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Abstract. Asindustry transitions toward fully digitalized factories, mir-
roring physical environments in digital-twins has become essential for
robotics, monitoring, and process automation, a capability that funda-
mentally relies on 6D camera pose estimation and 3D scene reconstruc-
tion. We propose an evaluation methodology to benchmark these tasks
in paired physical and digital environments. Real-world acquisitions are
performed on a diverse set of industrial objects - including a mobile
robot, a robotic arm, a bike, and a bench drill - captured with a stereo
camera, with accurate Ground-Truth (GT) poses provided by a Motion
Capture (MoCap) system. To complement these acquisitions, we gener-
ate Digital-Twin (DT) counterparts by replaying the same camera tra-
jectories in a similar Unity-based environment using the LOOPER tool.
The resulting paired Physical-Twin (PT) and DT sequences share the
same camera poses, enabling controlled analysis of the gap between real
and simulated domains. We apply the methodology to evaluate several
Structure-from-Motion (SfM) pipelines, assessing their pose accuracy.
The resulting benchmark highlights the influence of image realism, ob-
ject shape, and domain shift on pose estimation performance, providing
a practical testbed for industrial vision research and supporting future
work in 6D camera pose estimation, digital-twins, and 3D scene recon-
struction. Project page: To access datasets, code, and related papers
https://lineact-valo.gitlab.io/fusion_project/dataset_tools/

Keywords: Industrial Dataset - Digital-Twin - Physical-Twin - Structure-
from-Motion - Motion Capture Ground Truth.

1 Introduction

Digital-Twins (DT) have emerged as a foundational technology in the Indus-
try 4.0 paradigm, bridging the physical and digital domains to enable real-time
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simulation, monitoring, and optimization of manufacturing operations [1]. To
accurately align observations acquired in the physical world with their corre-
sponding virtual models, robust camera localization and spatial understanding
are critical prerequisites. Consequently, estimating accurate 6D camera pose and
reconstructing 3D scene structure have become core capabilities in industrial
computer vision [2]. These tasks are essential not only for digital twinning but
also for applications such as robotic manipulation, inspection, autonomous nav-
igation, and human-robot collaboration [3].

Among these capabilities, Structure-from-Motion (SfM) plays a particularly
central role: its output - a set of camera poses together with a sparse 3D scene
representation - serves as the standard input to modern 3D Radiance Field ap-
plications such as 3D Gaussian Splatting (3DGS) [4]. The accuracy of the SfIM
stage therefore directly conditions the fidelity of any downstream photorealistic
reconstruction. Despite substantial recent progress in both visual localization
and SfM pipelines [5], evaluating these methods under realistic industrial con-
ditions remains highly challenging. Existing efforts such as |6] have begun to
benchmark SfM on industrial-style scenes, but they typically rely on a single ac-
quisition modality and do not provide paired real-simulated counterparts, leaving
the influence of the synthetic-to-real domain gap largely unexplored.

Synthetic data generation has become increasingly important for scalable
training and evaluation in computer vision. Platforms such as Unity enable richly
annotated virtual environments with systematic variation of acquisition param-
eters [7]. Yet despite strong control and annotation quality, synthetic datasets
often diverge from real acquisitions in appearance, sensor noise, lighting, and
scene complexity. Whether methods that succeed in simulation generalize to
physical industrial conditions therefore remains an open question.

We address these limitations by proposing an evaluation methodology for
SfM on industrial objects: paired Physical-Twin (PT) and Digital-Twin (DT)
sequences sharing identical camera trajectories. We instantiate this dataset by
capturing image sequences of four industrial objects in the physical world, with
a Motion Capture (MoCap) system providing GT poses, and recreating the same
scenes in Unity by replaying the original trajectories using LOOPER (Light Ob-
ject and event Oriented Package recordER), a framework for synthetic dataset
generation with configurable sensors, integrated in Unity and editable for con-
textualizing data [8]. Replaying real sequences with same camera poses enables
controlled analysis of the physical-to-digital gap while preserving realistic tra-
jectory structures.

In particular, this work investigates two research questions:

— RQ1: To what extent does the physical-to-digital domain gap affect the
camera pose accuracy of state-of-the-art SfM pipelines, and which scene
properties (image realism, object shape, and texture richness) most strongly
drive this discrepancy?

— RQ2: Is the ranking of SfM pipelines stable across industrial objects, or
does the best-performing pipeline vary from one object to another?

The main contributions of this work are as follows.
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— We propose an evaluation methodology for benchmarking SfM on industrial
objects, explicitly designed to characterize the gap between PT and DT.

— We present the dataset generation methodology with a paired dataset of four
different industrial objects: a PT set with precise GT camera poses acquired
via a MoCap system and a DT counterpart generated by replaying matched
real-world camera trajectories in Unity using the LOOPER tool.

— We provide a benchmark of state-of-the-art SfM pipelines across both PT
and DT domains, analyzing the impact of physical-to-digital domain shifts.

2 Related Work

Evaluation frameworks and benchmark studies for 3D reconstruction. Standard-
ized benchmarks have driven much of the progress in SfM and multi-view 3D
reconstruction. Tanks and Temples [6] introduced large-scale outdoor and indoor
scenes with laser-scanned GT, and ETH3D [9] provides multi-view stereo bench-
marks at varying scales and resolutions. The Image Matching Challenge [10]
systematically evaluates the components of SfM pipelines - feature detectors,
descriptors, and matchers - across diverse imaging conditions. While these bench-
marks have been instrumental for general 3D vision research, they are predom-
inantly composed of outdoor landmarks, cultural-heritage sites, or controlled
tabletop scenes, and none of them characterize SfM behavior on industrial ob-
jects or evaluate them on paired real-and-simulated counterparts.

Object pose datasets and industrial-oriented evaluation. A complementary line
of work targets object-level 6D pose estimation. The BOP challenge |11] unifies
several benchmarks under a common evaluation protocol, and datasets such as
T-LESS [12] and YCB-Video [13] have advanced the study of texture-less, sym-
metric, and cluttered objects. These efforts, however, evaluate the localization
of a known model within a scene, rather than the recovery of full camera trajec-
tories. Consequently, they do not address the questions investigated in this work
- how SfM pipelines behave on industrial datasets, and how their performance
shifts between paired PT and DT acquisitions of the identical camera trajectory.

Synthetic data and PT-DT pairing. Synthetic dataset generation has become a
standard tool for scalable evaluation, with established pipelines for scene ran-
domization and rendering 7], and pre-rendered synthetic acquisitions under de-
graded conditions have also been used to support tasks such as 6D pose re-
finement using Gaussian Splatting [14]. However, most existing efforts treat the
synthetic and the real domains as separate evaluation settings rather than as
paired counterparts of the same trajectory. As a result, the influence of the
physical-to-digital gap is typically assessed at the aggregate distribution level,
not under matched viewpoints. Our work differs in this respect: by replaying real
MoCap-tracked trajectories inside a Unity-based digital-twin, we obtain pairs of
sequences whose only systematic difference lies in the rendering domain itself,
enabling a controlled, per-view analysis of the gap.
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SfM pipelines for evaluation. For benchmarking, four SfM pipelines are used.
COLMAP is the canonical incremental pipeline and remains the de facto
reference for camera registration accuracy. GLOMAP revisits global SfM
for improved scalability, FastMap targets efficient reconstruction at large
scale, and InstantSfM pushes this direction further with a fully parallel and
sparse design oriented toward fast pose recovery. While each of these methods
has been individually validated on the general benchmarks discussed above, their
comparative behavior on industrial datasets and across paired PT and DT do-
mains used as input to radiance field reconstruction has not been systematically
characterized, which is the primary aim of this work.

3 Benchmarking Methodology

Role of SfM in radiance field rendering. Structure-from-Motion is a decisive
stage for radiance field photorealistic reconstruction. Radiance field methods
such as 3D Gaussian Splatting (3DGS) depend directly on the camera poses
and sparse scene geometry produced by SfM, and pose inaccuracies propagate as
photometric errors and visible artifacts in the rendered output. Two outputs of
the SfM stage are particularly important when targeting downstream Gaussian
Splatting (GS) training: (i) the size of the sparse point cloud, which seeds the
initial Gaussian positions, and (ii) the time required to obtain the sparse recon-
struction, which determines whether the SfM stage is a bottleneck in the GS
pipeline. As illustrated in Fig. [I} our benchmark therefore evaluates SfM in the
specific context of its use as the front-end of neural rendering, and is designed
to expose these two outputs alongside pose accuracy.
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Fig.1. Pipeline for evaluating SfM methods on paired Physical-Twin (PT) and
Digital-Twin (DT) datasets.

Choice of SfM pipelines. We evaluate four pipelines whose selection is moti-
vated by their growing adoption as the front-end of neural rendering applica-
tions: COLMAP [15], GLOMAP [16], FastMap [17], and InstantSfM [18]. These
pipelines differ along several axes that are useful for interpreting their compara-
tive behavior. COLMAP follows the classical incremental paradigm, sequentially
registering cameras and refining the reconstruction through repeated bundle ad-
justment, which yields high accuracy at the cost of runtime. GLOMAP adopts a
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global formulation in which camera poses are estimated jointly through rotation
and translation averaging, trading some incremental robustness for substantially
better scalability. FastMap and InstantSfM represent a more recent generation
of e Lciehcy-oriented designs: FastMap accelerates large-scale reconstruction by
streamlining the matching-to-mapping flow, whereas InstantSfM leverages a fully
sparse and parallel formulation to drastically reduce reconstruction time. These
design differences directly affect the two GS-relevant outputs identified above,
which our benchmark is designed to evaluate.

The benchmark is built on our paired PT-DT dataset of four industrial ob-
jects as shown in multiple stages in Fig. [l} The PT-DT datasets are shown in
stage 1; then in stage 2, we first extract local image features using SIFT, and
then perform feature matching using two complementary strategies. Exhaustive
matching is used to maximize correspondence recovery and provide strong con-
nectivity across views, whereas sequential matching is also considered to better
reflect the temporal continuity of the acquisition and to reduce incorrect asso-
ciations in repetitive, symmetric, or weakly textured industrial objects. The re-
sulting matches are passed for point triangulation and bundle adjustment which
is common in all four SfM pipelines in stage 3, and each pipeline produces a set
of registered camera poses together with a sparse 3D point cloud. In stage 4, we
evaluate the estimated 6D camera poses against Ground-Truth (GT) trajectories
after Sim(3) - alignment to the MoCap reference frame, and additionally report
the sparse point-cloud size and the reconstruction runtime as the two outputs
most directly relevant for radiance fields training.

4 Dataset Overview

This benchmark dataset comprises two complementary paired components: a PT
dataset and a DT dataset (blue for Physical-Twin, green for Digital-Twin in Fig.
1f2lf3]). Both subsets represent similar industrial objects with identical camera
motions to enable direct analysis of the sim-to-real domain gap. The PT dataset
consists of real-world acquisitions of diverse industrial objects, such as a mobile
robot MiR (515 images), a robotic arm Niryo (220 images), a bike (515 images)
and a bench drill (275 images) captured with a ZED Mini stereo camera. A
MoCap system continuously records the camera trajectory, providing accurate
6D GT poses. The DT dataset mirrors this setup in a virtual environment.
Industrial objects, lighting, and scene layouts are simulated in the Unity game
engine, and the physical camera trajectories are replayed using LOOPER tool.
Dataset codes in tables: BD=Bench Drill, BK=Bike, MR=Mir, NR=Niryo.

PT Dataset Acquisition This setup is specifically designed to capture realistic
industrial environments under controlled, measurable conditions. The physical-
twin is based on the CESI LINEACT Industry of the Future platform, a facility
equipped with industrial objects and robotic arms. To obtain highly precise 6D
poses (translation and orientation), we utilize a MoCap system comprising 16
tracking cameras distributed throughout the laboratory. By rigidly attaching re-
flective markers to the camera, we track its pose and reference its optical center
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within the MoCap coordinate system via an initial extrinsic calibration. During
data collection, the operator navigates the camera around the targeted objects
from multiple viewpoints to acquire comprehensive scene coverage in a stop-
and-go motion to have the MoCap have a stable and accurate GT camera pose.
Object poses are obtained by recording specific keypoints using a dedicated tool
equipped with MoCap markers. For each object, five reference points are ac-
quired: four located at the symmetric corners of the object’s base and one at its
top to capture the object height. The 3D center of the object is then computed
from these five points, providing an accurate and reproducible pose reference
within the MoCap coordinate system. As part of this process, images and their
corresponding MoCap GT are recorded only when the camera markers remain
visible to at least two MoCap cameras simultaneously. The final PT dataset has
multimodality including full-HD left and right RGB images, depth maps, cam-
era’s internal tracking pose with intrinsics (6-DoF visual-inertial stereo SLAM
with sensor fusion; IMU: accelerometer (m/s”) and gyroscope (rad/s) at 800 Hz
data rate, pose drift of +£1.0% translation and +0.013°/m rotation without loop
closure), and MoCap Ground-Truth (GT) 6D camera pose.
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Fig. 2. Dataset generation pipeline demonstrating the workflow from PT acquisition
via MoCap tracking to the generation of the paired DT sequences using the LOOPER.

DT Dataset Generation To create the DT counterpart, we reproduce it inside
the Unity engine, providing a geometrically and visually accurate virtual envi-
ronment by integrating CAD models and calibrating visual properties (colors,
materials, and dimensions). By globally synchronizing the MoCap coordinate
origin with Unity and leveraging a tool reference in the MoCap frame, we accu-
rately pinpoint environmental landmarks and achieve real-to-synthetic alignment
through coordinate system transformation, accounting for the handedness differ-
ence between MoCap (right-handed) and Unity (left-handed). Using LOOPER,
we accurately replay all PT trajectories within the DT space. The primary ad-
vantage is isolating the visual domain shift by eliminating the trajectory gap and
directly transfer human-operated real acquisition paths into virtual space with
exact camera parameters (intrinsic and extrinsic). This produces strictly paired
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image sequences enabling direct performance comparisons for camera localiza-
tion and perfectly accurate synthetic depth maps. However, spatial misalignment
between physical objects and their digital counterparts - due to measurement
inaccuracies - can compromise paired data quality. We address this through an
iterative correction step: virtual objects are initially placed according to the
object center ground-truth, then visually adjusted by comparing the real and
synthetic images until achieving satisfactory correspondence. This yields paired
PT and DT images with superposition validation shown in Fig. 3.

Fig. 3. Alignment comparison between Physical-Twin (PT) and Digital-Twin (DT) im-
ages. Red boxes in the superimposed view highlight visible discrepancies in alignment.

Evaluation Metrics We adopt standard evaluation metrics from recent SfM
and visual localization benchmarks [10, 17, 18]. The Registration Rate (Reg%)
reports the percentage of input images for which the pipeline estimates a 6-DoF
camera pose [17,18] and number of reconstructed 3D points (#Pts in thousands).
Since SfM reconstructions live in an arbitrary coordinate frame and scale, we
rst align them to the MoCap GT using the closed-form Sim(3) Procrustes
solution of Umeyama [19]. The ATE (Absolute Trajectory Error) then measures
the root-mean-square Euclidean distance between aligned and Ground-Truth
(GT) camera centers in meters [9]. To evaluate local pose consistency, we report
RRA and RTA (Relative Rotation / Translation Accuracy), i.e. the fraction of
consecutive frame pairs whose relative errors fall below /5 and 1cm/5cm
respectively [17]. We also report mAA@5 (mean Average Accuracy), the area
under the pose-accuracy curve averaged over thresholds from 10 5 as de ned
in the Image Matching Challenge [10]. Finally, the Runtime corresponds to the
wall-clock duration of the mapper stage only, excluding feature extraction and
matching which are shared across all methods.

Environment All experiments run on a shared, high-performance compute
node equipped with a single NVIDIA A100-PCIE (40 GB) GPU, an AMD EPYC
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