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Material-informed Gaussian Splatting for 3D World

Reconstruction in Digital Twin
Andy Huynh1,2

Abstract—3D reconstruction for Digital Twin has become
crucial, providing controlled and scalable environments
for developing and validating advanced sensor algorithms
before real-world deployment. Traditional reconstruction
approaches have several limitations: they often overlook
physical rendering properties of materials, lack detailed
textures, and rely on lidar sensors that require complex
calibration and perform poorly with capturing retro-
reflective and transparent surfaces. We propose a modular,
camera-centric, and material-informed 3D Gaussian Splat-
ting (3DGS) pipeline for reconstructing large 3D scenes.
Our approach extracts semantic material masks using
segmentation models, converts Gaussian representations
to explicit mesh surfaces, and automatically projects 2D
material labels onto 3D geometry. This combines photoreal-
istic reconstruction with physics-based material assignment
for accurate sensor simulation and rendering in modern
graphics engines and simulators. Evaluation on an internal
Siemens autonomous driving dataset demonstrates that
our material-informed approach achieves sensor simulation
fidelity comparable to lidar-based ground truth while
providing high visual fidelity, as validated through image
similarity metrics and lidar reflectivity analysis.

I. INTRODUCTION

Digital Twins [15] are integral to the advancement of
sensor technologies, facilitating safe validation of high-
risk scenarios and precise control over environmental
variables, prior to real-world deployment [12]. This is
driven by the advancement of sophisticated algorithms
used in modern Advanced Driving Assistance Systems
(ADAS) and Artificial Intelligence (AI) systems,
involving complex multimodal sensor setups, often
relying on lidar and cameras. The concept of accurate
translation of real-world scenarios, leading to identical
behaviour in both simulation and reality is known as real-
to simulation (real2sim). Within ‘real2sim’, 3D world
reconstruction captures the spatial and geometrical
features of real-world assets, aiming to (I) ensure
realistic simulation and (II) generate synthetic sensor
data consistent with reality. Existing works [33, 62]
proposed lidar-based 3D reconstruction methods
for static scenes, focusing on reducing geometric
discrepancies for accurate synthetic lidar representation.
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However, these approaches ignore the physical rendering
and visual properties of environments, such as materials
and textures. Recent efforts [22] address this gap
by introducing an automated material assignment
pipeline, that combine lidar-based surface reconstruction
with camera-based material segmentation. This has
contributed to close the real2sim gap in lidar reflectivity
while reducing reliance on resource-intensive tools
and expert modelling. Despite these advancements, the
resulting visual appearance often remains ‘game-like’,
lacking photorealism and failing to achieve plausible
reconstructions under sparse-view conditions.

Recent advancements in novel view synthesis have
introduced 3D Gaussian Splatting [26], a lightweight
model that provides fast, differentiable rendering and
high-quality 3D reconstructions with sparse input views.
While originally focused on photorealistic rendering
rather than accurate surface geometry, recent works
such as MILo [16] and GeoSVR [29] demonstrated
that high-fidelity geometric surfaces can be extracted
from Gaussian Splatting using only multi-view images.
This represents a pivotal step for 3D reconstruction,
since modern graphics engines and simulations natively
only support explicit surface representations, such as
meshes [17]. Furthermore, these camera-based methods
provide an alternative to lidar hardware, avoiding
expensive equipment, intricate sensor synchronization,
and demanding calibration procedures.

In light of the above observations, we propose a
modular, camera-centric, pipeline that combines
combines photorealistic Gaussian Splatting with
physics-based material assignment for reconstructing
large 3D scenes. Fig 1 illustrates our hybrid pipeline,
that combines (A) Gaussian Splatting with (B) mesh-
based material rendering for accurate sensor simulation.
We validate our method on the BeCareful project
dataset from Siemens [1], evaluating our approach
by comparing camera-only reconstructions against
lidar-based and fusion approaches.
Our main Contributions are:

• (1) A modular, camera-only pipeline that integrates
Gaussian Splatting for photorealistic geometry re-
construction with automated mesh-based material
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Fig. 1. Overview of our decoupled hybrid reconstruction pipeline. Using only RGB images as input, we subdivide our pipeline into four
independent, modular blocks (a) Perform instance segmentation to extract semantic material masks, (b) Adapt a Gaussian Splatting model
for large-scene rendering (c) Use semantic masks and the Gaussian Splatting model to project 2D-labelled material masks onto a 3D surface
representation (d) Assign a BSDF material to each material-labelled region for accurate physics-based rendering.

assignment, providing an alternative to lidar and
complex calibration procedures.

• (2) An automated approach for projecting 2D se-
mantic material masks to 3D mesh surfaces through
Gaussian Splatting-based reconstruction, facilitating
accurate physics-based lidar reflectivity simulation.

• (3): A comprehensive evaluation, comparing
camera-only to camera-lidar fusion approaches,
demonstrating that our camera-centric, material-
informed reconstruction significantly improves
simulation rendering quality while achieving
sensor simulation fidelity comparable to lidar-
based ground truth.

II. RELATED WORK

A. Novel view synthesis

Traditional 3D reconstructions use explicit represen-
tations such as point cloud, voxel grids, and polyg-
onal meshes. Methods such as lidar-based reconstruc-
tion [21, 30], excel at preserving geometric accuracy
and structural integrity. However, these approaches strug-
gle to capture fine visual details and complex surface
characteristics. Camera-based alternatives [11, 45] typ-
ically offer less geometric accuracy, produce noisier
results, and face challenges with transparent and reflec-
tive surfaces [42]. The introduction of Neural Radiance
Fields (NeRF) [34] has addressed persistent challenges
in scene representation, facilitating photorealistic novel
view synthesis. Despite developments in scaling NeRF
to large scenes [2, 49, 50], NeRF still suffers from high

latency and computational overhead, limiting scalability.
Additionally, the absence of a discrete surface represen-
tation restricts its compatibility with graphics engines
and simulations. Recently, alternative approaches such
as Gaussian Splatting have aimed to further improve
scalability and rendering efficiency [26], prompting sev-
eral refinements. For instance, Huang et al. [20] pro-
posed collapsing 3D volumes into 2D oriented disks for
more accurate geometry, while Zhang et al. [66] and
Wei et al. [55] addressed challenges related to semi-
transparent assets and shading accuracy, respectively.
Wu et al. [57] expanded method compatibility with
various camera types and indirect lighting. However,
many of these methods remain limited in scene-centric
robustness and scalable reconstruction in complex or
large environments.

B. Large-scene reconstruction

Building on the foundations of Gaussian Splatting,
recent academic work has focused on improving its con-
sistency and accuracy. Many works have pivoted towards
small, object-centric models with multi-view imagery,
while research towards large-scale, scene-centric outdoor
scenarios remain relatively underexplored. Inspired by
NeRF-based methods such as Block-NeRF [49] and
Mega-NeRF [50], which pioneered parallel large-scale
reconstruction via scene partitioning, recent Gaussian
Splatting approaches have begun to adopt similar strate-
gies [27, 32]. For these approaches, the scene is di-
vided into smaller, spatially consistent blocks, facilitating
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scalable reconstruction. Many models for large scenes
employ Level-of-Detail (LoD) techniques [27, 32], allo-
cating higher resolution to visually important or nearby
regions while approximating distant areas with lower
detail. This improves the overall rendering speed and re-
ducing memory usage. Beyond spatial partitioning, alter-
native strategies such as temporal segmentation [10]) and
distance-based decomposition [46]) have been proposed
to further boost efficiency and scalability. Despite these
advancements, effective hyper-parameter tuning remains
crucial for achieving optimal reconstruction quality in
large-scale, Gaussian-based scene reconstruction.

C. Surface Extraction from Gaussian Primitives

While Gaussian Splatting offers high-fidelity visuals
and fast rendering, simulation engines require explicit
meshes for physics, collisions, and material properties.
Recent advances allow extracting surfaces from Gaus-
sians: Guedon et al. [14] aligned 3D Gaussians with
surfaces using volumetric fields and Poisson reconstruc-
tion [25]. Other approaches applied Signed Distance
Functions (SDFs) [8], though they come with depen-
dencies on multi-view data and face lighting limita-
tions. Ray-Gaussian intersections [63] offer unbiased
depth estimation, but trade geometric accuracy for added
data requirements. MILo [16] integrates mesh extrac-
tion into GS training via Delaunay triangulation [23],
preserving fine details. Beyond Gaussians, alternative
representations : voxel-based methods [44, 48], convex
polygons [18] and triangle-based approaches [17], facil-
itating sharp, engine-ready surfaces. Furthermore lidar-
based reconstructions [21, 30] still yield highly accurate
geometry.

D. Material extraction

Material and texture recognition has recently attracted
significant attention, as it directly influences how assets
interact with their environment in simulations through
reflection, absorption, and collisions. These factors are
critical for validating sensors such as lidar and radar [68].
Bell et al. [3] demonstrated material segmentation for
images using fully convolutional networks, framing the
task as semantic segmentation into material categories.
Cai et al. [6] has demonstrated per-pixel image mate-
rial segmentation for real-world driving scenes using
a Transformer-based framework that also recognises
textures. Liang et al. [31] extended this approach by
integrating polarization and near-infrared light, thereby
strengthening material prediction. Upchurch et al. [51]
leveraged ’big data’ to create a large-scale, densely
annotated material segmentation dataset, encompassing
46 material categories across both indoor and outdoor

scenes. Viswanath et al. [53] proposed classifying mate-
rials via LiDAR semantic segmentation using calibrated
reflectivity, which correlates with material type. Janda
et al. [24] utilised a flash lidar sensor, analysing the
shape of returned waveforms to learn material properties.
Zhu et al. [69] applied large language models to radar
data, correlating electromagnetic wave characteristics
with material identification.

E. Physics-based materials for rendering

Modern graphics engines use physics-based rendering
to simulate surface interactions such as reflection and ab-
sorption through mathematical models such as the Bidi-
rectional Reflectance Distribution Function (BRDF) [28].
Approaches for modelling real-world materials can be
categorised as (I) analytical models, which are widely
available but have reduced accuracy [40]. (II) Measured
model offer high accuracy but are infeasible for scalabil-
ity [56]. (III) Data-driven methods combine both models
and use neural networks to learn from lab measured
examples. Many engines favour simplified standards
such as the Disney-based BSDF [4], trading physical
accuracy for ease-of-use, which can limit realism in
simulations. Recent work integrates material properties
with 3D Gaussians for physics-based rendering [58, 61],
providing more organic deformations and relightable
scenes. Challenges remain in modelling metallic and re-
flective/transparent surfaces. Recent works address these
limitations by embedding pixel-level properties in Gaus-
sians [36, 60] or apply ray tracing for enhanced realism
at the expense of higher computational cost [35]. Mesh-
compatible outputs are also being developed [59], mak-
ing integration with standard engines more seamless.

III. METHOD

This section will break down our decoupled hybrid
reconstruction pipeline, as illustrated in Fig. 1. We first
cover how we generate semantic material labels (a), and
how we train a large-scale Gaussian splatting model(b).
We highlight how we use both outputs to project 2D-
labelled images to 3D representations(c). We will cover
how we apply individual Physics-based rendering (PBR)
materials for our reconstruction(d), followed up by our
scenario reconstruction using Simcenter Prescan [47](e).

A. Monocular Material Extraction

This section presents our methodology for extracting
per-pixel 2D material labels exclusively from RGB
images. To achieve accurate scene representation, it
is essential to employ robust material segmentation.
Following a comprehensive evaluation of several
segmentation models, we adopted RMSNet [6] as our
baseline. RMSNet demonstrates strong performance
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Fig. 2. We use RMSNet [6] to generate semantic material masks and FastSAM to create semantic object masks. Each object mask is overlapped
with every semantic material mask, and the most dominant material is assigned to each pixel. This results in a shape-aware material mask.

on material classification and segmentation tasks
specialised for autonomous driving applications. We
refine the initial semantic masks using foundational
models to obtain detailed, pixel-wise labels, as illustrated
in Fig.2. Notably, RMSNet operates solely on RGB
images, minimising system complexity and eliminating
dependency on additional sensor modalities such as
lidar or infrared[31, 53]. The network segments material
regions by analysing local texture patterns, enabling
precise classification for downstream tasks.

Materials often exhibit more fragmented spatial
distributions and lack the prominent shape cues
characteristic of semantic objects. We observed that
traditional approaches failed to capture these shape cues.
To address this, we employ Fast Segment Anything
(FastSAM) [67], an instance segmentation tool trained
on 1.1 billion masks across 11 million images, to
segment all semantic objects within a scene. Instance
segmentation is applied to each RGB image, to obtain
pixel-wise object boundaries. We post-process the
masks to remove overlapping masks. Each object
mask is then overlaid with the corresponding RMSnet
material mask. Using majority voting within each object
region, we assign the dominant material label to create
material-segmented masks with clearly defined object
shapes, as illustrated in Fig. 3. The results is a set of n
material segmentation masks, where each pixel inherits
its material class according to the SAM-derived object
segmentation.

B. Large-scene Gaussian Splatting

For photorealistic 3D reconstruction, we employ Hier-
archical 3D Gaussian Splatting (H3DGS) [27]. We have

selected H3DGS over alternatives such as CityGaus-
sian [32], which is primarily tailored for aerial imagery,
because H3DGS demonstrates great performance on
street-level autonomous driving datasets. The reconstruc-
tion pipeline starts with COLMAP [45], which performs
Structure-from-Motion (SfM) to generate a sparse 3D
point cloud from multi-view RGB images. This point
cloud serves as the initial positions for the 3D Gaussians.
To avoid artifacts caused by the moving ego-vehicle,
we mask it in all input images using the segmentation
masks. H3DGS initially constructs a global scaffold,
then subdivides the scene into spatial chunks derived
from this scaffold. However, its hierarchical level-of-
detail representation and anti-aliasing mechanisms are
not compatible with standard 3D Gaussian Splatting
tools, such as common viewers and renderers. We there-
fore disable these features, keeping only the chunk-based
representation in a conventional format to ensure broad
compatibility.

C. Per-pixel material projection

This module combines semantic material masks ex-
tracted from 2D images with the Gaussian Splatting
(GS) model. The process involves two main steps: (I)
projecting material masks to 3D Gaussians; (II) transfer-
ring these labeled Gaussians to a mesh representation.
This produces a reconstructed surface segmented by
material labels, as illustrated in Fig.4. Unlike other
works relying on camera-to-lidar transformations, our
3D GS model is natively aligned with world coordinates.
We employ differentiable rasterization[70] to render 3D
Gaussians into 2D representations using the projective
transformation Σ′ = JW ΣWTJT . This maintains
correspondence between 3D Gaussians and 2D pixels by
tracking the 3D location µ through rasterisation. When
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Fig. 3. Leveraging SAM to refine material prediction by defining semantic object shapes on selected nuScenes data [5]

multiple Gaussians project to the same pixel, depth sort-
ing during alpha blending ensures the closest Gaussian
label is selected. Inconsistencies in material masks across
views, such as homogeneous objects containing noisy
labels from multiple material classes, are addressed using
SegAnyGS [7] with SAM-based 3D instance segmenta-
tion [41]. Majority voting is applied across overlapping
masks for label consistency. For mesh compatibility, the
GS model is normalised to real-world coordinates and
aligned with a mesh, trained from MiLO [16]. Each
material-labelled Gaussian is assigned to its nearest mesh
triangle via a KNN algorithm [65], and the triangle
inherits the Gaussian’s label, producing a segmented
material mesh as the final output.

D. Physics-based Material assignment

This module applies physics-based material properties
in the mesh using BSDF material maps. Each mesh
region is assigned a specific set of material-dependent
maps. We employ the Principled BSDF shader,
following the Disney BSDF standard [4]. This ensures
native compatibility with graphics engines such as
Blender. The Principled BSDF is parameterised by
properties including base colour, specular/diffuse
balance, roughness, metallic factor, and transparency to
facilitate consistent, lab-verified material representation.
Materials are sourced primarily from the Matsynth
dataset [52], offering over 4,000 materials across 14
material categories, and NVIDIA vMaterials [37]. Both
datasets provide Physics-based rendering parameter
data, that are compatible with the lasest graphics engines
and simulations. The final output is a reconstructed
mesh with material-dependent rendering properties,
directly usable by standard graphics engines.

E. Simulation

This section describes our simulation setup for eval-
uating the PBR-material infused 3D reconstruction, as
illustrated in Fig. 1. Scenes from our dataset are re-
constructed and integrated into simulation tools such as
the Siemens Simcenter Prescan environment to recre-
ate realistic traffic scenarios. The reconstructed models
are processed using the Model Preparation tool, which
allows assignment of physically measured materials to
ensure accurate interaction with sensors, including li-
dar. Ego-vehicle trajectory data is incorporated via the
Simcenter Prescan MATLAB API, ensuring precise po-
sitioning and motion within each scenario. This setup
allows comprehensive assessment of the scenes under
different poses and conditions. The resulting traffic sce-
narios yield synthetic lidar data with material specific
reflectivity information, facilitating effective validation
and benchmarking of our 3D reconstruction and material
assignment approach.

IV. EXPERIMENT

We highlight the primary advantages of our pipeline,
designed to be (I) modular for rapid adaptation to
emerging methods, and (II) camera-centric, eliminating
dependence on sensors such as lidar, to reducing system
complexity. To validate the performance of our work,
we compare our camera-centric reconstruction against
our lidar-camera based approach. We validate the render
quality of our Gaussian Splatting using image similarity
metrics and validate our sensor accuracy by comparing
ground truth lidar reflectivity with our synthetic lidar
reflectivity.
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Fig. 4. We leverage material masks(a) and the Gaussian Splatting model(b) and project 2D material-labels through GS to a mesh reconstruction,
which are natively supported by graphics engines

A. Dataset

We validate our static 3D reconstruction using a
BeCareful project dataset from Siemens [1], collected
with a KIA EV6 test vehicle. We have provided an
comprehensive overview of our Becareful setup in Ap-
pendix A. For the validation, we captured five road
scenes in Leuven (BE), each with an average duration of
eight seconds, with no dynamic objects or actors present.
In addition to point positions, our lidar data records cali-
brated intensity and reflectivity, representing the returned
energy upon contact with the surface, enabling detailed
evaluation of material assignment and surface properties.

B. Baseline

In this section, we outline the chosen baselines for
validating our 3D Reconstruction methodology and pro-
vide key implementation details.
Render quality: We evaluate the render quality by com-
paring 2D images generated from our Gaussian Splatting
approach with ground truth images. We perform this
by using established image similarity metrics. For fair
benchmarking, we include three leading 3D Gaussian
Splatting reconstruction methods [26, 32, 57] as base-
lines. All models are trained and tested on the five scenes
from the BeCareful project dataset, with 50 validation
samples each. Performance is assessed by rendering and
analysing novel views from each method.

Sensor lidar accuracy: We evaluate the sensor lidar
accuracy by focussing on calibrated intensity (reflectiv-
ity) values, as these reflect the returned energy influenced
by scene materials. We reconstruct each environment in
Simcenter Prescan [47], generating synthetic lidar data
to compare against the ground truth. As baseline, we in-
clude the lidar-camera material assignment methodology
proposed by Huynh et al. [22]. To ensure a fair compar-
ison, both approaches are assigned identical material-

dependent PBR properties, minimising bias from mate-
rial differences. This setup allows a direct assessment
of how each reconstruction method represents calibrated
lidar intensity.

C. Implementation Details

Simulation: We configure the Prescan lidar according
to the specifications of the Ouster-OS1 128 [38] used in
our dataset. The physics-based sensor returns both the
Cartesian coordinates of detected points, and a ’power’
output. This output is specified as a non-vendor specific
value that represents the received power of the reflected
signal.
Hardware: The sensor validation is performed with
Siemens Simcenter Prescan 2411. Scene reconstruction
leverages MATLAB Simulink R2023B. All experiments
are conducted on a Dell Precision 7680 equipped with
64GB RAM and an NVIDIA RTX A4000 ADA Laptop
GPU.

D. Metrics

Image Similarity Metrics

To quantitatively assess the render quality of our
3D Gaussian Splatting model, we apply standardised
image similarity metrics: Peak Signal-to-Noise Ra-
tio (PSNR) [13], Structural Similarity Index Measure
(SSIM) [54], and Learned Perceptual Image Patch Sim-
ilarity (LPIPS) [64]. We refer to Appendix B for a
detailed study how these values are determined. The
indicated metrics are widely used in large-scene neural
rendering evaluations and collectively validate pixel-
level and perceptual accuracy:

• PSNR quantifies the noise and distortion between
rendered and ground truth images, providing a
measure of pixel-wise fidelity.
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Fig. 5. Left: Our model demonstrates competitive performance, exhibiting minimal deviation from ground truth in rendering quality. It
effectively fills masked areas and removes noise present in the ground truth (green). Right: Despite these strengths, the model shows limitations
when reconstructing highly reflective surfaces (red). Consistency from non-front-facing cameras is also reduced, mainly due to increased image
blur in those viewpoints.

• SSIM evaluates perceptual quality by comparing
luminance, contrast, and structural information, re-
flecting features important to human perception.

• LPIPS compares high-level features (texture, shape,
and structure) using deep neural network represen-
tations, capturing perceptual similarities that closely
align with human visual judgments.

Lidar Reflectivity

We leverage lidar reflectivity (calibrated intensity)
as metric for our simulation-based evaluation of our
material-aware reconstruction. The simulated ‘power’
output from Prescan represents the energy reflected
back to the sensor upon contact with a surface. To
ensure valid material assessment, the simulated lidar
power is normalised for both range and incidence an-
gle, yielding accurate surface reflectivity values. This
conversion follows established approaches from Prescan
case studies[19, 39]. A more detailed description of our
calibration procedure is provided in Appendix C.

E. Camera quality: Image similarity

We have evaluated our adapted H3DGS Gaussian
Splatting model against other leading 3D Gaussian
Splatting approaches by comparing renderings on novel
views. We present our qualitative comparison with
benchmark models in Appendix D We observe that our
model demonstrates remarkable performance in terms
of perceptual quality. Specifically, the rendered images
retain higher resolution relative to the three other bench-
mark models. Fig. 5 illustrates how our model is capable
to fill masked areas or remove noise that may be present
in the ground truth. However, our method still faces chal-
lenges with reflective and transparent surfaces, which
can result in occasional misalignments with the ground

truth. We also observe that our model performs best for
the front camera, while side cameras are more affected
by motion blur, leading to a reduced render quality.
Additionally, complex scenes containing multiple assets
can negatively impact render performance. To support
these qualitative findings, we conduct a quantitative
evaluation. Table I summarises the comparative metrics
on novel views. We use three complementary measures
(see Sec.IV-D): PSNR, SSIM, and LPIPS, each capturing
different aspects of visual quality. The results reveal that
although the adapted H3DGS scores lower on PSNR and
SSIM than baseline methods, it consistently achieves
better results on the LPIPS metric. This is likely due
to specific architectural changes, namely, the removal
of anti-aliasing and the simplification of hierarchical
optimization, which influence RGB composition at the
pixel level and increase sensitivity to metrics based on
direct pixel-wise similarity. Most importantly, a higher
LPIPS indicates greater similarity as perceived by the
human eye, making it a particularly relevant metric for
our application, where perceptual quality is central.

F. Lidar quality: Reflectivity metrics

We evaluate our camera-centric Gaussian-assigned
material reconstruction against the lidar-camera assigned
material reconstruction [22], using the reflectivity de-
viation from the ground truth as our metric. A qual-
itative comparison between our methodology and the
ground truth is provided in Appendix E. Both the lidar-
based and our camera-centric models exhibit some de-
viation in material reflectivity compared to the ground
truth. Notably, the vegetation material class consistently
shows higher reflectivity than the ground truth, which
may be attributed to the rendering properties of the
PBR material used, as vegetation can appear in various
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TABLE I
IMAGE SIMILARITY METRICS (PSNR ↑, SSIM ↑, LPIPS ↓) EVALUATED ON NOVEL VIEWS FOR ALL BASELINES.

H3DGS (adapted) - Ours 3DGS CITYGS (V2) 3DGUT
PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓

d1 16.88 0.299 0.451 19.13 0.476 0.438 20.36 0.486 0.480 19.97 0.465 0.517
d2 17.86 0.358 0.432 19.81 0.525 0.474 20.79 0.526 0.522 21.16 0.505 0.512
d3 18.35 0.375 0.437 19.48 0.515 0.492 20.42 0.524 0.540 21.10 0.502 0.557
d4 19.03 0.504 0.439 20.88 0.659 0.450 21.15 0.676 0.483 21.85 0.666 0.526
d5 19.21 0.503 0.427 21.04 0.650 0.446 21.63 0.690 0.499 22.04 0.662 0.520

Avg 18.27 0.41 0.44 20.07 0.57 0.46 20.87 0.58 0.50 21.22 0.56 0.53

PSNR: Peak Signal-to-Noise Ratio; SSIM: Structural Similarity Index Measure; LPIPS: Learned Perceptual Image Patch Similarity. For each
metric, ↑ indicates that higher values are better, while ↓ indicates that lower values are preferred. In each row, the best performance per
metric is highlighted in red, and the second-best in yellow. Notably, our model achieves the highest scores in LPIPS, which is particularly
significant since LPIPS is most closely aligned with human perceptual similarity—an essential focus of our GS model.

TABLE II
QUANTITATIVE LIDAR REFLECTIVITY EVALUATION

BETWEEN CAMERA-GS AND LIDAR-CAMERA

Camera-GS Lidar-Camera
Mean↓ Median↓ Mean↓ Median↓

d1 10.91 7.16 11.73 7.84
d2 9.37 5.54 10.17 6.70
d3 11.03 6.91 10.47 6.87
d4 9.32 5.77 9.41 6.02
d5 8.98 6.71 8.76 6.36

Avg 10.05 6.48 10.14 6.78

We compare both of our models using reflectivity
values in the range 0–255. Our Camera-GS recon-
struction shows a slight advantage over the lidar-
camera methodology.

forms. Additionally, it is apparent that the camera-
derived mesh contains more noise than the lidar phase,
potentially affecting the overall geometric fidelity of the
scene. To support our qualitative findings, we perform
a quantitative evaluation. Table II and Fig. 6 visualise
our reflectivity results. To ensure unbiased results, we
evaluate performance across five different datasets. Our
results indicate that the camera-based Gaussian Splatting
(camera-GS) method achieves reflectivity accuracy that
is at least comparable to, and slightly better than, the
lidar-camera-based approach. While this advantage is
modest, it highlights the effectiveness of our camera-
based method, even without lidar assistance. However,
the higher standard deviation observed for camera-GS
suggests greater variability, likely due to the less refined
mesh compared to the lidar-supported model. Overall,
these findings demonstrate that camera-GS is a competi-
tive alternative and reinforce its potential for applications
where lidar data may not be available or practical.

Fig. 6. The absolute reflectivity deviation with respect to the Ground
Truth is evaluated for both synthetic lidar from our lidar-camera
method and the Camera-GS reconstruction model. Results show that
our Camera-GS model has a slight advantage over the lidar-camera
approach.

G. Ablation studies

In this ablation study, we highlight the addition of
FastSAM to improve our overall per-pixel accuracy
of our semantic material masks, as we have cov-
ered in Sec. III-A We quantitatively assess the im-
pact of integrating FastSAM, with results detailed in
Table III. To support our qualitative findings, we use
the MCubes multi-modal dataset, which contains 500
material-annotated images [31]. A comprehensive analy-
sis is provided in Appendix F. Our evaluation shows that
adding FastSAM to our semantic masks increases overall
accuracy by 2% compared to using only the RMSnet
raw model. We observed that incorporating more masks
generally enhances segmentation performance, but this
comes at the expense of increased computational time
and resource usage. Additionally, we found that using
masks to assist with shape cues does not always improve
per-pixel accuracy, as fine details—such as road mark-
ings—can be overwritten. After carefully considering
these factors, we conclude that FastSAM does improve
overall per-pixel accuracy. However, this improvement
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must be balanced against the higher computational cost
associated with more complex object segmentation. For
this reason, we chose FastSAM over SAM2. It is im-
portant to note, however, that per-pixel accuracy did not
improve dramatically; in fact, if an incorrect prediction
is assigned to a larger region due to the shape guidance,
it can actually lower per-pixel accuracy by spreading the
error over a wider area than the original misprediction.

TABLE III
PERFORMANCE COMPARISON ON MATERIAL

SEGMENTATION DATASET

Method Accuracy (%) mIoU (%)

RMSNet 0.63 0.28
RMSNet + FastSAM 0.65 0.29
RMSNet + SAM2 0.67 0.31

Performance comparison of per-pixel accuracy scores,
illustrating the effect of incorporating SAM to enhance
shape cue understanding.

V. CONCLUSION

A. Conclusion

In this paper, we present a novel, camera-centric, and
modular approach to 3D reconstruction of large scenes
using material-informed 3D Gaussian Splatting. Our
hybrid strategy combines Gaussian Splatting with mesh-
based material rendering, enabling fast visualizations, ac-
curate geometric reconstruction, and physically realistic
material rendering. The modular design of our pipeline
allows for the straightforward replacement of individual
components with advanced methods as they emerge. We
introduce a fully camera-centric workflow that builds
the entire 3D reconstruction using only RGB images,
reducing reliance on lidar and simplifying the overall
process. Our experiments demonstrate that incorporating
FastSAM enhances monocular material segmentation
accuracy by 2%. Additionally, our pipeline achieves the
highest LPIPS score compared to other recent bench-
marks for novel view rendering, highlighting its ability
to produce high-fidelity, realistic images. In terms of
reflectivity, our results show that our approach matches
or slightly outperforms lidar-camera-based methods, un-
derscoring the effectiveness of our model. Overall, this
work represents a significant leap towards bridging the
gap between reality and simulation for Digital Twin.

B. Limitations

Although our pipeline is capable of producing high-
fidelity 3D reconstructions, several limitations remain.
While FastSAM assists RMSnet in defining object
boundaries, it does not resolve mispredicted masks.
Training meshes using only camera images represents a
significant advancement, but these meshes still lack the

geometric precision (noise) of those generated with lidar
data. In the realm of physics-based material rendering,
we encountered constraints such as limited access to
accurate measured materials; moreover, available PBR
libraries are primarily designed for visual effects or
animation, often prioritising intuition over strict physical
accuracy [4], which can introduce errors. Additionally,
material specification is challenging, as materials often
present diverse appearances, such as varying vehicle
colours or different types of concrete and brick. Fi-
nally, although we employed a calibration method to
convert prescan power units to reflectivity, the results are
approximate due to undisclosed lidar sensor properties
and calibration error, meaning calculated reflectivity may
diverge from actual physical values.

C. Discussion

Our future work will focus on overcoming the iden-
tified limitations to make material-informed Gaussian
Splatting-based 3D reconstruction more robust. We plan
to enhance monocular material extraction further, while
adding FastSAM improved the delineation of semantic
object regions, it did not fully address incorrect mask
predictions. To improve overall material prediction and
mitigate intra-class variance, we propose incorporating
vision-language approaches [43]. We also aim to re-
duce pipeline complexity by integrating currently sep-
arate components, such as the Gaussian splatting and
mesh models, into a fully unified system. Although our
camera-based rendering achieves strong results, chal-
lenges remain, including lower performance from side
cameras and motion-induced image blur, which we in-
tend to address. Finally, while our reflectivity results are
nearly on par with lidar-based methods, the geometric
accuracy of camera-Gaussian Splatting meshes still lags
behind lidar reconstructions, and improving this aspect
will be a priority.
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APPENDIX A
BECAREFUL VEHICLE SETUP

This section provides a comprehensive description of
our Becareful vehicle setup. We visualize the sensor
configuration in Fig. 7. The test vehicle is equipped with
a 360°LiDAR sensor (Ouster OS1-128), six cameras with
a resolution of 2880×1880 (width × height), five radar
units, and an inertial measurement unit. To ensure that
ego-vehicle parts (such as the hood and rear) do not
appear in our images, we post-process the data to mask
these areas.
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Fig. 7. Sensor configuration KIA EV6 Becareful dataset[1]
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APPENDIX B
IMAGE SIMILARITY - METRICS

This section presents qualitative results for novel
3D reconstruction frameworks, highlighting the use of
Gaussian Splatting and other methodologies to enhance
the visual fidelity of 3D representations within real-to-
sim pipelines.

A. Metrics

Standardised metrics are commonly used to
quantitatively evaluate the accuracy of neural renderings
generated by 3D reconstruction models compared to
real-world scenes. These benchmarks assess pixel-level
accuracy as well as perceptual similarity, allowing fair
comparisons across different datasets and methods.
Below, we detail the most widely used metrics.

Peak Signal-to-Noise Ratio (PSNR) [13] is a widely
used evaluation metric that compares an original image
with its reconstructed version to quantify the noise
introduced during processing. Noise is measured by its
impact on visual quality: a higher PSNR value indicates
lower noise or distortion, while a lower value suggests
significant distortion or a high level of noise. The equa-
tion for PSNR is shown below.

PSNR = 10 · log10
(
MAX2

I

MSE

)
(1)

Mean Square Error (MSE) and its variant, Root
Mean Square Error (RMSE), measure the average
squared difference between predicted values and the
ground truth. These metrics provide a straightforward
way to quantify reconstruction errors. The equation is
given below.

MSE =
1

n

n∑
i=1

(yi − ŷi)
2 (2)

This method is often considered a standard
approximation for accuracy. Although a higher PSNR
generally correlates with higher quality reconstruction,
this is not always the case. When estimating image and
video quality as perceived by humans, PSNR has been
shown to perform poorly compared to other quality
metrics.

Structural Similarity Index Measure (SSIM) [54]
This perceptual metric evaluates the similarity between
two images by examining how their local structures com-
pare. It leverages three components: luminance, contrast,
and structure. The metric ranges from 0 to 1, where 1

indicates perfect similarity and 0 means no similarity.
The main equation is provided below.

SSIM(x, y) =
(2µxµy + C1)(2σxy + C2)

(µ2
x + µ2

y + C1)(σ2
x + σ2

y + C2)
(3)

The full equation can be split per individual components

Luminance: l(x, y) =
2µxµy + C1

µ2
x + µ2

y + C1
(4)

Contrast: c(x, y) =
2σxσy + C2

σ2
x + σ2

y + C2
(5)

Structure: s(x, y) =
σxy + C3

σxσy + C3
(6)

SSIM provides an analytical approach to image quality
assessment by mathematically modeling aspects of
human visual perception. It quantifies similarity using
luminance, contrast, and structure components, focusing
on perceived quality rather than raw pixel differences.
Although SSIM closely approximates human judgment,
it may not perfectly reflect subjective preferences—for
example, humans might assign different importance to
certain image features than the metric does.

Learned Perceptual Image Patch Similarity
(LPIPS) [9, 64] is a perceptual metric that compares
images based on high-level features like texture, shape,
and structure, using deep representations extracted from
pretrained convolutional neural networks (CNNs). Un-
like fixed-weight metrics, LPIPS adapts the importance
of different feature layers, with learned weights that echo
how humans naturally emphasize certain visual aspects
over others. As a result, LPIPS typically provides the
most accurate representation of human perception of im-
age similarity among commonly used analytical metrics,
though it remains an approximation of subjective human
judgment.
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APPENDIX C
REFLECTIVITY CALIBRATION

This section provides a comprehensive explanation
of our calibration process. Simcenter Prescan’s physics-
based LiDAR outputs a unit called ’Power’ [47], which
represents intensity in a non-vendor-specific way. How-
ever, our research requires vendor-specified intensity
values. Due to proprietary restrictions on manufacturer
details, an internal investigation [19, 39] has established
a methodology to convert Simcenter Prescan power units
to vendor-specified ’reflectivity’, which is independent
of range or incidence angle. The following chapters will
elaborate on the underlying theory and the steps involved
in this conversion process.

A. Physics-based lidar

The physics-based lidar in Simcenter Prescan can
generate synthetic data closely matching that of a real-
world lidar, including material physics such as intensity.
Intensity represents the amount of energy returned when
incident light reflects off a surface. Several material
properties influence the intensity value in the physics-
based lidar, including the red channel of the base colour,
specularity, roughness, clearcoat (associated with vehicle
paint), metallic content, and opacity. The received power
depends on these material properties, as well as on the
range and incidence angle. Figure 8 illustrates how the
direction of incident light determines its origin.

Fig. 8. In the diagram [47], the incident light direction indicates
where the light originates. The magenta, blue, and green lobes illustrate
how the energy is distributed across different directions. For LiDAR
applications, the retroreflective direction—where the light source and
view direction coincide—is of particular interest. Additionally, a red
base color will significantly increase the power received at the sensor

B. Calibration

LiDARs often measure the reflectivity of objects in-
dependently of the laser power or distance involved. For

example, our Ouster OS-1 sensor captures both reflec-
tivity and intensity. Its reflectivity values are determined
through laser calibration against National Institute of
Standards and Technology (NIST)-calibrated reflectivity
reference targets at the factory [19]. The reported reflec-
tivity is typically an 8-bit value ranging from 0 to 255.
For calibrating our LiDAR’s reflectivity, we follow this
method to compute the value based on the power output
from the physics-based LiDAR sensor (PBL).
We perform a calibration experiment with two planes:
one plane is set to have a ’perfect diffuse’ material and
the other a ’perfect specular’ material property. The PBL
sensor is positioned at a distance of 5 meters from the
two targets. This calibration setup is illustrated in Fig. 9.

Fig. 9. Depiction of the placement of lidars 5 meters away from the
targets with diffuse and specular [19].

The purpose of this calibration process is to distin-
guish between different surface types using their re-
flectivity values. Reflectivity can be classified in zones:
values from 0 to 100 generally correspond to diffuse sur-
faces, while values from 101 to 255 indicate specular or
retro-reflective surfaces. The calibration results from our
experiment in Simcenter Prescan are shown in Fig. 10.
In this setup, we use the center beam, as its incidence
is perpendicular to the target, which yields the highest
reflected power.

Fig. 10. Power returned from the target with a diffuse texture (left)
and the target with a specular texture (right).
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TABLE IV
CALIBRATION PARAMETERS FOR DIFFUSE AND SPECULAR

TARGETS BASED ON OUSTER-OS1 128 PROPERTIES

Parameter Value

Pd,calibrated 0.00002
Ps,calibrated 0.00077
rcalibrated 4.99997
nd,calibrated 0.00041
ns,calibrated 0.01933

Utilizing the given values, we seek a way to nor-
malize the power returned by each LiDAR beam to
convert power into calibrated reflectivity, making the
result independent of laser power and distance to the
target. To achieve this, the power received by the sensor
in the calibration experiment, Pcalibrated , is multiplied
by the square of the distance to the calibration target,
rcalibrated , which removes the effect of distance from
the reflectivity computation. This results in a calibrated
reflectivity, ncalibrated .

ncalibrated = Pcalibrated · rcalibrated
2

We perform this calculation for both the diffuse and
specular targets, yielding nd,calibrated and ns, calibrated .
Using these reference values, we can compute the
normalised reflectivity for any arbitrary beam by first
calculating the measured reflectivity as:

nmeasured = Pmeasured · rmeasured
2

The conversion to normalised reflectivity is then per-
formed using the following criteria:

refl normalised = 100× nmeasured

nd, calibrated

if nmeasured ≤ nd, calibrated

or:

refl normalised = 100 + 155× nmeasured − nd, calibrated

ns, calibrated − nd, calibrated

if nd, calibrated ≤ nmeasured ≤ ns, calibrated

or:
reflnormalised = 255

if nmeasured > ns, calibrated

We proceed by applying the equation to determine our
calibrated values. The calibration parameters are listed in
Tab. IV. This process yields a piecewise linear function
that maps the returned power to normalized reflectivity
for any beam. By making the reflectivity value indepen-
dent of the range and laser power, we provide a more
accurate representation of the material properties through
the reflectivity measurement.

C. Limitations

As indicated in the reports, the calibration procedures
were specifically developed for Velodyne lidars. How-
ever, we have found that this methodology provides
acceptable accuracy for our Ouster-OS1 lidar, which
we use to capture our data. It should be noted that an
approximation error may be introduced when converting
power to reflectivity using this approach. Additionally,
due to limited information disclosed by the manufacturer,
certain parameters such as beam power and sensor area
had to be assumed based on standard values. As a
result, the converted reflectivity values might not be fully
accurate compared to real-world measurements.
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APPENDIX D
QUALITATIVE IMAGE SIMILARITY EVALUATION

This section provides the complete qualitative evalu-
ation described in Sec.IV-E. The full comparison with
other novel benchmark models is shown in Fig.11. Our
adapted H3DGS model produces high-quality visuals
that closely match the ground truth. We observed that
nearby objects, such as vehicles, often present challenges
for many benchmark models; this may be because meth-
ods like 3DGS generally perform poorly when dealing
with sparse or non-object-centric views, due to an in-
sufficient number of viewpoints. Other models, such as
Citygs, show improvement but still suffer from image
blur in their renderings, which could be due to the
fact that Citygs is primarily designed for aerial or sky-
captured data. However, despite the strong performance
demonstrated by our model, some challenges remain,
specifically, image blurring in the sky, difficulties with
highly textured objects such as vegetation, and issues
with retro-reflective surfaces like windows or traffic
signs.

RGB-image (GT) Adapted H3DGS (ours) 3DGS CityGS(V2) 3DGUT

Qualitative evaluation on novel views Becareful dataset

Fig. 11. Qualitative validation on rendering performance of novel views: We compare our adapted H3DGS model by a qualitative evaluation
with other Gaussian Splatting models and can find that the adapted H3DGS model can be still considered to have the most feasible visual
quality despite the Image similarity scores.



6

APPENDIX E
QUALITATIVE REFLECTIVITY EVALUATION

This section provides the complete qualitative evalu-
ation described in Sec.IV-F. We examine our synthetic
lidar data produced by the Physics-based Lidar (PBL),
as illustrated in Fig.12. Our initial observation is that the
camera-GS mesh exhibits geometrical inconsistencies
when compared to the lidar-based mesh reconstruction.
We therefore conclude that, with regard to camera-based
mesh reconstruction, the geometry remains inadequate;
the resulting mesh is still quite rough and contains many
floating artifacts caused by Gaussian Splatting, which
also tends to include elements like the sky in its recon-
struction. In terms of reflectivity, both the lidar-based
and camera-GS-based reconstructions show significantly
higher reflectivity for vegetation and lower reflectivity
for buildings. This pattern can be attributed to intra-
class variance as well as the composition of rendering
properties, which may not fully align with laboratory-
measured material values. Nevertheless, we also observe
that both models yield similar reflectivity values for
materials such as asphalt. Based on these findings, we
conclude that, regardless of geometrical accuracy, both
models display general agreement with the ground truth
in terms of reflectivity. While some material classes, such
as vegetation or concrete, exhibit noticeable differences
in reflectivity, this can be explained by intra-class vari-
ance (e.g., building concrete often has a lighter color
than standard concrete) and the use of PBR-composed
materials, as highlighted previously.



7

Ground Truth LiDAR/camera-assigned Camera-GS  assigned (ours)

0

10

20

30

40

50

Qualitative evaluation of reflectivity synthetic lidar with respect to GT

Fig. 12. Qualitative validation on rendering performance of novel views: We compare our adapted H3DGS model by a qualitative evaluation
with other Gaussian Splatting models and can find that the adapted H3DGS model can be still considered to have the most feasible visual
quality despite the Image similarity scores.
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APPENDIX F
RMSNET EVALUATION

This section provides a detailed evaluation of inte-
grating SAM to address RMSnet’s [6] limitations in
capturing shape cues. The goal of this study is to assess
the overall improvement in per-pixel accuracy achieved
by leveraging SAM. Here, we evaluate the performance
of RMSnet and examine the added benefits of using
SAM for semantic shape cue assistance.

A. RMSnet evaluation on MCubes

RMSnet was originally trained on the KITTI dataset,
which provides 1,000 hand-annotated semantic material
masks. Of these, 800 were used for training, with 400
categorised as urban area. Because the ground truth data
was manually annotated, semantic material masks are
limited in availability, restricting our ability to freely
validate the model. Consequently, using the same KITTI
dataset for both training and validation would not be
feasible.

To address this, we leveraged MCubes, a dataset
proposed by Liang et al. [31], which offers 500
material-annotated samples for urban scenes, as our
validation set. Our results, shown in Fig. 13, present
the attention matrices for both the original KITTI-urban
split and the MCubes validation results. We first
observed that RMSnet performed exceptionally well
on the KITTI-urban dataset, achieving near-perfect
prediction accuracy. However, a slight error persists
between the ‘concrete’ and ‘plaster’ material classes due
to their similar textures. When evaluated on the MCubes
dataset, RMSnet’s performance changed significantly.
While some materials remained as dominant as in the
KITTI dataset, we found that RMSnet is highly sensitive
to changes in the dataset, likely because its training
set is relatively small. This case study demonstrates
that RMSnet does not perform as consistently on new
datasets.

B. SAM evaluation

Our qualitative evaluation of RMSnet, illustrated in
Fig.3, demonstrates that adding shape cues from SAM
helps define object boundaries for semantic materials.
To reinforce these qualitative findings, we conducted a
quantitative analysis, comparing the effect of various
SAM2 weights and FastSAM, as shown in Fig.14. We
observed a correlation between the number of masks
and overall per-pixel accuracy: more masks allow for
better coverage of fine details (such as windows and
road markings), but this comes at the cost of increased
computational overhead. However, we also found that
too many masks can fragment semantic object masks,

which sometimes results in lower performance.

Among the models tested, SAM2 weight Large
2.1 achieved the best results, with an accuracy of 0.67
and IoU of 0.31. Nevertheless, its computational time
was at least three times longer than that of FastSAM,
which, while slightly less accurate (0.65), is much
faster (12.77s). Consequently, we chose to accept a
modest loss in performance for significantly reduced
computation time, making the system more scalable.

C. Conclusion

This evaluation presents a qualitative overview of
adding semantic object masks to RMSnet to assess
SAM’s contribution to overall per-pixel accuracy. We
used the MCubes dataset, which contains 500 material-
annotated masks, and found that RMSnet did not perform
as well on this dataset as it did on its original KITTI-
urban split. To examine the relationship between the
number of masks or model size and improvements in per-
pixel accuracy for material segmentation, we compared
several SAM2 weights and FastSAM. After weighing
performance against computational time, we selected
FastSAM, accepting a slight decrease in accuracy for
significantly faster processing. With this approach, we
raised per-pixel accuracy from 0.63 to 0.65.
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Attention Matrix RMSnet

KITTI-urban dataset (N=200) MCubes dataset (N=500)

Fig. 13. Left: Our attention matrix, based on the validation dataset from the KITTI-urban split (containing 200 samples), demonstrates nearly
perfect scores with minimal deviation. Right: We perform the same validation using 500 samples from the MCubes dataset and observe that
the prediction accuracy drops significantly compared to the KITTI-split dataset.

Large (2.1)FastSAMBase+ (2.1)Base+ (2.1)Base+ (2.1)RMSnet
(vanilla)

Model

3061565912801400Samples (masks)

42.23s12.77s121.49s35.86s13.71sNaNTime per image (s)

0.67190.6510-0.65170.64870.6345Accuracy*Statistic
s 0.31350.2931-0.29240.28820.2817IoU*

Fig. 14. We evaluated the standard RMSnet output with additional semantic object masks from FastSAM and tested various weights from
SAM2. While SAM2 Large 2.1 achieved the highest scores, it also required significantly more computational resources. Therefore, we found
that FastSAM offers the best balance between computational efficiency and per-pixel accuracy.


