nd the best SG parameters
given ! 4, Y, 3 andB, we can minimize the sum of the L2 norm of
residue at all primitives,

min
`•U•_

L A =
Õ

6

�
�A6

�
�2 • (8)

where jAj2 =
¯
H 2 A2¹8 ºd8 . Then, the �nal outgoing radiance for

each primitive is the sum of self-emission and re�ection from the
cache:! >¹8 >º = Y!4¹8 >º ¸ ~! A¹8 >º.

3.4 Optimization
After solving the forward problem, namely, �nd the radiance! >
given the scene descriptions including geometry (spatial distribution
of the Gaussian primitives) and materials (! 4 andY, 3 andB), we
will explain how to solve the inverse problem we are interested in:
how to infer geometry and thermal properties given observations
of ! > in the form of imagesI� taken by thermal cameras. In our
settings of using Gaussian primitives as the scene representation,
we take a two-phase approach: in the �rst phase, optimize for the
geometry parameters of the primitives; and in the second phase, �x
the geometry, and recover the primitives' thermal properties and
separate re�ections and self-emissions.

Geometry reconstruction.The goal of the �rst phase is to �nd the
geometry-related parameters of our Gaussian primitives, includ-
ing position x, covariance� , opacityU, normalsn. To �nd these
parameters, we use the loss functions and optimization process
presented in 2DGS [Huang et al. 2024, Sec. 5]. For enhancing the
quality of the geometry reconstruction, we use paired RGB and
LWIR images for training. LWIR images usually lack background
textures if they are viewed in linear space, which is necessary for
our radiation physics formulation. In this case, RGB images provide
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