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Abstract

Understanding physical properties such as friction, stiff-
ness, hardness, and material composition is essential for
enabling robots to interact safely and effectively with their
surroundings. However, existing 3D reconstruction meth-
ods focus on geometry and appearance and cannot infer
these underlying physical properties. We present PhysGS, a
Bayesian-inferred extension of 3D Gaussian Splatting that
estimates dense, per-point physical properties from visual
cues and vision–language priors. We formulate property es-
timation as Bayesian inference over Gaussian splats, where
material and property beliefs are iteratively refined as new
observations arrive. PhysGS also models aleatoric and
epistemic uncertainties, enabling uncertainty-aware object
and scene interpretation. Across object-scale (ABO-500),
indoor, and outdoor real-world datasets, PhysGS improves
accuracy of the mass estimation by up to 22.8%, reduces
Shore hardness error by up to 61.2%, and lowers kinetic
friction error by up to 18.1% compared to deterministic
baselines. Our results demonstrate that PhysGS unifies 3D
reconstruction, uncertainty modeling, and physical reason-
ing in a single, spatially continuous framework for dense
physical property estimation. Additional results are avail-
able at https://samchopra2003.github.io/physgs.

1. Introduction
Understanding the physical properties of real-world envi-
ronments is critical for enabling robots to interact safely and
effectively with their surroundings [5, 10, 38, 66]. This ca-
pability is essential across a wide range of domains such
as navigation [36, 59], manipulation [1, 32], and surgical
robotics [32, 41, 65], and is required in both complex in-
door [42, 63, 66] and outdoor [10, 36, 50] environments.
In particular, accurately estimating physical attributes such
as friction [10, 36], elasticity [59], hardness [5], and den-
sity [63] is essential for safe and robust robot interaction
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Figure 1. Overview of PhysGS. Top: Our method estimates per-
point and dense physical properties (e.g., friction, hardness, den-
sity, stiffness, and mass) by combining vision–language material
priors with Bayesian updates over 3D Gaussian splats. Bottom:
PhysGS can also be deployed in outdoor environments to infer
scene-level properties such as friction and predictive uncertainty;
we visualize the total uncertainty (aleatoric + epistemic).

with diverse and unstructured real-world scenarios.
In general, estimating physical properties from visual

sensors remains a challenging task due to two primary rea-
sons [10, 63]. First, visually similar but physically dis-
tinct regions (e.g., mud vs. asphalt, or grass vs. rock)
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are often difficult to distinguish, leading to brittle planning
and control in complex scenes [10, 11]. While conven-
tional 3D mapping approaches, such as occupancy grids [8],
signed distance fields [40], or implicit neural representa-
tions [27, 39], can provide rich geometric detail, they pri-
marily focus on recovering object shape, and typically fail
to encode physical properties or material categories. Sec-
ond, although recent work has made progress in estimat-
ing physical properties in indoor environments [42, 63, 66],
outdoor scenes remain underexplored. Existing methods of-
ten focus on one or two specific physical properties of out-
door objects or terrains, such as friction [5, 10, 36], pliabil-
ity [59], or stiffness [5], and are not easily generalizable to
a broader set of physical attributes.

Recent advances in 3D vision and semantic perception
have increasingly focused on linking visual appearance to
underlying physical attributes, enabling models to distin-
guish between rigid, deformable, slippery, and compliant
surfaces [5, 10, 11, 63, 66]. In parallel, vision-language
models (VLMs) have demonstrated the ability to capture la-
tent physical properties, such as friction and elasticity, with
multimodal inputs [66]. These models can qualitatively rea-
son about forces, materials, and object dynamics from lan-
guage and imagery [42, 51, 58, 62, 67], highlighting their
potential as semantic priors for physical inference.

However, a core challenge in estimating physical prop-
erties from visual sensors is managing the uncertainty in-
herent in both sensing and inference. Visual and depth
observations are often degraded by sensor noise, lighting
variation, occlusion, and calibration drift [6, 55–57]. This
type of uncertainty, known as aleatoric uncertainty, cap-
tures measurement noise and perceptual ambiguity [3, 25].
Simultaneously, learning-based models trained on limited
or domain-specific datasets frequently struggle to general-
ize to novel textures, materials, and environmental condi-
tions [18, 25, 26]. This is referred to as epistemic uncer-
tainty, which reflects the model’s incomplete or imperfect
knowledge of the world, often due to insufficient or biased
training data [3, 25].
Main Contributions: We propose a 3D physical prop-
erty estimation framework that integrates Bayesian infer-
ence into the Gaussian Splatting optimization process, treat-
ing each Gaussian primitive as a probabilistic entity whose
properties are updated via posterior refinement. This en-
ables PhysGS to estimate both point-level physical proper-
ties (e.g., friction, hardness, stiffness, density) and object-
level quantities (e.g., total mass), while producing cali-
brated aleatoric and epistemic uncertainty. Our novel con-
tributions include:

1. Bayesian-Inferred Gaussian Splatting. We embed
Bayesian updates within the Gaussian Splatting pipeline,
allowing each Gaussian’s physical property values to be
updated through confidence-weighted posterior refine-

ment from observations.
2. Unified multi-property estimation across scales. A

single Bayesian formulation supports diverse physical
properties, including friction, hardness, stiffness, den-
sity, and mass, at both the point level and the object level,
enabling fine-grained property mapping and global ag-
gregation within the same framework.

3. Generality across environments and object types.
PhysGS is broadly applicable to a wide range of indoor
and outdoor scenes and operates on both rigid and de-
formable objects, including vegetation, soil, and every-
day household materials, enabling consistent physical
property estimation across heterogeneous real-world set-
tings.

Across all datasets, including ABO-500, and a real-world
friction–hardness dataset, PhysGS achieves strong gains
over prior methods such as NeRF2Physics, CLIP-based
recognition, and direct VLM regression. We observe im-
provements of up to 61.2% in Shore hardness error, 18.1%
in kinetic friction error, and 22.8% in mass-density error.

2. Related Work

2.1. Visual Property Fields

A major line of work estimates physical properties by as-
sociating scene objects with open-vocabulary physical se-
mantics, querying where specific physical property appear
in observed spaces. LERF grounds CLIP embeddings [47]
within NeRF, distilling multi-scale language features into a
dense, queryable 3D field that produces 3D relevancy maps
for text prompts [28]. Closely related open-vocabulary 3D
mapping approaches propagate physical–semantic features
into 3D reconstructions for zero-shot recognition and re-
trieval [22, 45].

With the rise of 3D Gaussian Splatting (3DGS)[27],
several methods directly inject language or semantic fea-
tures into Gaussian primitives, yielding fast, explicit, and
queryable 3D fields. LangSplat [46] distills 2D CLIP fea-
tures into a 3D language field over Gaussians for open-
vocabulary search. Related efforts [16, 21] assign seman-
tic Gaussians for open-vocabulary 3D understanding, show-
ing that explicit Gaussian fields are well-suited for encoding
and rendering high-dimensional properties beyond color.

Based on visual–semantic cues, recent work has further
incorporated language-context features to enhance physical
property estimation [63, 66]. NeRF2Physics[66] constructs
a language-embedded 3D feature space and performs zero-
shot kernel regression to estimate per-point physical prop-
erties, while GaussianProperty[63] extends this idea to 3D
Gaussians.
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2.2. Uncertainty-Aware and Probabilistic Scene Un-
derstanding

In vision and robotics, uncertainty is typically decom-
posed into aleatoric (data or sensor noise) and epistemic
(model or knowledge) components. This formulation has
become standard for loss design, model calibration, and
risk-sensitive decision making in perception systems [3,
4, 25]. Prior work formalizes these notions for vision-
based tasks and demonstrates how to jointly learn uncer-
tainty with outputs such as depth or segmentation, or to
approximate Bayesian inference via dropout or ensembles,
thereby improving robustness and out-of-distribution be-
havior [14, 26, 33].

Estimating the physical properties of real-world environ-
ments from sensors inherently involves uncertainty. Several
approaches introduce probabilistic maps, tail-risk measures,
and confidence-aware policies to quantify and mitigate this
uncertainty [5, 9, 12, 13, 43]. STEP [12] models traversabil-
ity as a stochastic variable and plans using a CVaR-based
risk formulation, validated across diverse field environ-
ments and the DARPA SubT Challenge. Evidential and
Bayesian formulations extend this concept by outputting
full distributions rather than point estimates, enabling on-
line belief updates from new observations [3, 4, 10, 11].
EVORA [3] learns evidential traction distributions, explic-
itly separating aleatoric and epistemic components to assess
motion risk, while Ewen et al. [10, 11] maintain joint beliefs
over semantics and continuous properties to predict physi-
cal property maps (e.g. friction).

Beyond 2D perception, uncertainty has been integrated
into NeRF and 3D Gaussian Splatting (3DGS) frame-
works to quantify ambiguity arising from sparse observa-
tions, occlusions, and under-constrained geometry, enabling
tasks such as active perception and view planning through
information-theoretic measures and Bayesian modeling of
scene primitives [24, 34, 35, 49]. Recent works estimate
spatial uncertainty post hoc for pre-trained NeRFs [15, 34],
propose probabilistic NeRFs [19], or directly model un-
certainty in 3DGS [29] via variational or evidential objec-
tives, including dynamic and 4D settings [30]. Comple-
mentary efforts have explored uncertainty-aware on varia-
tional Gaussian splatting and SLAM pipelines that propa-
gate uncertainty in pose and structure, demonstrating that
per-Gaussian uncertainty can substantially enhance map-
ping robustness and downstream reasoning [20, 48, 49].

3. Proposed Approach

In this section, we outline our Bayesian framework for
dense physical property estimation. We begin with
a Dirichlet–Categorical model for fusing confidence-
weighted material labels across views (Sec. 3.1, 3.2),
then extend it to continuous properties using a Normal–

Inverse–Gamma prior to obtain calibrated aleatoric and
epistemic uncertainty (Sec. 3.3). We then describe how
these Bayesian updates integrate with 3D Gaussian Splat-
ting, segmentation, and VLM prompting to produce per-
point property fields and object-level estimates (Sec. 3.4).

3.1. Preliminaries
Dirichlet–Categorical formulation. We model discrete
material labels produced by the VLM using a Categorical
distribution and place a Dirichlet prior over its parameters.
The Dirichlet distribution is the conjugate prior to the Cat-
egorical likelihood, enabling closed-form Bayesian updates
as new observations are incorporated across views.

The Categorical distribution parameterized by θ ∈
[0, 1]K represents the probability that an observation be-
longs to class i:

f(z = i | θ) = θi. (1)

The Dirichlet distribution defines a continuousK-variate
prior over θ, parameterized by α ∈ RK

>0, as

f(θ | α) =
Γ(

∑K
k=1 αk)∏K

k=1 Γ(αk)

K∏
k=1

θαk−1
k , (2)

where Γ(·) is the Gamma function.
Given a set of n observed material labels Z =

{z1, . . . , zn} drawn from a Categorical distribution, the
posterior predictive probability that a new observation be-
longs to material class i is

f(z = i | Z,α) =

∫
θ

f(z = i | θ) f(θ | Z,α) dθ. (3)

Using conjugacy of the Dirichlet prior and Categorical like-
lihood, the integral simplifies to the closed-form expression

f(z = i | Z,α) =
α̃i∑K
j=1 α̃j

, (4)

where the posterior parameters are recursively updated
as

α̃i ← αi(0) +
∑

m: cm=i

λ pm, (5)

with λ controlling the evidence strength contributed by
each observation and pm denoting the confidence provided
by the VLM for the m-th prediction.

3.2. Bayesian Inference for Material Property Esti-
mation

We introduce our hierarchical Bayesian framework for
estimating material-specific physical properties from
confidence-weighted observations. Building on the
Dirichlet–Categorical model of [11], we extend it with
a continuous posterior to jointly infer material class and
properties such as friction, density, and hardness.
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Figure 2. PhysGS architecture. Given multi-view images, SAM provides part-level segmentations that are used for 3D Gaussian Splatting
(3DGS) reconstruction. For each segmented part, a VLM produces material labels, density estimates, and confidence scores across multiple
views. These observations are fused using Bayesian inference with uncertainty quantification to obtain final per-material property distribu-
tions. By propagating the estimated densities over the reconstructed 3D Gaussian field, PhysGS predicts per-point density and full-object
mass.
Continuous property estimation. While the Dirichlet–
Categorical formulation governs the discrete class probabil-
ities, we also require an estimate of the continuous physical
property ψ associated with each material. For each mate-
rial class i, we maintain confidence-weighted accumulators
that enable incremental computation of the first and second
moments using a running mean and variance formulation
proposed by [60] and generalized by [44]:

Wi =
∑
m

pm, Si =
∑
m

pm ψm, Qi =
∑
m

pm ψ2
m,

(6)
representing the total weight, first moment, and second mo-
ment, respectively. These accumulators allow efficient on-
line updates without requiring access to past observations,
which is particularly beneficial in streaming or on-the-fly
reconstruction settings.

The posterior mean and variance for material i are then
estimated as

µi =
Si

Wi
, σ2

i = max

(
Qi

Wi
− µ2

i , ϵ

)
, (7)

yielding a Gaussian posterior

p(ψi | Z) = N (µi, σ
2
i ), (8)

which represents the system’s belief over the continu-
ous physical property for material i given all confidence-

weighted evidence Z. This formulation integrates natu-
rally with the Dirichlet update by providing confidence-
weighted, incremental, and uncertainty-aware refinement as
new observations become available.
Hierarchical posterior. The resulting model is hierarchical
in nature, jointly estimating the discrete material identity z
and continuous physical property ψ:

p(z, ψ | Z,α) = p(ψ | z, Z) p(z | Z,α), (9)

where p(z | Z,α) is the Dirichlet–Categorical posterior and
p(ψ | z, Z) is the Gaussian posterior. Applying the Law of
Total Probability as in [11], the overall predictive distribu-
tion over physical properties is

f(ψ | Z,α) =

K∑
i=1

f(ψ | z = i) f(z = i | Z,α). (10)

Substituting Eq. (8) into Eq. (10) gives a closed-form
multimodal Gaussian mixture for the predicted material
properties:

f(ψ | Z,α) =

K∑
i=1

α̃i∑K
j=1 α̃j

N (µi, σ
2
i ). (11)

This mixture formulation expresses the full posterior as
a weighted sum of unimodal Gaussian components, where
each mode corresponds to a material class and is weighted
by its recursively updated class likelihood from the Dirich-
let posterior.
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3.3. Uncertainty-Aware Property Fields

Uncertainty modeling via the Normal–Inverse–Gamma
prior. For each material i, the joint prior over the mean µi

and variance σ2
i of the property ψ is given by

p(µi, σ
2
i | τi, κi, αi, βi) = N

(
µi

∣∣∣ τi, σ2
i

κi

)
Inv-Gamma

(
σ2
i

∣∣αi, βi
)
,

(12)
where τi denotes the prior mean, κi controls the preci-

sion on µi (i.e., the strength of accumulated evidence), and
(αi, βi) are the shape and scale parameters governing the
uncertainty in σ2

i .

Predictive Uncertainty update. Given a new observa-
tion ψm associated with material class i and its confidence
pm, the posterior parameters (τ̃i, κ̃i, α̃i, β̃i) can be updated
in closed-form, allowing sequential fusion of confidence-
weighted evidence without storing past data. This conju-
gate formulation provides closed-form expressions for the
predictive mean and variance of the property ψi.

The total predictive uncertainty decomposes into two
components:

Var[ψi] = E[σ2
i ]︸ ︷︷ ︸

aleatoric

+Var[µi]︸ ︷︷ ︸
epistemic

. (13)

The first term represents aleatoric uncertainty, which
arises from inherent noise in the observations and variabil-
ity within each material class. The second term represents
epistemic uncertainty, corresponding to uncertainty in the
estimated mean that decreases as more high-confidence ev-
idence is incorporated. For implementation, we compute
these moments directly from the NIG parameters:

E[σ2
i ] =

β̃i
α̃i − 1

, Var[µi] =
E[σ2

i ]

κ̃i
. (14)

The resulting aleatoric, epistemic, and total predictive
uncertainties provide interpretable measures of confidence
in both the per-class property estimates and the overall re-
construction. Regions with high aleatoric uncertainty reflect
sensor or perceptual noise, while high epistemic uncertainty
indicates insufficient or conflicting evidence about the un-
derlying material properties.

3.4. Learning Semantics and Physical Properties

Semantic Segmentation. Given a multi-view image
dataset, we employ SAM [31] to produce pixel-accurate
masks that decompose each object into hierarchical levels
(whole, part, and sub-part), facilitating fine-grained seman-
tic understanding. The model outputs multiple candidate
masks at different granularities, which we refine by discard-
ing redundant or low-confidence predictions using SAM’s
built-in IoU and stability measures. The resulting segmen-
tation maps capture precise object boundaries and seman-

tically coherent regions, forming the basis for our down-
stream physical property estimation.

VLM Prompting. For each segmented image, we construct
a vision–language prompt comprising a triplet of images
arranged side by side, following the design of [63]. The
left image presents the complete object, the middle image
overlays the segmentation mask, and the right image iso-
lates the masked region of interest. Given an input image
I , this process yields k visual prompts corresponding to the
k masks predicted by SAM. We additionally condition the
VLM with a structured textual query that instructs it to (i)
provide a concise caption of the segmented part, (ii) iden-
tify its predominant material, and (iii) infer relevant phys-
ical properties such as friction, density, etc. The model is
further asked to report a normalized confidence score within
[0, 1], representing its belief in the prediction.

3D Gaussian Splatting. Given the VLM responses and the
refined physical property estimates from our Bayesian in-
ference scheme, we construct a material legend assigning
each material a unique color. The corresponding scene im-
ages are recolored accordingly and used as semantic inputs
for 3DGS reconstruction. This yields a semantic splat that
supports dense property inference, such as mass estimation.

Physical Property Estimation. Using the reconstructed
3D Gaussian field and inferred material properties, we
perform per-point and dense physical property estimation.
Each voxel is associated with a predicted property value
(e.g., friction or density), enabling spatial queries for per-
point properties or integration over the volume to obtain ag-
gregate measures such as total mass.

4. Experiments and Results
4.1. Implementation Details
We employ the splatfacto-big variant of Nerfstu-
dio [54] for 3D Gaussian Splatting, using default parame-
ters except for a random scale of 2.0 and a random back-
ground color. Each scene is trained for 20,000 iterations on
an NVIDIA RTX A5000 GPU.

For image segmentation, we use SAM [31] to obtain
whole, part, and sub-part material decompositions. Material
property estimation is performed using GPT-5 [52] as the
vision–language model (VLM), conditioned on structured
visual–text prompts derived from the segmented images.

4.2. Mass Estimation

Dataset. We employ the ABO dataset [7] for evaluating
mass prediction, which includes a large set of consumer
products listed on Amazon along with multi-view imagery,
segmentation masks, physical measurements, and metadata.
Specifically, we make use of the representative multi-view
benchmark ABO-500 curated by [66], which selects a bal-
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Figure 3. Qualitative comparison on the ABO-500 dataset. For each object, we show the input RGB image, material segmentation
and mass-density predictions from NeRF2Physics, and the corresponding results from our method. PhysGS produces cleaner material
segmentation with fewer artifacts compared to NeRF2Physics and more consistent part boundaries, and yields sharper, more plausible
mass-density fields across diverse object categories.

anced subset of 500 items from the entire ABO dataset. It
is divided into 300 training, 100 validation, and 100 testing
instances.

Metrics. Following prior work on visual mass estima-
tion [53], we evaluate using four complementary metrics
that measure both absolute and relative error between the
predicted mass m̂ and the ground-truth mass m:
• Absolute Difference Error (ADE): |m− m̂|,
• Absolute Log Difference Error (ALDE): | lnm− ln m̂|,
• Absolute Percentage Error (APE):

∣∣m−m̂
m

∣∣,
• Minimum Ratio Error (MnRE): min

(
m
m̂ ,

m̂
m

)
.

Baselines. We compare our system against several visual
and multimodal baselines on the ABO-500 dataset:
• Image2mass [53]: a CNN that infers mass directly from

RGB images and 3D bounding box dimensions.
• 2D CNN: a lightweight regression model built upon a

frozen ResNet50 [17] backbone, fine-tuned with addi-
tional layers for scalar mass prediction.

• LLaVA [37]: a vision-language model designed for in-
struction following.

• NeRF2Physics [66]: a NeRF-based approach that jointly
estimates 3D geometry and per-point physical properties.
It predicts mass by integrating predicted density across
the reconstructed volume.

Qualitative Results. Figure 3 presents qualitative re-
sults on the ABO-500 dataset. For each object, we com-
pare the material segmentation and mass-density predic-
tions from NeRF2Physics with those produced by PhysGS.
Our method yields substantially cleaner material segmen-
tations with fewer spurious labels and more coherent part
boundaries, while also producing sharper and more sta-
ble mass-density fields. These improvements are consis-
tent across a wide range of object categories, demonstrat-
ing the advantage of combining vision-language priors with
Bayesian inference over 3D Gaussian splats.

Quantitative Results. We evaluate the accuracy of our
method on mass estimation using the ABO-500 test set
(100 objects). As shown in Table 1, traditional 2D meth-
ods such as Image2mass [53] and 2D CNNs exhibit high
mass estimation error due to their inability to capture 3D
structure or material composition. VLM approaches (e.g.
LLaVA [37]) show similar limitations, producing noisy pre-
dictions that vary across views. NeRF2Physics improves
accuracy by exploiting neural radiance fields, and achieves
the best ALDE (0.771) and MnRE (0.552) among exist-
ing baselines. PhysGS achieves the best performance on
two key metrics: it reduces ADE from 8.730 to 8.254,
corresponding to a 5.5% improvement, and reduces APE
from 1.061 to 0.819, a substantial 22.8% improvement over
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Table 1. Mass estimation on ABO-500 test set (100 objects). ADE
is measured in kilograms. Bold: best model.

Method ADE (↓) ALDE (↓) APE (↓) MnRE (↑)
Image2mass [53] 12.496 1.792 0.976 0.341
2D CNN 15.431 1.609 14.459 0.362
LLaVA [37] 17.328 1.893 1.837 0.306
NeRF2Physics [66] 8.730 0.771 1.061 0.552

Ours 8.254 0.999 0.819 0.474

Table 2. Ablation study for mass estimation on ABO-500 val
set (100 objects). ADE is measured in kilograms. BI refers to
Bayesian Inference. Bold: best model.

Method ADE (↓) ALDE (↓) APE (↓) MnRE (↑)
NeRF2Physics [66] 9.786 0.61 0.931 0.609
Ours (w/o BI) 9.728 0.770 0.717 0.561

Ours (with BI) 9.187 0.827 0.715 0.539

NeRF2Physics.

Ablation Study. Table 2 shows that incorporating Bayesian
inference yields clear gains over both NeRF2Physics and
our non-Bayesian variant. Updating material and prop-
erty beliefs across additional views reduces ADE by 5.6%
and improves APE by 6.4% compared to the version with-
out Bayesian updates. These improvements demonstrate
that aggregating multi-view evidence to refine the posterior
distribution leads to more accurate mass estimation, con-
firming the benefit of treating physical properties as latent
variables that are iteratively updated rather than fixed from
single-view predictions.

4.3. Friction and Hardness Estimation

Dataset. To evaluate our model’s ability to infer dense, spa-
tially varying physical properties within objects, we lever-
age the friction and hardness dataset containing paired im-
age and real-world measurement data, curated by [66]. This
dataset includes 15 household objects captured across 13
scenes, using multi-view RGB images paired with per-point
measurements of kinetic friction coefficient and Shore A/D
hardness.

Metrics. We report the same evaluation metrics for per-
point friction and hardness estimation as above.

Baselines. As before, we compare our method to several
visual and multimodal baselines.
• GPT-4V [64] and GPT-5 [52]: Large VLMs capable of

processing masked regions in its prompt.
• CLIP [47]: A vision–language baseline that uses global

CLIP embeddings from the canonical view of the scene,
rather than the fused multi-view patch features used in
our method. This baseline evaluates how well static vi-

Ours 
(Shore Hardness)

Ours 
(Friction Coefficient)

Input RGB Image

Figure 4. Qualitative results for the friction and hardness dataset.
Given a single RGB view, PhysGS predicts dense friction coef-
ficients and Shore hardness values for a variety of household ob-
jects. The resulting property fields are spatially smooth, physically
plausible, and consistent across diverse materials and geometries.

sual–semantic representations can generalize to physical
property prediction.

• NeRF2Physics [66]: Same as in mass estimation base-
line.

Qualitative Results. Figure 4 presents qualitative results
for friction and Shore hardness estimation on real objects.
From a single RGB view, PhysGS produces dense per-point
friction and hardness fields across materials such as rubber,
leather, plastic, and metal. The predictions capture fine-
grained material differences and exhibit clean boundaries
between regions with distinct friction and hardness char-
acteristics, reflecting the system’s ability to localize subtle
variations in contact and deformation properties.

Quantitative Results. Table 3 reports results for per-point
Shore A/D hardness and kinetic friction estimation on our
real-world dataset. Across all hardness metrics, PhysGS
achieves substantial gains over existing approaches. Rel-
ative to the best baseline, our method reduces ADE by
61.2%, lowers ALDE by 34.4%, and decreases APE by
16.5%, while improving MnRE by 8.4%. For kinetic
friction, PhysGS again outperforms the strongest baseline
(NeRF2Physics) on the majority of metrics, reducing ADE
by 15.5% and ALDE by 18.1%, and increasing MnRE by
9.4%.

4.4. Applications: Outdoor Scene Understanding

PhysGS can also estimate physical properties of outdoor en-
vironments, such as friction and stiffness, which are impor-
tant for reasoning about natural, vegetation-rich terrain [5].

18986



Table 3. Estimation of per-point Shore hardness (left) and kinetic friction coefficient (right) on the real-world dataset. Bold: best model.

Shore Hardness (31 points, 11 objects) Kinetic Friction (6 points, 6 objects)

Method ADE (↓) ALDE (↓) APE (↓) MnRE (↑) Method ADE (↓) ALDE (↓) APE (↓) MnRE (↑)
GPT-4V [64] 32.752 0.330 0.304 0.758 GPT-4V [64] 0.209 0.430 0.549 0.692
GPT-5 [52] 16.044 0.222 0.277 0.816 GPT-5 [52] 0.259 0.519 0.646 0.615
CLIP [47] 32.857 0.294 0.266 0.774 CLIP [47] 0.222 0.455 0.602 0.654
NeRF2Physics [66] 34.295 0.315 0.276 0.765 NeRF2Physics [66] 0.155 0.321 0.360 0.736

Ours 12.721 0.193 0.222 0.839 Ours 0.131 0.263 0.365 0.805
Ours 

(Friction Coefficient)
Ours 

(Young's Modulus GPa)
Ours 

(Total Uncertainty)
Ours 

(Material Segmentation)Input RGB Image

Figure 5. Outdoor scene results on real environments. From a single RGB view, PhysGS predicts material segmentation, friction coef-
ficients, Young’s modulus, and total uncertainty (aleatoric + epistemic). The method captures broad material variations across natural
terrain and vegetation while producing pixel-wise physical property estimates with associated confidence. Higher total uncertainty in
Rows 2 and 3 corresponds to scenes with dense clutter and visually ambiguous regions, where SAM provides less precise part-level masks
(e.g., separating leaf litter from wood or mud from grass). Rows 1 and 4 exhibit lower uncertainty due to clearer material boundaries and
more uniform regions.

Our method also provides per-pixel uncertainty (aleatoric +
epistemic) for these estimates. We demonstrate this capabil-
ity on the RUGD [61] and RELLIS-3D [23] datasets (Fig-
ure 5), which contain challenging outdoor scenes where ac-
curate physical property prediction and uncertainty assess-
ment are essential for interpreting complex terrain.

5. Conclusion, Limitations and Future Work
We presented PhysGS, a Bayesian-inferred 3D Gaus-
sian Splatting framework for estimating dense physical
properties from RGB images and vision-language priors.
Across indoor and outdoor real-world datasets, PhysGS
achieves consistent gains over existing approaches. On
ABO-500, our method improves mass estimation by 5.5%
in ADE and 22.8% in APE. PhysGS also reduces Shore
hardness error by up to 61.2% and kinetic friction error by

up to 18.1% relative to the strongest baselines. Outdoor
experiments on RUGD and RELLIS-3D further show that
the method generalizes to complex natural environments,
capturing material segmentation, friction, stiffness, and
uncertainty. A primary limitation of PhysGS is its sensitiv-
ity to segmentation quality. When part-level masks merge
visually similar materials or fail to isolate fine-grained
regions, the resulting physical property estimates inherit
this ambiguity, reducing material separation and increasing
predictive uncertainty. Future work may incorporate
VLM-guided segmentation refinement to reject low-quality
masks and preserve fine-grained material structure. An-
other limitation is the lack of calibrated VLM confidence
estimates. Future work could improve reliability through
improved calibration and using complementary sensing
modalities such as tactile or force-based measurements.
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