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Fig. 1: We present XDen-1K, a multi-modal dataset of real-world objects, featuring
paired biplanar X-ray scans and reconstructed density field.

Abstract. A deep understanding of the physical world is essential for
robotic manipulation and physically realistic simulation. While current
methods, including VLM-based and other learning-based approaches,
have shown promise in physical property inference, their evaluation is
often hindered by the lack of physically grounded reference data. To
address this gap, we introduce XDen-1K, the first large-scale multi-
modal dataset that provides physically grounded density field for real-
world objects. XDen-1K comprises 1,000 real-world objects spanning
137 categories, with comprehensive data for each object, including a
high-resolution, carefully curated 3D geometric model with part-level
annotations and paired real-world biplanar X-ray scans. In addition,
XDen-1K includes high-fidelity volumetric density field reconstructed
from sparse biplanar X-ray views via a novel optimization framework.
XDen-1K also provides a benchmark for density estimation and enables
X-ray-conditioned volumetric segmentation. Experiments further demon-
strate that the center-of-mass prior derived by XDen-1K can improve
robotic manipulation performance. By providing real-world X-ray scans
and physics-consistent density field, XDen-1K establishes a foundation
for advancing physical property inference and embodied AI. Additional
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details and dataset resources are available at https://xden-1k.github.
io/ and https://huggingface.co/datasets/zhangjxx/XDen- 1K.
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1 Introduction

Objects are more than their appearance: beyond color and texture, they possess
internal composition — materials, thickness, voids, reinforcements, and mass
distribution — that determine how they function, fail, and can be used. Mod-
eling these physical attributes, coupled with visual inferences of shape and tex-
ture, enables more reliable physical reasoning [2, 26, 54|, physically-based sim-
ulations [10, 23], and, most recently, object and scene reconstructions [47, 52].
For robots, these “hidden” properties are particularly useful for inferring where
mass is concentrated [41,49] (center of mass, moments of inertia), how stiff or
compliant parts are, what forces and grasps are safe and effective, how objects
will deform or fracture, which tools to use, etc.

Humans infer physical properties by combining visual cues (multi-view ge-
ometry, symmetry, material priors) and interactions (e.g. sound, deformation,
context) [16,21,43,44]. At surface level, recent success in material-property es-
timation [19, 32] (e.g. SVBRDF/BSDF, albedo/roughness, microgeometry) is
largely attributed to the availability of controlled, large-scale visual datasets.
Density, in contrast, is inherently volumetric and, thereby, “invisible” to regu-
lar RGB cameras. The latest efforts [1,6,49] have focused on labeling parts by
associating their appearance with material types. Resulting datasets are there-
fore synthetic and lack real-world validation. A real-world density dataset will
facilitate learning in physically meaningful units and expose models to realis-
tic multi-material mixtures and manufacturing artifacts. It also provides the
urgently needed common benchmarks for current and future visual inference
tasks.

In this paper, we present XDen-1K: an X-ray-imaging-based density field
dataset of 1,000 real-world objects. XDen-1K is the first of its type, with ob-
jects covering sizes from small hardware (e.g. screw, flashlight, key) to medium
household goods (e.g. kettle, bicycle helmet, power tool at ~ 20 —30 cm), and to
larger items (e.g. cookware, sports equipment, furniture). The most direct brute-
force approach to acquiring a ground-truth density field is computed tomography
(CT), which was initially developed for medical and industrial inspection. How-
ever, high-resolution CT is time-consuming and costly—typical scans take 15-60
minutes and can cost $100-$500 per object, so 1,000 objects imply hundreds to
thousands of scanner-hours and a six-figure budget. Even with CT, the so-called
beam hardening effect will make recovering internal information more difficult.

Density field reconstruction begins with biplanar X-ray imaging of each ob-
ject and the construction of its 3D mesh. To constrain this highly underde-
termined problem, manually annotated object parts are used as structural pri-
ors, with each part assumed to be composed of a homogeneous material. Based
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on Beer-Lambert law, a differentiable optimization framework is introduced to
match rendered X-ray projections with real scans and optimize the linear at-
tenuation coefficient (LAC) of each part, which is then converted to density.
Following this pipeline, approximate density field are recovered for 1,000 ob-
jects, together with their meshes, part annotations, and biplanar X-ray scans.
To further validate the reconstruction, a small-scale CT dataset is collected for
evaluation.

Based on XDen-1K, our paired X-ray and density field dataset, we intro-
duce three subtasks: benchmarking physical reasoning methods [25,49,57], X-
ray-conditioned volumetric segmentation and CoM-aware robot manipulation.
These three tasks take full advantage of our data, where X-ray provides strong
structural and material prior and the density field provides physical information
on both static (mass, center of mass) and dynamic (moment of inertia) proper-
ties of an object. We commit to releasing our dataset publicly to facilitate
multi-modal learning and physical reasoning.

Our contributions:

1. We propose the XDen-1K dataset, the first large-scale real-world object
dataset, coupled with both biplanar X-ray images and density fields, which
serves as a benchmark on related physical reasoning tasks.

2. We develop a differentiable optimization framework that takes part-segmented
object geometry and real biplanar X-ray scans as inputs to reconstruct each ob-
ject’s volumetric density field.

3. We demonstrate the effectiveness of X-ray imaging as an additional modal-
ity on 3D volumetric segmentation task.

4. We show that center-of-mass priors derived from XDen-1K’s density infor-
mation can improve robotic grasping performance.

2 Related Work

Density Inference and Physics-Aware Modeling. A broad line of work seeks to en-
dow 3D vision with physical awareness by predicting material or density-related
properties directly from visual input [7,18, 25,27, 40,48, 49, 57]. Optimization-
based approaches combine differentiable physics with neural scene representa-
tions to fit elastic or material parameters from observed motion, but they are
typically evaluated on synthetic or tightly controlled setups, making it unclear
how well they transfer to real objects. More recent feed-forward methods instead
regress spatially varying material fields from learned 3D features. PIXIE [25], for
example, learns a supervised mapping from distilled feature volumes to per-voxel
material parameters, while GaussianProperty [49] and PuGS [40] assigns phys-
ical attributes to 3D Gaussians using segmentation and vision-language priors.
Collectively, these methods demonstrate that appearance encodes rich physical
cues, but in the absence of real volumetric ground truth, their predictions remain
difficult to rigorously validate. Works like PhysX-3D [6] and PhysX-Anything [7]
aim to build physics-ready assets for simulation and also augment large 3D model
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collections with absolute scale, material categories, affordances, and kinematic
attributes. Datasets like 3DCoMPaT200 [1] contain large amounts of 3D assets
and their material composition.

These resources mark an important step toward learning physically grounded
representations; yet, they are constructed from synthetic 3D assets and rely on
assumed or inferred physical properties rather than measurements. None provide
large-scale, real-world volumetric density fields against which both prediction
methods and physics-aware generative models can be quantitatively evaluated.
In contrast, our XDen-1K dataset is built from calibrated biplanar X-ray mea-
surements, offering empirically grounded density fields for 1,000 real objects and
furnishing the missing real-world benchmark for volumetric density estimation.

X-ray and CT imaging. X-rays are high-energy electromagnetic waves charac-
terized by high photon energy and a low probability of interaction with mat-
ter. Unlike infrared or visible light, which are easily absorbed or reflected at
the surface, X-rays can penetrate most materials and reveal internal structures
without causing damage [15]. This strong penetration capability enables the ob-
servation and reconstruction of 3D material distributions from 2D projections.
Computed Tomography (CT), as one of the most accurate 3D reconstruction
techniques, acquires dense angular projections—collectively referred to as a sino-
gram—Dby scanning an object from multiple viewpoints. Classical reconstruction
algorithms [13, 28, 36, 39] can effectively recover volumetric information from
these dense sinograms. Consequently, CT reconstruction plays a crucial role in
medical diagnosis, industrial defect detection, and scientific imaging [14, 42].

However, a CT scan often incurs high acquisition cost and long scanning
time, while traditional algorithms suffer from severe streak and beam-hardening
artifacts in the presence of high-density materials. Considerable research has
therefore focused on reducing CT scan time via sparse-view CT reconstruction,
which lowers the number of projection angles required for reconstruction. For ex-
ample, SAX-NeRF [5] and SCOPE [46] use continuum modeling based on Neural
Radiance Fields (NeRF) [35], where sparse angular projections are constrained
and fused with viewpoints in an implicit space, thereby filling in missing view-
point information in the learned dense volume representation. Nevertheless, at
least dozens of projections are typically required to achieve acceptable quality;
otherwise, strong sparse artifacts remain inevitable.

To further reduce acquisition time and radiation dose, biplanar X-ray imag-
ing has emerged as a promising alternative [34]. By simultaneously projecting
from two orthogonal viewpoints, this technique partially compensates for the
loss of depth information inherent in single-view X-rays. Recent advances have
demonstrated its potential in clinical diagnosis [3,11], providing richer structural
cues and improved diagnostic accuracy compared to single-view X-ray imaging.
Several studies have explored reconstructing 3D CT-like volumes from bipla-
nar X-rays using either generative models [20,56] or regression-based mapping
networks [17,24]. These approaches highlight the feasibility of biplanar imaging
as a low-cost, low-time, and low-dose substitute for traditional CT. However,
they typically rely on large paired datasets of high-quality CT and correspond-
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Fig. 2: Overview of XDen-1K generation pipeline. Multi-view RGB images are
used to reconstruct a surface mesh, and manually labeled segments provide accurate
part-level shape information. Orthogonal biplanar X-rays capture internal attenuation
signals. The recovered shape priors are then incorporated into an X-ray optimization
process to estimate the volumetric density field.

ing X-rays for supervision. For non-medical objects where such paired data are
unavailable, how to effectively incorporate prior knowledge and achieve faithful
3D reconstruction remains a challenging open problem.

Part-Level Understanding. Decomposing fused 3D reconstructions into seman-
tic parts is still far from solved, largely because reliable part boundaries require
reasoning about global 3D geometry rather than local appearance cues alone.
A common strategy is therefore to borrow strength from the well-established
2D segmentation methods and project or fuse these predictions back onto the
surface [33,61],but multi-view fusion often introduces cross-view inconsistencies
and uneven granularity. Alternatively, 3D-native approaches learn part-sensitive
representations directly. Such methods tend to yield more stable and coherent
segmentations on surfaces [29,31,50], and some go a step further by explicitly
generating part decompositions [51,59]. Moreover,part segmentation is not re-
stricted to mesh surfaces: it has been actively explored in point cloud representa-
tion [38,60,62], 3D Gaussian representations [8,53,55], and radiance-field-based
models [9,22]. Most current method takes RGB cue as the only guidance,which
can be ambiguous under texture variation. In this work, we introduce X-ray as an
extra condition to guide the segmentation process, yielding more consistent re-
sult. Furthermore, the X-ray dataset we provide serves as a valuable benchmark
for future multimodal-guided segmentation tasks.

3 Density field reconstruction from biplanar X-ray
images

3.1 Preliminary: X-ray Imaging

X-rays possess the ability to penetrate matter. When an X-ray beam passes
through an object, its intensity attenuates exponentially according to the Beer-
Lambert law. For a ray r traversing a volumetric object, the detected intensity
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(a) X-ray imaging acquisition (b) Partial optimization of prior constraints
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Fig. 3: Differentiable rendering optimization. Region-wise attenuation coeffi-
cients are optimized to match captured projections, producing a 3D attenuation field.

I is related to the incident intensity Iy as
I = Iye™ Jurl@)dz (1)

where p(x) denotes the linear attenuation coefficient (LAC) at spatial location
x, which characterizes the probability per unit length that an X-ray photon is
absorbed or scattered by the material. Taking the logarithm of both sides yields
the projection measurement p:

p=—In (;) _ / p(z)dz, (2)

which corresponds to the line integral of the LAC along the ray trajectory. In
practice, the detector measures the transmitted intensity I, and the reference air-
scan intensity Iy is pre-calibrated. The logarithmic transformation converts the
exponential attenuation into a linear integral form, establishing the foundation
of tomographic reconstruction. The LAC value p(x) serves as a quantitative
descriptor of material composition and density. Physically, the LAC depends on
both the density p, and the mass attenuation coefficient (MAC) £(E), which is
a material-dependent quantity determined by atomic composition and photon
energy E:

W(E) =p- %(E» (3)

According to reference database XCOM [4] from the National Institute of Stan-
dards and Technology (NIST), the MACs of most common materials (e.g., water,
polymers, biological tissues) converge to approximately 0.17 cm?/g at a certain
energy level (e.g., 100 keV), as detailed in Tab. 1. Consequently, for such materi-
als, v exhibits an approximately linear relationship with density, enabling direct
density estimation from reconstructed LAC values:

A
P—W—W- (4)
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Table 1: Mass attenuation coeflicient (MAC), density, and linear attenuation coeffi-
cient (LAC) of some representative materials at 100 keV ray energy.

Chemical MAC Density LAC
Material Formula (cm?/g) (g/cm®) (cm™?)
Water H>O 0.17 1.00 0.17
Air Na, O2 0.15 0.0012 1.8 x 1074
Glass SiO- 0.18 2.40 0.432
Plastic (PP) (CsHe)n 0.18 0.90 0.16
Rubber (CsHs)n 0.19 1.20 0.22
WOOd CGH1005 0.16 0.80 0.12
Aluminum Al 0.19 2.70 0.51

This principle underpins quantitative X-ray imaging, allowing reconstructed at-
tenuation maps to be interpreted as physically meaningful density fields.

3.2 Reconstruction Algorithms

The reconstruction objective is to derive density field over the target object.
Inverting Eq. (2) over all rays can recover the 3D spatial distribution of u(x), the
LAC field and by Eq. (3),the reconstructed LAC field can be converted to density
field. While classical algorithms such as Filtered Backprojection (FBP) in CT
reconstruction provide accurate 3D reconstructions, its high cost and long acqui-
sition times make it prohibitive for large-scale datasets. In contrast, single-plane
X-ray imaging is faster and more economical, yet it completely loses depth in-
formation by integrating attenuation coefficients along the projection direction.
Consequently, recovering a 3D density field from a single X-ray projection is a
severely ill-posed inverse problem. Therefore, we adopt a pragmatic approach
that utilizes two orthogonal, biplanar X-ray projections, regularized by a
strong geometric prior. This strategy leverages the complementary depth cues
from the two projections and constrains the solution space through known ge-
ometry, thereby making the reconstruction problem tractable.

The process of obtaining the estimated density field is shown in Fig. 3. Given
a captured ground-truth biplanar X-ray images I; and a well-structured segmen-
tation that partitions the image into K disjoint regions {2}/ |, each region
corresponds to a homogeneous material with a constant linear attenuation co-
efficient (LAC) ug. The volumetric attenuation field p(x) is thus modeled as a
piecewise-constant function:

K
p(x) =Y pr 1o, (%), ()
k=1
where 1g, (x) is the indicator function:

1 ( ) 1, if x € (2,
X) =
2 0, otherwise.
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Fig. 4: Statistics of XDen-1K. Our dataset contains 1,000 everyday objects span-
ning 137 categories, covering a diverse range of common items.

Let £;(p) denote the ray of biplanar X-ray acquisition geometry correspond-
ing to pixel p on detector plane i € {1,2}. The measured intensity I;(p) at pixel
p follows Eq. (2).

Substituting Eq. (5) into Eq. (2), the integral can be decomposed into region-
wise path lengths:

Ii(p) = Ipexp (— > ei,k(P)) ; (6)
k=1

where ¢; 1 (p) = fLi(p)ﬂQk dz denotes the path length of ray £;(p) through re-
gion 2. This quantity can be precomputed geometrically from the known part
segmentation and projection geometry.

The reconstruction task then reduces to estimating the material-wise attenu-
ation vector p = [y, 2, - - -, i) | - We jointly minimize the discrepancy between
the simulated and measured projections from both biplanar views:

2

Li(p;p) — Li(p) , (7)

2
o= argml}nzz

i=1 p

where fl(p) denotes the measured X-ray intensity on detector ¢. Each region
(or part) is assigned one trainable parameter py, representing its LAC. The
background region (air) is fixed as p,i;. Using a differentiable forward-projection
operator, the gradients 0I;(p)/du are computed automatically and the param-
eters p are optimized via Adam until convergence.

This formulation transforms the original high-dimensional inverse problem of
estimating a dense field p(x) into a low-dimensional optimization over a compact
parameter set p. The part-segmented mask serves as a powerful geometric prior
that constrains the solution space, effectively regularizing the reconstruction and
enabling tractable and physically consistent 3D recovery from only two biplanar
X-ray projections.
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Fig. 5: Gallery of XDen-1K. XDen-1K dataset contains curated geometry, captured
biplanar X-ray images, and reconstructed density fields. Some objects are represented
by their original meshes, while others include manually modeled internal geometries.

4 XDen-1K dataset

The reconstruction algorithm introduced in Sec. 3.2 enables the recovery of a
physically consistent volumetric density field. Building on this capability, a large-
scale dataset, XDen-1K, was collected, comprising 1,000 real-world objects. It
provides both real captured X-ray observations and corresponding reconstructed
3D density fields.

4.1 Dataset Overview and Preprocessing

To capture the diversity and complexity of objects encountered in everyday en-
vironments, the objects covered in XDen-1K span 137 categories, ranging from
tools and kitchenware to consumer electronics. As shown in Fig. 4, these cate-
gories are relatively evenly distributed across common object families. Frequently
appearing objects, such as spoons, screwdrivers, scissors and pliers, are all com-
monly encountered in daily life. This broad category coverage introduces rich
variations in geometry, size, materials, and internal structure, enabling
the dataset to better reflect real-world object variability.

Each object in the dataset is captured and annotated through a standard-
ized pipeline, as shown in Fig. 2. We first collect calibrated multi-view RGB
images to reconstruct a watertight mesh [58] and measure its real-world scale.
A human-in-the-loop segmentation [59] is then performed to decompose objects
into functionally meaningful components. To perform the density field recon-
struction algorithm described in Sec. 3.2, ground-truth X-ray images are re-
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Table 2: Mean (u) and standard deviation (o) of reprojection errors on real X-rays.

Segmentation prior LAT-p LAT-o PA-u PA-o
X-Field prediction 1.121 0.287 0.724 0.268
Current pipeline (manual labels) 0.778 0.191 0.498 0.207
Background noise 0.220 N/A 0.200 N/A

quired as supervision. Therefore, for each object in XDen-1K, we also capture
paired biplanar X-ray scans using our X-ray imaging machine. For some objects
containing extremely complex interior geometry, we manually model out its inte-
rior structure based on the captured X-ray image which clearly reveals its inner
structure.

During actual biplanar X-ray capture stage, we use the Eagle Eye biplanar
X-ray imaging system developed by Taolmage, with settings of a 100 kV tube
voltage, a 450 mA tube current, an exposure time of 280 ms per exposure, and
a total exposure of 126 mAs.

Following this standardized acquisition pipeline, XDen-1K provides a com-
prehensive multi-modal representation for each object. Specifically, for each ob-
ject, we provide a part-segmented 3D mesh, biplanar X-ray scans, and a
reconstructed volumetric density field, as shown in Fig. 5. For validation
purposes, a subset of objects is additionally scanned using high-resolution CT,
as described in Sec. 4.2.

4.2 Evaluation of XDen-1K

We evaluate the fidelity of the reconstructed density fields from two complemen-
tary perspectives: consistency with real X-ray observations and agreement with
high-resolution CT references. First, to assess whether the optimized LAC field
can faithfully explain the measured X-ray data, we reproject the reconstructed
field using Eq. (2) and compare the resulting synthetic X-ray images with the
real biplanar acquisitions. We report the Mean Absolute Error (MAE) and Pear-
son Correlation (Corr) in the image domain. As shown in Tab. 2, our method
achieves accurate and stable reprojection results when reliable geometric and
structural priors are available, demonstrating the physical consistency of the
reconstructed density fields.

For the CT-based evaluation, we note that the reference volumes are not
perfect ground truth. Due to beam-hardening artifacts and the relatively low
tube voltage, metallic components such as the air pump may suffer from streak-
ing effects and deviate from the assumed LAC-to-density model in Eq. (4). We
therefore use the CT scans only as partial volumetric references. As shown in
Tab. 3, our reconstructions achieve reasonable agreement with these CT refer-
ences, suggesting that the optimized density fields capture physically meaningful
volumetric structure while remaining primarily constrained by the real X-ray ob-
servations.

Manual interior-structure modeling can improve reconstruction quality but
introduces additional effort that limits scalability. We therefore evaluate a more



XDen-1K: A Density Field Dataset of Real-World Objects 11

Table 3: Quantitative evaluation of reconstruction quality on XDen-1K. Both density
error against CT (MAE) and reprojection error against real X-ray images (LAT/PA)
are measured.

CcT LAT PA Fine LAT Fine PA
MAE MAE Corr MAE Corr MAE Corr MAE Corr

Glue 0.181 0.298 0.678 0.239 0.616 0.341 0.494 0.381 0.454
Pencil 0.294 0.271 0.492 0.281 0.620 0.211 0.681 0.218 0.546
AirPump - 1.064 0.185 0.820 0.235 0.741 0.598 0.797 0.323
BallPen 0.710 0.286 0.065 0.258 0.410 0.239 0.382 0.330 0.228
Razor 0.326 1.443 0.489 1.380 0.515 1.218 0.666 1.211 0.668

scalable variant that uses only external geometry and part segmentation as pri-
ors, while keeping the optimization procedure unchanged. As shown in Tab. 3,
removing manually curated interior priors causes an expected accuracy drop, but
the method still maintains reasonable reprojection consistency and volumetric
fidelity, demonstrating robustness under weaker priors.

5 Applications on XDen-1K

Building on XDen-1K, we demonstrate three downstream applications: bench-
marking existing physics-reasoning methods, X-ray-conditioned volumetric
segmentation, and center-of-mass-aware robot manipulation. We argue
that X-ray imaging is a key modality for spatial perception, as it provides rich
cues about object geometry, internal structure, and material distribution. When
paired with volumetric density field, XDen-1K enables physically grounded ob-
ject reasoning and supports a broad range of downstream tasks.

5.1 Benchmarking Physical Reasoning Methods

Reasoning about physical properties is fundamental to building physically grounded
digital worlds and enabling stable robot manipulation. Among these properties,
density is particularly important, as it can be directly converted into mass-
related quantities such as total mass, center of mass, and moments of iner-
tia. Given accurate geometry and curated object structures, XDen-1K provides
high-fidelity, physically calibrated volumetric density field reconstructed by
our pipeline, with quantitative validation presented in Sec. 4.2.

This makes XDen-1K a suitable benchmark for supervising and evaluating
density estimation methods. We evaluate recent methods, including Pixie [25],
GaussianProperty [49], and NeRF2Physics [57], using voxel-wise density error,
L1 center-of-mass distance, and mean absolute percentage error (MAPE) of total
mass. Results are summarized in Tab. 4. LLM-based methods, NeRF2Physics
achieves the best performance in density MAE and center-of-mass distance, while
learning-based methods, Pixie obtains the lowest mass MAPE.
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Table 4: Comparison of physical reasoning methods in terms of density, center of mass
(CoM), and total mass.

Method Density MAE CoM distance (cm) Mass MAPE
NeRF2Physics 1.157 0.523 1.174
GaussianProperty 1.295 0.632 1.247
Pixie 1.228 0.547 0.713

5.2 X-ray-conditioned volumetric segmentation

X-ray images provide strong cues about material composition and internal struc-
ture, making them effective conditioning signals for volumetric segmentation. We
therefore extend PartField [29] to the volumetric domain and introduce X-Field,
which conditions on biplanar X-ray images to segment an object’s 3D volume.
X-Field is trained on a synthetic dataset built upon PartNeXt [45], with material
properties synthesized to match our real-world collection. Experiments on both
synthetic and real data show that X-Field consistently outperforms PartField,
validating the benefit of X-ray conditioning for volumetric inference.

Conditioning X-ray modality on PartField PartField [29] takes an input
point cloud (P), extracts per-point features with PVCNN [30], and lifts them
into a triplane representation. A transformer decoder predicts triplane features
(Ltyi), which define a queryable feature field (Fii(-)) in 3D space and can be
projected back onto the input points to obtain point-wise features.

We augment this backbone with X-ray conditioning. Given biplanar X-ray
images (Ix ), an image encoder extracts X-ray features (Lx = Ex(Ix)). Since X-
ray appearance is strongly scale-dependent, we additionally provide the physical
scale (A\) and use FiLM [37] to modulate the encoded X-ray features into a
scale-aware latent representation:

Ly = FiLM(Lx, \). (8)

The resulting scale-aware X-ray features are fused with the triplane features
through cross-attention:

Liyi = CrossAttention (Lcm L;\() . (9)

This produces an X-ray-conditioned volumetric feature field (Fii(-)).

Our goal is to predict a dense volumetric density field rather than only point-
wise features on the input surface. We therefore randomly sample query points
(Pyuery) within the object volume and query the fused triplane representation at
these locations. For each query point (p € Pyuery), & density MLP head regresses
its density value: R ~

D(p) = fo(Fui(p))- (10)
Training is supervised with an (¢5) loss between the predicted densities and the
ground-truth densities from the synthetic volumetric fields:

1
Eden = 1T5 1

Pavers] .

2

D(p) - D). (1)

Pquery
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Fig. 6: Comparison of qualitative segmentation results.

Method Synthetic Data IoU 1 Real Data IoU 1
PartField 53.185 38.410
X-Field (Ours) 72.645 49.251

Table 5: Comparison of IoU scores on synthetic and real data.

Biplanar X-ray inputs may suffer from missing-view ambiguity due to limited
viewing directions. To mitigate this issue, we introduce an auxiliary reconstruc-
tion objective: an additional X-ray image is decoded from features associated
with the third plane and supervised using an MSE loss against the correspond-
ing ground-truth X-ray image. This auxiliary task regularizes 3D feature learning
and encourages more complete volumetric reasoning. Finally, by applying (k)-
means clustering to the predicted densities at the query points, the volume is
partitioned into regions with similar density values, producing a material-aware
volumetric segmentation.

Evaluation on X-ray-conditioned segmentation The volumetric segmenta-
tion performance of the original PartField and the proposed X-Field is evaluated
on both synthetic and real data. As shown in Fig. 6 and Tab. 5, conditioning
on biplanar X-ray images leads to both higher IoU scores and better volumetric
segmentations.

Toward Fully Automatic Dataset Construction. Although X-Field shows
encouraging real-world performance, Tab. 2 shows that its predicted priors still
produce higher reprojection errors than manual labels. We therefore use manu-
ally curated labels as ground truth in the current XDen-1K pipeline and present
X-Field as a promising downstream application. With more high-quality syn-
thetic labels and X-ray-consistent material properties, X-Field could further im-
prove sim-to-real transfer and accelerate future dataset acquisition.
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Fig. 7: Effect of the object’s center of mass on manipulation stability under Pick, Place
and Push task. Left: force and stability analysis. Right: real-robot executions.

5.3 CoM-aware Robot Manipulation

The perception of an object’s center of mass is fundamental for achieving physi-
cally stable and dynamically consistent manipulation. Beyond geometric reason-
ing, understanding the relationship between the center of mass, external forces,
and contact points allows a robot to anticipate rotation, slippage, and tipping
during interaction. To study how the center of mass influences manipulation out-
comes, we conduct three representative experiments on a Franka Emika Panda
robotic arm equipped with a parallel gripper, as shown in Fig. 7.

Pick. Grasping near the CoM produces a small gravitational moment, en-
abling stable lifting. Increasing the grasp offset enlarges the lever arm and torque,
which can overwhelm contact friction, induce rotation, and cause grasp failure.

Place. Stability is governed by whether the CoM projection remains inside
the support region. Small tilts create a restoring moment and the object self-
rights; larger tilts move the projection beyond the support boundary and result
in tipping.

Push. The pushing force creates a moment about the CoM. Forces applied
below the CoM favor translation, whereas forces applied above the CoM generate
a larger overturning moment and can tip the object.

Beyond qualitative demonstrations, the benefit of CoM reasoning is further
evaluated in a downstream grasping pipeline. Density-field prior is used to guide
grasp selection in AnyGrasp [12]| by selecting the candidate grasp pose whose
gripper endpoints are closest to the predicted CoM. Grasp stability is evaluated
using grasp success rate and joint torque loads, with particular attention to wrist
torque (Joint 7), which reflects the end-effector load during grasp execution. Re-
sults are compared across three settings: vanilla AnyGrasp, AnyGrasp guided
by the NeRF2Physics CoM, and AnyGrasp guided by the CoM from our recon-
structed result. As shown in Tab. 6, accurate CoM guidance from the proposed
method substantially improves grasp success rate while reducing both wrist and
mean joint torques, indicating more stable and mechanically efficient grasps
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Table 6: Grasp success (%) and joint torque (N - m) under CoM guidance.

Success Rate 1 Joint-7 torque | Mean torque |

AnyGrasp 27.50 0.521 9.645
+NeRF2Physics CoM 55.00 0.443 9.529
+Ours CoM 77.75 0.435 9.497

These experiments indicate that reasoning about the object’s center of mass
plays an important role in improving related robotic manipulation task. Lever-
aging this physical understanding from our dataset can contribute to more stable
behaviors and more reliable interaction with diverse objects in real-world set-
tings.

6 Conclusion

We presented XDen-1K, a large-scale real-world dataset comprising paired bi-
planar X-ray scans and reconstructed 3D density fields. A differentiable X-ray
optimization framework is developed to leverage shape and segmentation pri-
ors for recovering piecewise-constant densities from two X-ray views, thereby
transforming an otherwise ill-posed problem into a tractable reconstruction task.
Evaluations against CT references and measured X-ray images show that the
proposed method can recover high-fidelity density fields across a wide range of
objects. Beyond the dataset and reconstruction framework, XDen-1K introduces
three subtasks: benchmarking density estimation methods, X-ray-conditioned
volumetric segmentation, and center-of-mass-aware robotic manipulation. The
results establish XDen-1K as a physically grounded benchmark and reference
resource for physical property estimation, while highlighting the potential of
X-ray imaging as a complementary modality for 3D segmentation and object
understanding. With more robust segmentation models and standardized X-ray
acquisition protocols, the data acquisition pipeline can be further automated
and scaled, enabling broader applications in physical reasoning and embodied
AL
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