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Fig. 1: In contrast to the static multiview setting, where albedo and the corresponding
lighting often become entangled, we use the hand-held object capture setting in which
diverse surface-light interactions impose strong constraints on the optimization and
enable proper material-lighting disentanglement.

Abstract. Decomposing outgoing surface radiance into material and il-
lumination during inverse rendering is essential for applications such as
relighting and augmented reality, yet it is severely ill-posed since multiple
combinations can result in the same observed colour. Capturing an object
under multiple lighting conditions usually helps resolve this ambiguity
as it constrains the optimization towards correct solutions. In this work,
we explore the potential of reconstructing rigidly moving objects—which
provides observations of diverse light-surface interactions—to resolve the
material-lighting ambiguity in inverse rendering. For this purpose, we
introduce a relightable approach that marries object tracking and recon-
struction with inverse rendering for general rigidly moving objects. Our
experimental analysis on synthetic data demonstrates that motion can be
an advantage for disentangling material and lighting: the reconstructed
material is significantly more accurate when the object is observed under
rigid motion than when it is static. Moreover, results on RGB videos of
real hand-held objects show that our pipeline preserves this advantage
even under noisy real-world conditions.
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1 Introduction

Recent advances in radiance fields have achieved remarkable success in recon-
structing scenes with high-fidelity appearance [28,36] and geometry [20,52]. How-
ever, these methods typically bake in the appearance under fixed lighting con-
ditions, making them unsuitable for scenarios where relighting is required, e.g.
placing reconstructed objects in virtual environments. While inverse rendering
approaches estimate material and lighting separately for this purpose [16, 24],
the decomposition achieved is often suboptimal due to the inherent ambigu-
ity in inverse rendering. This ambiguity is traditionally resolved by capturing a
static object under multiple lighting conditions [24, 32] or utilizing either hand-
crafted [16] or data-driven [7] priors. However, such methods require extra so-
phistication, from extended lighting representations for capturing varying light-
ing conditions [13, 24] to lengthy training procedures for learning useful priors
from (limited) 3D data, either for surface materials [7], environment illumina-
tion [35] or relighting [40] directly. For most capture settings, a single far-field
light representation can provide a decent approximation for the environment il-
lumination. In this work, we posit that if an object is observed and reconstructed
while undergoing significant motion, then the evolving light interaction between
the object and a single far-field light representation provides enough observations
to significantly enhance the material and lighting decomposition.

Since the single far-field light assumption requires tracking the object under
large pose changes to observe significantly different light interactions, such dy-
namic reconstruction, while providing stronger constraints for material-lighting
ambiguity, also demands accurate tracking, and tracking errors may degrade
reconstruction quality. Although category-level or instance-level CAD models
have been utilized [55] to track a rigidly-moving object in novel sequences, such
methods assume that a reconstructed model is available and do not generalize
to new objects, thus limiting their application. The most suitable setting for our
purposes is the hand-held reconstruction setting, where a person freely rotates
an object in their hands and a video is captured from a static viewpoint. Such a
setting provides full 360 coverage of an object while also providing the varying
lighting conditions we need to improve the material-lighting decomposition.

In this paper, we propose a relightable reconstruction pipeline that allows
us to utilize the surface-light interactions of general dynamic objects for im-
proved material estimation. We employ a three-stage approach to ease the opti-
mization challenges of joint object tracking, reconstruction and inverse render-
ing. In the first stage, we use progressive sequential optimization together with
the NeuS representation [52] to obtain the coarse geometry and initial poses of
the dynamic object. We utilize 2D correspondences from state-of-the-art feature
matchers [10, 30] to aid with this optimization. In the second stage, we intro-
duce 3D Gaussians and optimize them jointly with the object poses to obtain
fine-grained geometry and pose estimates. Given the reconstructed geometry, we
augment the Gaussians with material properties in the final stage and employ
physically-based rendering to optimize these materials across timesteps, enabling
them to explain the observed surface appearance under changing illumination.
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We further leverage efficient Gaussian ray tracing [37] to model accurate oc-
clusion for the dynamic object within our inverse rendering pipeline. Finally,
to quantitatively evaluate the improvement in material decomposition enabled
by our 4D inverse rendering pipeline, we introduce a synthetic dataset of com-
mon household objects [2], along with ground-truth materials and relit views. We
also demonstrate the practical viability of our method qualitatively on real-world
hand-held object sequences.

Overall, we make the following contributions:

– We posit and empirically validate that observing an object under signifi-
cant motion provides stronger constraints for material-lighting decomposi-
tion than a static capture.

– We propose a 4D inverse rendering framework that brings together object
pose tracking and surface material estimation.

– We introduce a synthetic dataset of common household objects with ground-
truth materials and relit views, enabling controlled evaluation of material-
lighting decomposition quality in three common capture settings: static mul-
tiview, turntable and hand-held capture.

2 Related Work

Since our work brings together inverse rendering and dynamic object reconstruc-
tion, we briefly review state-of-the-art representations in the respective fields
while also placing our work in the landscape of methods that specifically target
better material-illumination decomposition.
3D Reconstruction and Inverse Rendering. Recent progress in inverse ren-
dering has been tightly coupled with advances in differentiable 3D scene rep-
resentations. NeRF [36] and 3D Gaussian Splatting [28]-based representations
have become the de facto standard for high-quality novel view synthesis and
3D reconstruction. Since they bake view-dependent appearance into the geom-
etry in their original formulation, methods [3, 16, 33, 62] quickly extended these
representations with material properties and utilized physically-based render-
ing [26] to optimize these materials and environment illumination separately,
allowing relighting. Improvements in the underlying representation, such as en-
hancing the underlying geometric fidelity of the reconstruction [20,52,58,59] and
improving efficiency with hybrid data structures [6,38], were adopted by the in-
verse rendering methods [11,24,31,44,64], boosting their efficiency and accuracy.
In conjunction with the representation, enhancements have been introduced in
the physically-based inverse rendering pipeline, including more accurate sam-
pling strategies [18, 19], varied shading functions [9, 23, 34], better illumination
modelling [17, 56, 57, 61] and handling unconstrained image collections [4, 29].
The discrete nature of 3D-GS-based representations and the fast rendering have
made them especially adept at capturing fine details and modelling computation-
ally expensive global illumination effects—enabled by ray tracing of 3D Gaus-
sians [37]—efficiently, both of which are crucial for accurate inverse rendering.
However, in terms of modelling general objects, these representations have only
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been used in the static setting so far. We extend them to the dynamic recon-
struction setting.

Material-Lighting Ambiguity. A central challenge for inverse rendering meth-
ods is to resolve the ambiguity between surface re�ectance and illumination. Un-
der a �xed-illumination setup and without proper constraints, some of the ob-
ject colour tends to get baked into the environment map, appearing as tints and
shifts in tone and intensity. Vision science research has shown that humans are
also bad at disambiguating between material and environment illumination [41].
Methods usually try to resolve this ambiguity through hand-crafted [16, 19] or
learned [7, 35] priors, or capturing the object in a multi-illumination setting.
The former strategy focuses on learning priors for either the surface mate-
rial [7], environment illumination [35] or relighting directly [1, 63], hoping that
the learned prior from large-scale datasets will constrain the optimization enough
for proper disambiguation. The latter uses augmentation strategies, such as
�ashlight-enabled extra views [13], multi-environment captures [32] or modelling
external occluders [48] to introduce additional lighting constraints to resolve am-
biguity. Powerful, di�usion-based priors have also been utilized [40,46] to produce
multi-light views from a single lighting condition, which are then utilized in the
optimization. Instead of training on massive amounts of data or modelling com-
plex lighting setups, our approach explores the orthogonal setting of dynamic
object reconstruction, which provides abundant lighting conditions through a
single RGB video and requires a simple far-�eld light representation to capture
the gain in material-lighting decomposition.

Hand-Held Object Reconstruction. Inverse rendering methods usually re-
quire camera poses as input and assume a static scene. For dynamic, rigid re-
construction, the object has an additional six degrees of freedom to move in the
observed scene. Most object pose tracking methods assume that an object model
is available, either category-level [14, 47, 50, 51] or instance-level [53, 55], which
allows them to track the object through relative pose estimation but limits their
generalizability. For novel object pose tracking, methods usually rely on RGB-D
input, combined with a NeRF [54] or Gaussian Splatting [25], to reconstruct and
track the object. Some methods specialize in hand-held object tracking [8, 12],
relying on hand pose annotations and consistent hand-object interactions to
track the object. OnlineSplatter [21] introduces transformer-based 3D Gaussian
tracking for real-time object-centric online reconstruction. More closely aligned
with our setting of reconstructing and tracking free-moving objects in a globally
consistent manner, the recent method FMOV [43] relies on NeuS and progressive
pose optimization for the task, which is enhanced by utilizing correspondences
from LoFTR [45], followed by a global re�nement step. In contrast, our method
uses the state-of-the-art matchers [10,30] for more reliable feature matching and
introduces 3D-GS for the global re�nement step, which allows �ne-grained pose
re�nement since 3D Gaussians are better at capturing details, resulting in greater
robustness for the inverse rendering task.
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3 Motivation and Problem Setup

Our central thesis is that observing a dynamically moving object from a station-
ary camera yields a richer set of surface-light interactions than a moving camera
capturing a static scene. Greater lighting diversity allows us to better condition
the ill-posed inverse rendering problem, leading to better material estimates.

A common paradigm for capturing dynamic objects is the hand-held setup,
where the user freely rotates a rigid object in front of a stationary camera.
Let fI t gT

t=1 be a sequence of T images observing a rigidly moving object with
unknown per-frame poses f(Rt ; t t )gT

t=1 , with (R t ; t t ) 2 SE(3). For an observed
image at time t, points x on the canonical surface S and their corresponding
normals n̂ are transformed according to the object pose as:

x t = R t x + t t ; n̂ t = n̂(x t ) = R t n̂ (1)

We assume that the environment does not change over time and�given the far-
�eld illumination assumption�the environment light reaching a surface point x
on the object from direction !̂ is given by:

L i (x; !̂) = L direct (!̂)V (x; !̂) + L indirect (x; !̂) (2)

where V 2 [0; 1] represents the visibility of the environment from the given
surface point x in direction !̂, L direct is the far-�eld illumination and L indirect

captures the global illumination e�ects. Combined with the spatially varying
BRDF f, which de�nes the material at surface point x, the outgoing radiance
at that point for a view direction !̂ o at time t is de�ned as:

L o(x; !̂ o; t) =
Z


 t �S 2
f (x t ; !̂ it ; !̂ o)L i (x t ; !̂ it )(!̂ it � n̂ t )+ d!̂ it (3)

where 
 t is the spherical domain of integration and ()+ is the positive clamping
function.

Given a monocular video of a rigidly moving object, our goal is to recover the
scene parameters, namely the object geometry fx; n̂g 2 S, material properties,
i.e. albedo a and roughness r, per-frame object poses fRt ; t t gT

t=1 and the envi-
ronment illumination L. This is achieved by optimizing the following objective
for each rendered pixel u at time t:

argmin
x;n̂;fR;tg t ;a;r;L

X

t;u

jI rend (u; x; n̂; R t ; t t ; a; r; L) � I t (u)j (4)

where Irend (u; t) is rendered using a di�erentiable renderer and It is the observed
ground-truth image at time t.

From Equation 3, we can see that the canonical object surface points x
interact with the environment illumination L across observations through the
rotated surface normals Rt n̂. Given high-frequency lighting and observations
of the object undergoing signi�cant pose changes, the same surface point is
seen under numerous lighting conditions, introducing more constraints to the
optimization in Equation 4 than the static-object multiview capture setting,
where no such interactions are observed.
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Fig. 2: Overview of our three-stage method. We �rst perform progressive online opti-
mization with a NeuS representation to estimate initial object poses and geometry. We
then re�ne them with an SDF-based 3D Gaussian representation to capture �ne-grained
geometry. Finally, we add surface materials to the Gaussians and jointly optimize them
with environment illumination to obtain accurate material-lighting decomposition from
a moving object.

4 Method

The objective in Equation 4 is severely ill-posed and estimating all unknown
scene parameters jointly from the start is prone to getting stuck in suboptimal
local minima. To tackle this problem, we introduce a multi-stage pipeline, as
shown in Figure 2. First, we obtain the initial geometry and object poses through
a progressive optimization scheme that uses a neural SDF representation for the
object (Section 4.1). Next, we switch to the 3D Gaussian representation and
re�ne the initial estimates jointly across all frames to capture the �ne details
(Section 4.2). Finally (Section 4.3), we add materials to our representation and
model the environment illumination, optimizing them jointly with the geometry
and poses through physically-based rendering to accurately decompose material
and lighting from observations of a moving object.

4.1 Progressive Pose and Geometry Estimation

Estimating the pose and geometry is a classic ill-posed problem, and we need to
optimize both iteratively to achieve robust solutions. We take inspiration from
FMOV [43] to estimate object poses progressively with a neural SDF represen-
tation. The key insight here is to learn the geometry on a coarse level, to prevent
the poses from over�tting to high-frequency noise, while still getting a su�ciently
good initial estimate for our second-stage re�nement.
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Neural SDF Representation. To facilitate progressive pose optimization, we
adopt NeuS [43,52] to initially represent the geometry, making use of the regu-
larization properties of MLPs and the unit sphere geometric initialization of the
SDF network, which keeps the surface intact under sparse observations. Given a
point sample x along the view direction v, the object's surface and appearance
are modelled as:

s(x); c(x; v) = F (x; v; �) (5)

where F is an MLP network with parameters �, c is the view-dependent colour
and s is the SDF value at point x. The rendered colour for a pixel u is derived us-
ing the standard quadrature approximation of the volume rendering integral [36]:

I(u) =
KX

k=1

wk ck (6)

where K is the number of samples along the ray�kept low here to model coarse
geometry�and colour c k is alpha-blended using blending weights wk , composed
of the transmittance and the volume density derived from the underlying SDF
value [52].
Per-Frame Pose Representation. Since the camera/object pose across the
captured image sequence is unknown, we jointly optimize it with the geometry.
The camera rays used to query the SDF MLP are transformed to each timestep
t using the pose (Rt ; t t ) predicted by a per-frame pose MLP. We also adopt the
virtual camera system from FMOV [43], which eliminates two degrees of freedom
in translation by centering the object in each image using 2D masks. Although
not physically accurate, this eases the pose optimization for noisy, real-world
sequences.
Sequential Optimization. We sequentially optimize the geometry and track
the pose frame-by-frame�where each frame is initialized by the pose of the
previous frame�to handle large pose changes and also reset the geometry once
the pose has changed signi�cantly, so that the degraded surface quality does not
hinder further pose tracking [43]. We also use 2D feature correspondences [10,30]
in the neighbourhood of the current frame to constrain tracking by imposing
cross-frame consistency; given that hand-held objects are often textureless and
specular, the prior from a learned matcher helps regularize the tracking in such
cases. The �nal loss at this stage is:

L progressive = L render + L eikonal + L mask + L match (7)

where Lrender , L eikonal and Lmask are the photometric, eikonal and mask losses
from NeuS [52] and Lmatch is the �ow loss from FMOV [43]. At each step, only
the pose MLPs of the current frame and the frame with matched correspondences
are optimized.

4.2 Global Pose and Geometry Re�nement

Given the progressively optimized poses from the previous stage, we can now
jointly re�ne them with the geometry at a �ner level to obtain a more detailed
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reconstruction. Surface normals are also estimated for the geometry at this stage,
and obtaining a good estimate is crucial for accurate material estimation later.
3D Gaussian Representation. For the re�nement stage, we introduce 3D
Gaussians [28] as our geometry representation since they are good at capturing
�ne details. We integrate an SDF directly with the Gaussians, as introduced in
DiscretizedSDF [64], which helps stabilize the geometry during inverse rendering,
especially for shinier objects. Each Gaussian is de�ned as an ellipsoid with a
position �, a covariance matrix � (parameterized as a quaternion rotation q and
a 3D scaling factor s), an SDF value � and view-dependent colour c represented
using spherical harmonics. The normal of a Gaussian is de�ned as the rotation
axis corresponding to the smallest scale. The opacity is derived from the SDF
as:

O(�) =
4e�
�

(1 + e �
� )2 (8)

with learnable global variance 
, while the response of the Gaussian G is de�ned
as:

G(x) = exp(�
1
2

(x � �) T � �1 (x � �)) (9)

During rendering, 3D Gaussians are projected to the 2D image plane and
alpha composited using Equation 6, with the blending weights wk determined
by the SDF-derived opacity O(�) and the response G(u) for the projected 2D
Gaussian at pixel u. Gaussians with backfacing normals are culled during ras-
terization, which avoids entanglement of front and back surfaces�always well-
de�ned through the use of sphere initialization [64]�and helps solidify the SDF
on the correct surface only [44]. We also use geometry-aware rasterization [60]
for rendering depth, which is determined directly by the intersection point of a
ray with a Gaussian in 3D instead of using the Gaussian center, thus improving
�delity.

To render a Gaussian at time t, we �rst transform it using the object pose
(R t ; t t ). This results in transforming the position � and rotation q as:

� t = R t � + t t ; qt = Q(R t )q (10)

where Q(�) converts a rotation matrix to a quaternion. Note that since the normal
is derived from the Gaussian itself, it is already in the correct orientation when
the transformed Gaussian is rendered. The spherical harmonics are evaluated
equivalently by rotating the query direction with R T

t instead. Transforming the
Gaussians rather than the cameras also allows the gradients to �ow to the pose
MLP for joint optimization [15].
Global Pose Representation. For pose re�nement, we use a global MLP
with per-pose embeddings to learn deviations from the poses estimated during
the �rst stage. Since the estimates from the previous stage were obtained using
virtual cameras, an initialization for the full 6-DoF poses is computed from them
using 3D-2D correspondences from the estimated mesh with the RANSAC EPnP
algorithm [43].
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Adaptive Density Control. We incorporate the multi-view consistent densi-
�cation and pruning strategy introduced by FastGS [42] into our pipeline. This
keeps the number of Gaussians low and consolidates them at the correct loca-
tions, which improves the e�ciency of the compute-intensive inverse rendering
and 3D Gaussian ray tracing in the next stage.
Optimization. At this stage, we globally optimize the geometry and all object
poses using the following objective:

L global = L render + L normal + L variance + L rank + L 
 + L proj + L mask (11)

where Lrender is the photometric loss, Lnormal is the regularization on rendered
normals [20], Lvariance forces the rendered depth variance to be small [16], Lrank

forces the Gaussians to be disc-like [22], further improving their geometric �-
delity, and L 
 and Lproj are the median and projection losses for the SDF [64].

4.3 Dynamic Inverse Rendering

Given a reliable estimate of the geometry from the second stage, we introduce a
material model on top of the 3D Gaussian representation and jointly optimize
it with the environment illumination to recover accurate, disentangled materials
from observations of the object under varying poses.
Material and Environment Representation. We parameterize the spatially
varying BRDF f with a di�use and a specular term. The di�use term is modelled
with a Lambertian re�ectance model as fd = a

� , where a is the albedo, and the
specular term is represented by the GGX microfacet model [49] as:

f s(x t ; !̂ it ; !̂ o; r; F 0) =
DFG

4 � (!̂ i � n̂) � (!̂ o � n̂)
(12)

where r is the roughness, F0 is the specular re�ectance at normal incidence
and D, F and G are the normal distribution, Fresnel and geometry attenuation
functions. The �nal BRDF is represented as f = f d +f s. We add the optimizable
material parameters a 2 R3 and r 2 R to the Gaussians at this stage, which
can be rendered into material maps similar to the other Gaussian properties.
We assume dielectric materials with F0 = 0:04. The material is made spatially
varying by storing four values for each material property and the normal at the
corners of the Gaussian plane, which are then interpolated at the intersection
point, as introduced in SVG-IR [44], thus improving representation capacity and
accuracy. We assume that the illumination is distant and can be represented as
an environment map. Since a high resolution environment map can be used as an
error sink early on in the optimization, we start at a low resolution and bilinearly
upsample it progressively to a higher resolution.
Visibility and Global Illumination. Since we want to consolidate multiple
surface-light interactions into consistent material estimates, it is important to
model self-occlusions for an object. We use the ray tracer for Gaussians intro-
duced by 3DGRT [37] to model such occlusions in our pipeline. Given secondary
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rays originating from surface point x towards sampled incident light directions
!̂ i , the tracer is queried as

(ci ; oi )  T race(x; !̂ i ) (13)

where the visibility V can be deduced by thresholding the rendered opacity oi and
the rendered colour ci is used as an approximation of the indirect illumination
coming from ! i . Plugging these values into Equation 2 gives us the �nal incoming
illumination.
Rendering and Optimization. We adopt the deferred shading approach in
our pipeline. We �rst render the Gaussians, transformed with object pose (Rt ; t t )
for timestep t, to get the depth, normal and material maps. These maps are then
used to perform physically-based rendering at the estimated surface point using
Equation 3. We use Fibonacci-based sphere sampling for rendering which adds
bias of a �xed pattern but provides optimization stability [57]. The �nal loss is
de�ned as:

L pbr = L render + L light + L material (14)

where Llight and Lmaterial de�ne the smoothness losses on the environment and
material maps [16].
Relighting. Since optimization instability is no longer a concern during relight-
ing, we use BRDF- and lighting-based importance sampling [39] to get high-
quality relights. As the optimized radiance of the Gaussians becomes invalid for
indirect illumination during relighting, we use the split-sum approximation [27]
to e�ciently compute one-bounce indirect radiance for improved �delity of re-
lights [17].

5 Experiments

In the following, we describe our experimental setup, extensively evaluate the
material-lighting decomposition performance and benchmark our method against
existing baselines. See the supplementary material for implementation details.
Synthetic Data. HOT3D [2] provides a commonly used dataset of hand-held
object interactions. As evaluating our method requires ground-truth material
properties and relit views, we use the object assets from this dataset to generate
our own renders with known ground-truth materials and illumination. Based on
these assets, we create the following settings designed to mimic common real-
world capture scenarios:

� Static Dome : The object remains static while the camera moves
around it, capturing views from the upper hemisphere.

� Turntable : This setting models the classical turntable scenario, where
the camera is static and the object rotates around a single axis. While this
introduces varying illumination conditions, the motion is limited to a single
degree of freedom.
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