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ARTICLE INFO ABSTRACT

Keywords: The creation of large-scale, high-quality training datasets continues to present a significant challenge for
Data collection automation the implementation of artificial intelligence in engineering and industrial robotics. This study introduces
Robotic data acquisition a collaborative robot-assisted pipeline that automates data acquisition and annotation, thereby accelerating

Automatic data annotation
Robot vision
Collaborative robotic automation

dataset preparation for object detection and six-degree-of-freedom pose estimation. The proposed system
integrates robotic kinematics and image processing to generate vision datasets with multimodal ground-truth
labels, such as two-dimensional and three-dimensional bounding boxes, segmentation masks, six-degree-of-
freedom poses, and point clouds, within a unified artificial intelligence-driven workflow. To demonstrate the
pipeline’s capacity to reduce manual effort and efficiently generate large-scale training datasets for industrial
vision applications, an automotive wire harness connector dataset was experimentally prepared using the
proposed pipeline. This method achieved annotation speeds approximately 150 times faster than traditional
manual techniques and produced high-quality training data for deep learning models. Evaluation with deep
learning-based object detection and pose estimation algorithms confirms the effectiveness of the proposed
pipeline in preparing datasets for the development of industrial intelligent vision systems. By minimizing
human intervention and ensuring systematic viewpoint coverage during dataset preparation, the proposed
approach facilitates scalable adoption of artificial intelligence-powered vision systems in industrial automation.
The proposed method and code are available at https://github.com/HWANG7308/AutoTrainingDataPrepare.

1. Introduction be reconfigured through software to accommodate changes in product
variants and operating conditions. In contrast, traditional approaches
The integration of vision systems has become increasingly preva- such as dedicated fixtures, gauges, jigs, or contact-/probe-based inspec-
lent in modern manufacturing to support digital transformation and tion typically require task-specific hardware design and retooling, and
automation (Yang et al., 2021; Guang et al., 2025). Typical applications they do not naturally provide the dense spatial information needed for
include quality inspection, which verifies the presence and type of small object detection and 6DoF pose estimation (Yousif et al., 2025).
components and detects defects (Jha and Babiceanu, 2023); assembly Recent advances in deep learning have further enhanced the ability
verification, which confirms correct placement and orientation prior of vision systems to perform recognition, inspection, and pose esti-

mation in complex industrial environments (LeCun et al., 2015; Liu
et al.,, 2025). Nevertheless, the limited availability of high-quality,
large-scale, domain-specific annotated datasets remains a fundamental
constraint on the development and deployment of learning-based per-
ception models (Sun et al., 2017; Zhang et al., 2025). This limitation is
particularly acute in domain-specific contexts where annotated training

to downstream operations (Pang et al., 2023); and part recognition
for robotic bin-picking, which requires accurate six-degree-of-freedom
(6DOF) pose estimation to obtain part position and orientation to
enable reliable manipulation (Li et al., 2022). Vision-based perception
offers significant advantages in these contexts by enabling non-contact,
information-rich sensing (Sharma et al., 2023). Additionally, it can
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data are scarce (Li et al., 2025) and manual data collection is labor-
intensive, time-consuming, and demands specialized expertise (Gygli
and Ferrari, 2020; Lyu et al.,, 2024). As a result, the adoption of
these advanced vision systems is often constrained by the difficulty
of collecting datasets that capture relevant viewpoints and operational
variations in practice (Roh et al., 2021; Zhang et al., 2026; Zhou et al.,
2023).

To mitigate dataset scarcity, researchers have investigated both
synthetic and real-world approaches for dataset generation (Roh et al.,
2021). Synthetic data offers scalability and flexibility (Patki et al.,
2016), but it frequently exhibits a simulation-to-reality gap and re-
quires domain-specific modeling and real-world validation (Jakobi
et al., 1995). Real-world data collection provides higher fidelity, yet
it is commonly associated with complex and costly acquisition setups,
including specialized gantries, turntables, multi-camera rigs, manual
manipulation, and advanced control software (Seitz et al., 2006; Kasper
et al., 2012; Singh et al.,, 2014; Hodan et al., 2017). These fac-
tors constrain scalability and increase the overhead of dataset cre-
ation, especially when rapid iteration across different part variants is
required.

Recent work has introduced robotic systems to automate aspects of
training data preparation (Jensen et al., 2014; Kiyokawa et al., 2021;
Koch et al., 2023; Ziirn et al., 2024). While these approaches reduce
hardware complexity and enable flexible data acquisition, they often
provide only limited or ad hoc viewpoint coverage. Furthermore, they
generally lack an end-to-end workflow for systematically generating the
multimodal labels required by contemporary detection and 6DoF pose
estimation methods.

To overcome these limitations, this study introduces a robot-assisted
pipeline for real-world dataset preparation targeting object detection
and 6DoF pose estimation. The primary contribution is the integration
of systematic viewpoint planning with an automated multimodal anno-
tation workflow within a unified pipeline. The pipeline consists of two
primary modules. The first is a robotic data acquisition module that
captures red-green-blue-depth (RGB-D) data from camera poses dis-
tributed on a hemisphere around the target object. Observation poses
are generated in spherical coordinates to ensure uniform coverage,
while allowing practitioners to adjust viewpoint density according to
task requirements. The second module is an automated data annota-
tion system that combines image processing with robot kinematics to
generate multimodal labels, including two-dimensional (2D) and three-
dimensional (3D) bounding boxes (BBoxes), segmentation masks, 6DoF
object poses, and point clouds. Unlike many existing real-world acquisi-
tion pipelines (Seitz et al., 2006; Kasper et al., 2012; Singh et al., 2014;
Jensen et al., 2014; Hodan et al., 2017; Kiyokawa et al., 2021; Koch
et al., 2023; Ziirn et al., 2024), the proposed workflow reduces manual
labeling effort and eliminates the need for additional hardware such
as turntables or multi-camera rigs, while maintaining comprehensive
annotations suitable for training contemporary perception models.

A case study on automotive wire harness connectors is conducted to
demonstrate the efficiency and effectiveness of the proposed pipeline.
In this domain, the absence of annotated datasets has impeded progress
toward automated wire harness assembly (H. Wang et al., 2024). An
RGB-D connector dataset is collected using the proposed pipeline.
Subsequently, deep learning models are trained and evaluated for 2D
object detection and 6DoF pose estimation, demonstrating the practical
utility and adaptability of the approach.

Overall, the proposed approach reduces the primary costs of dataset
creation, including repeatable multi-view acquisition and labor-intens-
ive annotation, without the need for complex multi-camera calibra-
tion, turntable synchronization, or extensive manual labeling. Human
involvement is limited to object placement and initiation of the acquisi-
tion process. The workflow also supports rapid re-collection when new
variants are introduced or operating conditions change. The robotic
system can be repurposed for other tasks after data acquisition, thereby
improving equipment utilization. Additionally, the modular design fa-
cilitates generalization to other object categories and application sce-
narios.
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2. Related work

Preparing real-world datasets typically involves two coupled stages:
(i) data acquisition and (ii) ground-truth annotation. Numerous studies
have proposed methods to simplify or automate one or both stages, with
the objective of reducing manual effort and improving scalability. How-
ever, existing approaches often exhibit persistent limitations in terms of
hardware complexity, viewpoint coverage, and annotation complete-
ness. These challenges motivate the end-to-end pipeline proposed in
this study.

2.1. Automated real-world data acquisition

Hardware-intensive acquisition systems with systematic viewpoint cover-
age. Early hardware-assisted systems, such as the Stanford Spheri-
cal Gantry," employed computer-controlled gantries for sensor and
lighting positioning (Seitz et al., 2006). Later systems simplified the
design using turntables with either a single camera moving on a cir-
cular rail (Kasper et al., 2012) or multiple static cameras arranged on
quarter-circular arcs (Singh et al., 2014; Kimble et al., 2022). These
configurations facilitate automated data collection from viewpoints
systematically distributed across a hemisphere centered on the ob-
ject. Although these systems provide systematic viewpoint coverage,
they typically require precise mechanical construction and calibration.
The complexity and associated costs of these hardware systems con-
strain their scalability. In addition, multi-camera rigs may suffer from
cross-camera interference that degrades data quality (Kimble et al.,
2022).

Reduced-hardware and robot-assisted acquisition systems. To reduce
hardware overhead, Hodan et al. (2017) introduced a manually ad-
justable jig with triplet sensors, replacing both circular rails (Kasper
et al., 2012) and multi-camera rigs (Singh et al., 2014; Kimble et al.,
2022). Kiyokawa et al. (2021) further automated a related configu-
ration by moving the camera using a robotic arm while a turntable
rotates the object, thereby covering both polar and azimuth directions.
Recent approaches have replaced both camera rigs and turntables
with robotic systems. For example, Jensen et al. (2014), Koch et al.
(2023), and Ziirn et al. (2024) employed robotic arms to position
cameras around objects at predefined camera poses (positions and
orientations). Grenzdorffer et al. (2020) mounted 3D cameras on a UR5
robot to follow predefined trajectories, and Lee et al. (2021) used a
robotic arm to acquire views from a horizontal plane above objects
for detection. Although these systems increase flexibility and reduce
reliance on dedicated hardware, viewpoint selection is frequently ad
hoc or customized for specific tasks. Systematic viewpoint coverage is
often neither ensured nor documented.

Object manipulation as an alternative to camera motion. Some methods
achieve pose diversity by manipulating the object rather than moving
the camera. Pattar et al. (2023) used mobile robots to reposition
objects, while Chen et al. (2023) used a robotic arm to rotate objects
relative to a fixed camera. This strategy reduces camera system com-
plexity but may result in a limited range of object poses (Pattar et al.,
2023) or introduce self-occlusions caused by the robot in the captured
data (Chen et al., 2023).

Acquisition systems that record camera poses for downstream labeling.
Robotic acquisition systems also enable recording camera poses through
kinematic data, which can facilitate annotation. Elsharkawy and Kim
(2022) recorded annotations from tracked human hand motion. Gren-
zdorffer et al. (2020), De Gregorio et al. (2020), and Ilin et al. (2021)
used eye-in-hand configurations to propagate labels from manually an-
notated keyframes. Koch et al. (2023) and Ziirn et al. (2024) exploited

1 http://www.graphics.stanford.edu/projects/gantry/
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robot kinematics to enable 6DoF object pose annotation. However,
many robot-assisted acquisition methods lack a unified and system-
atic framework for viewpoint generation that both ensures scalable
coverage and remains adaptable to practical constraints.

Summary and gap. Prior work reveals a recurring trade-off: hardware-
intensive systems provide systematic viewpoint coverage but are costly
and challenging to scale, whereas robot-assisted systems offer greater
flexibility but frequently lack systematic viewpoint planning or com-
prehensive end-to-end dataset preparation workflows. This observa-
tion motivates the acquisition component of the proposed pipeline,
which integrates configurable and systematic viewpoint planning with
robot-assisted capture in a practical setup.

2.2. Automated real-world data annotation

Human-in-the-loop and learning-based annotation. To minimize man-
ual effort, researchers have explored enhanced annotation interfaces
(da Silva et al., 2020; Lyu et al., 2024), gamification strategies (Kava-
sidis et al., 2013; Kiyokawa et al., 2025), and the use of extended
reality (Wirth et al., 2019). Semi-automatic annotation tools integrate
algorithmic suggestions with human refinement (Benenson et al., 2019;
Adhikari et al., 2021; Stumpf et al., 2021). The effectiveness of these
methods depends substantially on user experience and operational effi-
ciency (Pande et al., 2022). Learning-based automatic labeling methods
have also been studied; however, their reliability typically relies on
the availability of high-quality training data for label generation mod-
els (Wong et al., 2015; Alshehri et al., 2022; Geil} et al., 2023; X. Wang
et al., 2024).

Automating 2D/3D labels via background removal and multimodal sens-
ing. Object-background separation is a fundamental prerequisite for
generating segmentation masks and bounding boxes. Chroma keying
with uniform backgrounds, typically green (Sapp et al., 2008; Kiyokawa
et al., 2021; Zanella et al., 2021; Kimble et al., 2022) or white (Singh
et al.,, 2014), is widely adopted. However, this method is sensitive
to lighting conditions and to color similarity between the object and
background. Lee et al. (2021) mitigated this issue using an LCD moni-
tor with adjustable background colors. Alternative approaches employ
scene differencing. Suchi et al. (2019) introduced objects incrementally
to detect foreground changes, whereas Kleeberger et al. (2019) re-
moved objects sequentially in bin-picking scenarios. Koch et al. (2023)
used background subtraction based on images captured before and
after object placement. Additional sensing modalities, such as depth
and point clouds, further support segmentation by enabling 3D data
cropping and projection of masks onto 2D images (Chen et al., 2023).
However, accurate annotation of small objects often necessitates high-
resolution sensors, which can increase costs and may not always be
accessible (Cop et al., 2021).

Approaches to facilitate 6DoF pose annotation. Annotating 6DoF ob-
ject poses presents significantly greater challenges compared to an-
notating 2D or 3D bounding boxes and masks. Many studies rely on
artificial fiducial markers (e.g., ArUco Garrido-Jurado et al., 2014,
2016) to support pose labeling (Hinterstoisser et al.,, 2013; Hodan
et al., 2017; Romero-Ramirez et al., 2018; Grenzdorffer et al., 2020;
Chen et al., 2022; Viviers et al., 2024). Hgffer et al. (2023) attached
markers directly to objects for automatic pose labeling, while Pattar
et al. (2023) introduced customized invisible markers. Kiyokawa et al.
(2019b,a) used visual markers with designed placements and later
exploited marker-based camera pose estimation to annotate object
poses (Kiyokawa et al., 2021). Although marker-based approaches are
effective, they introduce additional operational steps and can limit
practical deployability.

Another line of work propagates labels across frames using camera
tracking (Elsharkawy and Kim, 2022; Caporali et al., 2023). These
methods often require manual labeling of initial frames and accurate
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camera pose estimation, obtained via markers (Shuichi and Manabu,
2019), robot kinematics (De Gregorio et al., 2020), or Simultaneous
Localization and Mapping (SLAM) (Elsharkawy and Kim, 2022). More
recently, kinematics-based approaches derive pose labels directly from
known transformations among the robot, camera, and object. Koch
et al. (2023) and Ziirn et al. (2024) annotated 6DoF poses using
robot kinematics under predefined observation poses. However, these
approaches do not provide a systematic viewpoint generation frame-
work that guarantees comprehensive coverage or maintains a practical,
configurable workflow.

Summary and gap. Current annotation methods generally require trade-
offs among flexibility, scalability, and completeness of annotation.
Marker-based approaches facilitate pose labeling but introduce op-
erational overhead. In contrast, kinematics-based approaches reduce
reliance on markers but are often not integrated with systematic
viewpoint planning or comprehensive multimodal label generation.
This motivates the design of the annotation component in the proposed
pipeline, which integrates lightweight image processing with robot
kinematics to generate multimodal labels while minimizing human
intervention.

2.3. Positioning of the present work

Previous research has achieved systematic viewpoint acquisition us-
ing hardware-intensive rigs, improved flexibility through robot-assisted
capture without guaranteeing comprehensive viewpoint coverage, or
automated annotation processes that continue to rely on markers,
manual key frames, or incomplete label sets. The present work ad-
dresses this gap by introducing an end-to-end robot-assisted dataset
preparation pipeline that integrates configurable, systematic viewpoint
planning with automatic multimodal annotation, including 2D and 3D
BBoxes, masks, and 6DoF poses. This approach utilizes robot kinematics
and spherical coordinates to systematically define observation view-
points and applies image processing techniques to generate multimodal
annotations, thereby removing the need for turntables, multi-camera
rigs, or external fiducial markers.

3. Research methodology

The Design Science Research Methodology (DSRM) (Hevner and
Chatterjee, 2010) is utilized to address the challenge of efficiently
and scalably preparing datasets for industrial robotic vision systems.
In design science research (DSR), researchers, as designers, contribute
scientific knowledge by creating innovative artifacts that are both
useful and fundamental to understanding and addressing human prob-
lems (Hevner and Chatterjee, 2010). Artifacts include constructs, mod-
els, methods, and instantiations that facilitate the transition from the
current state to a desired state (Gregor and Hevner, 2013; Hevner
et al., 2004). Following the DSRM framework (Peffers et al., 2007),
this study is structured to focus on the design and development of
a robot-assisted pipeline for generating real-world datasets, followed
by demonstration and evaluation of the pipeline’s performance. This
design-oriented approach ensures that the developed artifact achieves
both practical relevance and undergoes rigorous evaluation. The key
components of the methodology are summarized below.

Problem identification and motivation. Prior research identifies the lack
of high-quality, domain-specific datasets as a significant barrier to
deploying deep learning-based object detection and pose estimation in
industrial automation (Zhou et al., 2023). Manual dataset preparation
is time-consuming and labor-intensive (Lyu et al., 2024), particularly
for small, texture-less objects such as automotive wire harness connec-
tors (Wang and Johansson, 2023). Current automation efforts in dataset
preparation frequently require trade-offs among flexibility (Singh et al.,
2014), scalability (Koch et al., 2023), and annotation comprehen-
siveness (Lee et al., 2021). These limitations motivate research into
enhanced dataset generation pipelines to advance the development of
vision systems, particularly for industrial applications.
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(a) Eye-to-hand
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(b) Eye-in-hand

Fig. 1. Two typical configurations for the camera’s location in a vision-guided robotic system.

Objective definition. Based on the identified problem and motivation,
the objective is to design a dataset preparation pipeline that reduces
human effort, streamlines hardware requirements, and enables system-
atic data acquisition and annotation for object detection and 6DoF pose
estimation.

Design and development. The proposed solution comprises a robotic
data acquisition module and an automatic data annotation module. The
robotic data acquisition module employs a collaborative robotic arm
equipped with an eye-in-hand camera to capture multi-view images
from systematically generated observation poses. The automatic data
annotation module labels acquired data using image processing and
robotic kinematics. The pipeline produces multimodal ground-truth
labels, including 2D and 3D BBoxes, segmentation masks, 6DoF poses,
and point clouds. Further details are provided in Sections 4 and 5.

Demonstration and evaluation. To demonstrate the effectiveness of the
pipeline, a dataset containing twenty types of wire harness connectors
will be generated. Deep learning models for object detection and 6DoF
pose estimation will be trained and evaluated using standard metrics
to assess the performance of the proposed pipeline. Section 6 presents
an experiment involving the preparation of an automotive wire harness
connector dataset to demonstrate and evaluate the performance of the
proposed pipeline. The advantages and limitations of the pipeline are
discussed in Section 7.

4. Robot system and workflow
4.1. Robot vision system

Robotic manipulation typically requires the object pose relative to
the robot base frame (HX95).2 This pose may be specified a priori
or estimated from sensor data. In vision-guided settings, 6DoF object
pose estimation aims to recover the object pose in the camera frame
(Hgg;” ) (Marullo et al., 2023). Fig. 1 illustrates two standard camera
placement configurations for these systems.

4.1.1. Eye-to-hand configuration

Fig. 1(a) illustrates an eye-to-hand vision configuration, where the
camera is fixed within the workspace and functions as a global sensor
independent of the robot. In this configuration, the object pose relative
to the robot base (HX98) is computed using Eq. (1). The camera-to-

OBJ

robot-base transformation (H ggﬁ) is constant and obtained through

2 Unless otherwise specified, transformations between coordinate systems
are represented by 4 x 4 homogeneous transformation matrices H.

hand-eye calibration, while the object pose relative to the camera
(HSAMY is estimated via 6DoF pose estimation.

OBJ
ROB _ yyROB  yCAM
HOBJ - HCAM HOBJ M

This relationship motivates the use of kinematics-assisted dataset
generation. Specifically, if the object is rigidly attached to the robot end
effector such that H g H ', is constant, then for a given robot pose (H ggB )
the corresponding object pose in the camera frame can be computed
using Eq. (2).

CAM _ gyROB~! 1rROB  pfEE
Hogy =Heay  ~Hgg  Hopy 2

A practical advantage of eye-to-hand setups is stable imaging, since
the camera is decoupled from robot motion. However, maintaining
a uniform background across varying object elevations is more dif-
ficult, which can complicate foreground-background separation. In-
corporating depth or point-cloud cues can alleviate this, but reliable
segmentation of small objects may require higher-precision sensing.

4.1.2. Eye-in-hand configuration

Fig. 1(b) shows an eye-in-hand configuration, in which the camera
is mounted on the robot wrist and rigidly attached to the end effector
with a constant transform (H ng, estimated via hand—eye calibration).
This setup facilitates the use of a uniform background and reduces the
likelihood of robot self-occlusion during image acquisition. Therefore,
the proposed pipeline adopts an eye-in-hand configuration.

In this setting, the object pose in the robot base frame (Hggf)
is computed using Eq. (3), where HR9% is provided by the robot

controller and HS; is obtained from 6DoF pose estimation.
ROB _ pyROB _ pyEE CcAM
Hopy = Hpg - Heyy Hopy ©)

This formulation underlies prior kinematics-based 6DoF object pose
labeling approaches (Koch et al., 2023; Ziirn et al., 2024), which
capture images at a predefined set of observation poses and compute
the corresponding object poses using Eq. (4). However, these methods
typically rely on heuristic or manually specified pose sets, which may
limit viewpoint coverage and scalability (Koch et al., 2023; Ziirn et al.,
2024).

HCAM _ gEE

-1 ROB™! ROB
OBJ cam  Hgg " H, C))

OBJ

In contrast, the proposed pipeline first specifies the desired ac-
quisition viewpoints (i.e., target object poses relative to the camera)
and then computes the corresponding robot end-effector poses and
joint configurations required to realize them. The systematic viewpoint
generation procedure is described in Section 5.1. This design enables
configurable and scalable sampling while ensuring that the object is
consistently captured in the camera’s field of view with the intended
pose.
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1. A human fixes an object at the pre-
defined position (in this case,

pointed by the red arrow) RGB-D data

6. Generate the 3D BBox label based
on the generated 2D BBox and
6DoF object pose labels of the
front-, top-, and left-view data 4

<

7N

2. The robot moves the camera to a
new observation pose to capture

5. Generate the 6DoF pose label
based on the observation pose and
generated 2D BBox label
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3. Remove the background to obtain
the object mask based on the
captured RGB-D data

4. Generate the 2D BBox label based
on the object mask

Fig. 2. The proposed robot-assisted data collection pipeline (step 1 to 2 for robotic data acquisition and step 3 to 6 for automatic data annotation).

4.2. Conceptual design of the robot system

Traditional gantry-based systems acquire multi-view visual data by
sampling viewpoints distributed over a hemisphere centered on an
object placed at the hemisphere’s center (Seitz et al., 2006; Kasper
et al., 2012; Singh et al., 2014; Kimble et al., 2022). This configuration
is conceptually analogous to using a robotic arm to maneuver an eye-in-
hand camera through a series of viewpoints distributed on a hemisphere
centered on the target object. Accordingly, configuring the robotic
acquisition system involves first selecting the hemisphere radius (r),
which defines the observation distance, followed by positioning the
hemisphere at a feasible location within the robot workspace. The
minimum observation distance is constrained by the camera’s operating
range, whereas the maximum distance is limited by the robot’s reach.

The hemisphere placement further determines the spatial relation-
ship between the object and the robot. Notably, the object placement
for data acquisition is not predetermined; instead, it is influenced by
the choice of robot and camera, as well as the practitioner-specified
observation distance.

To support automatic annotation via chroma keying, the robot cell
is enclosed with a uniform background, as described in Section 5. Fig.
10 presents an example of an acquisition system configured according
to this conceptual design. Section 6 details the implementation settings
used in the industrial case study.

4.3. Workflow for dataset preparation

Fig. 2 presents the proposed pipeline for systematic preparation
of real-world datasets with a robotic system. The pipeline consists of
two primary components: robotic data acquisition and automatic data
annotation.

The robotic data acquisition component involves two sequential
steps. Initially, an operator positions the target object at a predefined
location and ensures it remains stationary relative to the robot base.
After data acquisition is initiated, a set of acquisition viewpoints (ob-
servation poses) is systematically generated. The robot subsequently
maneuvers the eye-in-hand camera through these observation poses,
capturing a pair of aligned RGB-D images at each pose to produce
a multi-view collection of raw data. To prevent self-occlusion, robot

motion is constrained so that no manipulator link enters the viewpoint-
sampling hemisphere, which is the region from which images are
acquired. This constraint is implemented by specifying permissible
joint-angle ranges and verifying joint-limit constraints before executing
each motion to the next observation pose.

The automatic data annotation component consists of five steps.
First, the system segments the object region and generates an object
mask using image processing and depth thresholding. A uniform back-
ground enables background removal through chroma keying. Second,
the system derives 2D BBox labels from the segmented object images.
Third, it computes 6DoF object pose labels by combining the a priori
object poses used for viewpoint generation with the resulting 2D BBox
annotations. Fourth, it generates 3D BBox labels by leveraging the
2D BBox annotations from three orthographic views of the object.
Finally, it reconstructs an object point cloud by fusing the depth images
across viewpoints. The outputs include ground-truth labels for 2D and
3D BBoxes, segmentation masks, 6DoF poses, and point clouds, each
associated with the corresponding RGB-D images.

This workflow is not fully automated. Human intervention is nec-
essary for object placement and for initiating the acquisition and an-
notation software program. Additionally, before data acquisition, the
camera intrinsic calibration matrix must be obtained, and observation
poses must be generated to guide the robot in maneuvering the eye-in-
hand camera. Several established procedures can be used to estimate
the camera intrinsic calibration matrix (Lundberg et al., 2014); de-
tailed discussion is omitted for brevity. The observation poses specify
the end-effector positions and orientations required to capture the
planned views and are subsequently converted into robot joint config-
urations. Section 5 provides further details on systematic observation-
pose generation using spherical coordinates and on ground-truth label
computation via image processing and robotic kinematics.

5. Implementation details
5.1. Systematic generation of observation poses
Prior robot-assisted pipelines for collecting multi-view datasets with

kinematics-derived 6DoF pose labels typically execute a user-specified
set of observation poses and then compute the corresponding object
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Fig. 3. Observation pose calculation using a spherical coordinate system.

poses using Eq. (4) (Koch et al., 2023; Ziirn et al., 2024). Because the
observation poses are usually defined heuristically or manually, view-
point coverage and scalability across different objects and application
requirements can be limited.

In contrast, this study adopts a viewpoint-first strategy. Specifically,
desired object poses in the camera frame (HSAM) are specified first,
and the required end-effector observation poses (H ggB) are then com-
puted analytically using Eq. (5), where HR92 is fixed by the robot-cell

3 . EE . . . OBJ . . CA M
configuration, H_y,, is obtained via hand-eye calibration, and H,

encodes the desired acquisition viewpoint. This formulation en:bBlJes
systematic acquisition and provides direct control of the sampled view-
points. When a specific object pose is required, the corresponding robot
pose can be computed and executed without manual trial-and-error.

ROB _ pyROB . ;yCAM~!  EE —1
Hpp™ =Hgopy - Hopy Heim (6]

To generate viewpoints uniformly distributed on a hemisphere cen-
tered on the object, the camera pose relative to the object frame
(HZ5 ) is parameterized in spherical coordinates (Fig. 3). The radius
r specifies the Euclidean observation distance. The orientation compo-
nent is defined by an azimuth angle 6 and a polar angle ¢ using an
Euler-angle construction: a rotation of 6 about the z-axis followed by a
rotation of —¢ about the rotated x-axis, with 6 € [0,2x] and ¢ € [0, z/2]
to cover the upper hemisphere. The translation vector (x, y, z) is then
computed using Eq. (6).

x = r-sin(¢) - sin(0)
y = —r-sin(¢) - cos(d) 6)
z = —r-cos(¢)

Discretizing 6 and ¢ with step sizes s, and s, yields viewpoints
located at the vertices of the upper half of a UV sphere, comprising 7 /s,
rings and 27z /s, segments. This construction is analogous to turntable-
based acquisition (Singh et al., 2014; Kimble et al., 2022), which can
be interpreted as sampling /s, camera elevations while rotating the
object by increments of 27z /s,. Unlike static rigs, the proposed method
allows practitioners to adjust both viewpoint density (via sg,s¢) and
observation distance (via r) to meet task requirements and hardware
constraints. Fig. 4 illustrates example viewpoint sets generated with
different step-size choices.

5.2. 2D bounding box generation
In 2D object detection, ground-truth labels are represented by 2D

BBoxes, defined as axis-aligned rectangles that enclose target objects.
Fig. 5 illustrates the procedure for generating these 2D BBoxes.
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Data collection employs an RGB-D camera, which enables reliable
segmentation of the object of interest using chroma keying against a
uniform background. The inclusion of depth information further refines
background removal and increases robustness. After this process, the
object is isolated on a transparent background, and a corresponding
2D object mask is generated. This mask may also serve as ground truth
for segmentation tasks.

The 2D BBox is then computed from the object mask. The leftmost,
rightmost, topmost, and bottommost boundary pixels of the mask,
illustrated as four red points in Fig. 5, are identified. The coordinates
of these points define the extent of the axis-aligned 2D BBox in image
space.

5.3. 6DoF object pose annotation

In 6DoF object pose estimation, the ground-truth label is defined
as the rigid transformation from the camera frame to the object frame
(Hggjw ). As detailed in Section 5.1, for a specified Hggjw , the cor-
responding robot end-effector observation pose (H ggB) is calculated
using Eq. (5). Accordingly, the nominal 6DoF pose associated with each
captured image is predetermined and utilized to guide the robot in
positioning the eye-in-hand camera.

The objective of annotation is to represent the object pose as accu-
rately as possible relative to the object centroid, defined as the object’s
geometric center. In practice, maintaining the centroid at an exact,
predefined location during object placement presents challenges for
human operators. To enhance repeatability, the center point of the
object’s bottom surface (yellow points in Fig. 6) is aligned with a
predefined location, and observation poses are computed relative to
this bottom-center reference.

Subsequently, the 6DoF pose label is refined to align with the
object’s geometric center. This refinement utilizes the 2D BBox anno-
tations obtained from three orthographic views (front, top, and left),
as illustrated in Fig. 6. These orthographic views are defined relative
to the object frame (OBJ). Specifically, the front view is generated by
observing the object along its positive z-axis, the top view along its
positive y-axis, and the left view along its positive x-axis. In each view,
the object centroid is projected onto the corresponding image plane
and constrained to coincide with the center of the 2D BBox (purple
points in Fig. 6). The three projected centers collectively determine the
3D location of the object centroid, enabling estimation of the trans-
formation from the bottom-center reference to the geometric center
(HJEY_ ). The offset between the yellow and purple points in the front
view captures translation along the x and y axes. The offset observed
in the top view provides the additional constraint required to recover
translation along the z-axis. The resulting refined pose (HS4M ) serves

OBJ-C
as the final 6DoF pose annotation and is computed using Eq. (7).

CAM _ 1yCAM | 7OBJ
Hogy—c =Hopr "Hopi—c ™

5.4. 3D bounding box generation

Fig. 7 presents the procedure for generating 3D BBox labels, which
are represented as amodal cuboids enclosing the target objects. A
cuboid aligned with the object frame is reconstructed from the 2D
BBoxes obtained in three orthographic views, in accordance with three-
view-based 3D reconstruction principles (Hu et al., 2023; Phuong et al.,
2024). The front, top, and left orthographic views produce the cor-
responding 2D BBoxes (Fig. 6(a), (b), and (c)). Collectively, these 2D
BBoxes provide sufficient constraints to recover the extents of the 3D
BBox along the object-frame axes. Specifically, the front-view BBox
determines the extents along the x and y axes, while the top-view BBox
provides the extent along the z-axis. The resulting cuboid is positioned
and oriented using the corresponding 6DoF pose annotation to obtain
the final 3D BBox in the camera frame.
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(a) sg =7/8, 54 = 7/8 (b) so = m/15, 54 = 7/8 (c) sg = /30, 54 = 7/8 (d) s = /60, 54 = 7/8

(f) s = /15, 54 = /16 (g) so = /30, 54 = /16 (h) sg = /60, 54 = /16

(i) s = 7/8, s = /30 () s = m/15, sp = /30 (k) s¢ = /30, 54 = /30 (1) s¢ = /60, sy = 7/30

(m) sq = 7/8, 54 = /60 (n) s§ = /15, 54 = 7/60 (0) s§ = /30, 54 = m/60 (p) s¢ = /60, s4 = 7/60

Fig. 4. Observation poses generated given different step sizes for camera movement along azimuth and polar directions, respectively.

6. Experiments and system evaluation significance and the requirement for precise perception in automating
wire harness handling, a process that remains predominantly manual

The effectiveness of the proposed robot-assisted dataset preparation and presents ongoing production challenges (Salunkhe et al., 2023).
pipeline was demonstrated by generating a dataset of automotive wire The resulting dataset was subsequently employed to train and evaluate
harness connectors. This object category was chosen for its industrial deep learning models for 2D object detection and 6DoF pose estimation.
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Fig. 5. The generation process of 2D bounding boxes.
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Fig. 6. 2D bounding boxes for three orthographic views (front, top, and left) of an object, used to refine the 6DoF pose annotation and to derive the 3D bounding
box. The coordinate system shown in the bottom-left of each subfigure denotes the corresponding object frame.
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Fig. 8. The twenty types of connectors obtained for generating a real-world dataset using the proposed pipeline. The class of each sample is simplified and

labeled at the bottom-left corner of each image.

Experimental results confirm that the pipeline produces high-quality
training data suitable for learning-based robotic vision in real-world
manufacturing environments.

6.1. Objects of interest

Fig. 8 presents the 20 connector types used in this study to demon-
strate real-world dataset generation using the proposed robot-assisted
pipeline.

Wire harness connectors represent primary targets for object detec-
tion and pose estimation within robotic wire harness assembly (Wang

et al., 2023). Previous research on visual recognition of wire har-
ness connectors has identified significant detection challenges requir-
ing more comprehensive datasets and multi-view training data (Wang
and Johansson, 2023). The discriminative features of these connectors
are generally visible only from particular viewpoints and under op-
timal lighting conditions. Furthermore, these features are subtle and
frequently occluded, which complicates recognition and necessitates
fine-grained visual analysis (Wei et al., 2022). Additionally, the used
connectors are predominantly texture-less and small, with dimensions
ranging from 45.9 mm X 33.8 mm x 14.5 mm (Class A0) to 14.6 mm X
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(a) Angular view

(b) Front view
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(c) Left view

Fig. 9. The generated observation poses (with a step size of z/8 for movement along both azimuth and polar direction) distributed uniformly on a hemisphere

centered on the object.

11.7 mm x 8.7 mm (Classes Q and R). These characteristics make the
dataset especially appropriate for research on detection and 6DoF pose
estimation of small, texture-less industrial components.

6.2. Observation pose generation

The observation distance r was set to 300 mm to generate the wire
harness connector dataset using the proposed pipeline. This value was
selected based on the effective operating range of the chosen camera
and the reachable workspace of the robotic system. Angular step sizes
were set to sy = s, = x/8, yielding 80 camera positions uniformly
distributed over the upper half of a UV sphere centered on the object,
corresponding to 8 rings and 16 segments, as illustrated in Fig. 9.

6.3. Robot cell configuration

Fig. 10 shows the robotic data acquisition setup used to collect the
connector dataset, serving as a representative implementation of the
conceptual design described in Section 4.2. An Intel RealSense D435
RGB-D camera was used to acquire aligned RGB-D data. The camera
was mounted to the robot flange via a 3D-printed adapter, forming
an eye-in-hand configuration. A UR5 robot (Universal Robots) then
positioned the camera at pre-generated viewpoints for multi-view ac-
quisition. The robot’s pose repeatability (<0.1 mm) supports consistent
viewpoint execution and reliable kinematic pose propagation, enabling
systematic capture of visual data at known camera poses.

The UR5 and D435 were chosen to demonstrate and validate the
proposed pipeline with widely available hardware that allows for
straightforward integration. The UR5 offers a mature software ecosys-
tem and high repeatability, while the D435 provides synchronized
RGB-D measurements that facilitate end-to-end validation of mul-
timodal annotation in a laboratory setting. Notably, the proposed
pipeline is hardware-agnostic and can be integrated with alternative
manipulators and sensors, including higher-resolution RGB cameras,
macro optics, or industrial depth or structured-light systems, when finer
spatial resolution or improved depth quality is required for specific ap-
plications. Practitioners should select hardware according to the target
object size, accuracy requirements, and deployment constraints, and
subsequently apply the proposed pipeline to configure the acquisition
system and generate the corresponding dataset.

During acquisition, the object is placed along the negative y axis
of the robot base frame at a distance of 700 mm, with its front view
oriented toward the robot base. Here, the side of the connector that
interfaces with its mating counterpart (the insertion side) is defined as
the front side. Images of the connector’s back side are not collected for
two reasons. First, in practical wire harness settings, the back side is
often occluded by wires entering the connector. Second, in production

environments, human operators can adjust connector orientation prior
to assembly to improve visibility. Manual adjustment is generally more
practical than relying exclusively on robotic autonomy to recognize
heavily occluded connectors. Accordingly, H, ggf is configured with a
translation (0, —700,0) mm and an Euler-angle rotation (z /2,0, z) (XYZ,
rad).

A rack equipped with a supporting rod is used to secure the object
and maintain a stable pose relative to the robot base. Alternatively,
objects may be placed on a flat table to improve stability, provided
that the robotic arm is mounted laterally or that a manipulator with
extended reach is available.

To facilitate background removal, the robot workspace is enclosed
with white fabric and the supporting rack is painted white, providing
a consistent background at all elevations. A white background was
selected to avoid color conflicts with green and blue connector samples
(e.g., Classes F, K, Q, and R in Fig. 8), thereby enabling efficient
chroma-keying during data annotation. Although depth-based back-
ground removal can be effective in eye-to-hand configurations (Chen
et al.,, 2023) or in more complex scenes, the small size of the con-
nectors places higher demands on depth accuracy to reliably sepa-
rate the object from the background (Cop et al., 2021). Neverthe-
less, depth-based background removal remains a viable alternative
when higher-precision sensors are available or when larger objects are
considered (Chen et al., 2023).

6.4. Camera calibration

Accurate intrinsic and extrinsic camera parameters must be ob-
tained through camera calibration prior to data collection. In this study,
the intrinsic parameters were obtained from the factory calibration
provided by the sensor. The extrinsic parameters, which define the
camera pose in terms of rotation and translation relative to a reference
coordinate system, were estimated using hand-eye calibration.

In the eye-in-hand configuration, calibration determines the rigid
transformation between the robot end-effector frame and the camera
frame. Hand-eye calibration was conducted using a 9 x 6 OpenCV
chessboard to estimate the end-effector-to-camera transformation
HEED.

6.5. Automotive wire harness connector dataset

Visual data for each connector are collected using the systematic
procedure described in previous sections. At each observation pose, the
camera captures the RGB-D data, which are subsequently processed
by the automatic annotation module to generate multimodal ground-
truth labels. Specifically, the raw RGB image is initially converted
to grayscale, and pixels with grayscale intensities in [170,255] are
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Fig. 10. Robot-assisted data acquisition setup used for collecting visual data of connectors. The translucent, light-violet hemisphere represents the viewpoint
sampling surface where camera viewpoints are distributed. The coordinate system in the bottom-left corner indicates the world frame (W), which serves as the
fixed reference. Additional coordinate frames are depicted at their respective physical locations: the robot base frame (ROB) at the robot base, the end-effector
(tool) frame (EE) at the tool center point (TCP), the camera frame (CAM) rigidly attached to the end-effector (eye-in-hand), and the object frame (OBJ) attached
to the target connector. Dotted arrows illustrate the kinematic transformations between coordinate frames.

Background

RGB Depth

removed

Front

Top

OP46

2D BBox 6DoF Pose 3D BBox Point Cloud

Fig. 11. Examples of collected RGB data, depth data, and corresponding annotation results. The point clouds in the last column are oriented according to their
respective 6DoF pose for visualization purposes. The last row displays the image captured at observation pose 46 (OP46).

designated as the white background for chroma keying. To enhance
robustness, depth-assisted background removal is performed following
chroma keying, using a depth threshold of 350 mm. This thresh-
old is determined by the observation distance and anticipated depth
measurement noise.

The resulting dataset comprises 1600 RGB-D image pairs. Each
image pair is annotated with an object mask, 2D and 3D BBoxes, a 6DoF
object pose, and a corresponding point cloud. The raw images and gen-
erated annotations were visually inspected to verify the accuracy of the
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annotations. The dataset specifically targets small objects with diame-
ters less than 60 mm, thereby increasing its relevance for small-object
detection (Cheng et al., 2023) and fine-grained image analysis (Wei
et al., 2022). Fig. 11 shows representative samples of the acquired data
alongside visualizations of the corresponding ground-truth labels.

A manually labeled dataset was also constructed to serve as an
independent baseline for comparison. The first three authors, each pos-
sessing over 100 h of experience in 2D BBox and 6DoF pose annotation,
manually annotated the robot-acquired raw data. The resulting manual
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Table 1
Per-class Average Precision (AP) on the Manually Annotated (MA) and Automatically Annotated (AA) datasets.
Model Dataset AP
A0 Al BO B1 C D E F G H
MA 0798 0980 0932 0928 0975 0979 0985  0.880 0774  0.981
Faster R-CNN (Ren et al, 2015) 0812 0978 0956 0916 0979 00983 0984  0.871 0786  0.984
MA 0968 0991 0970 0989 0988 0792  0.854 0972 0901  0.970
YOLOVS (Jocher, 2020) AA 0.971 1.000  0.973 1.000 0998 0785  0.884 0969  0.866  0.970
Model Dataset AP
I J K L M N o P Q R
MA 0916 078 0916  0.871 0782 0917 0632  0.824  0.892  0.903
Faster R-CNN (Ren et al., 2015) o 0935 0720 0928 0821 0782 0902  0.665 0871 0917  0.894
MA 0968 0956  0.969 0724 0981 0965  0.845 0935 0964  0.986
YOLOVS (Jocher, 2020) AA 0973 0955 0970 0969 0983 0972  0.867 0972 0973 0971

Table 2
The Mean Average Precision (mAP) on the Manually Annotated (MA) and
Automatically Annotated (AA) datasets.

Model Dataset mAP;, mAP;;. o5
MA 0.937 0.883
Faster R-CNN (Ren et al., 2015) AA 0.938 0.885
MA 0.981 0.947
h 202
YOLOV5 (Jocher, 2020) AA 0.988 0.971

2D BBox and 6DoF pose labels form the baseline dataset. For clarity, the
dataset with automatically generated annotations is referred to as AA,
while the manually annotated dataset is referred to as MA, hereinafter,
unless otherwise specified.

6.6. Performance of various datasets

Experiments were conducted to assess the effectiveness of the pro-
posed robot-assisted pipeline in generating real-world datasets for in-
dustrial 2D object detection and 6DoF pose estimation. All experiments
were performed on a workstation with an Intel Core i9-13900KF CPU
(3.0 GHz), 64 GB RAM, and an NVIDIA GeForce RTX 4090 GPU. Both
AA and MA datasets were divided into training, validation, and test
sets using an 80:10:10 split. Stratified sampling ensured balanced class
distributions across the subsets, and validation and test images were
randomly selected within each class.

To complete the end-to-end workflow from dataset preparation to
model training and evaluation, widely used baseline methods were
adopted. Faster R-CNN (Ren et al., 2015) and YOLOv5 (Jocher, 2020)
were selected as representative two-stage and one-stage detectors, re-
spectively, to illustrate the trade-off between accuracy and inference
speed. DenseFusion (Wang et al., 2019) and YOLOv5-6D (Viviers et al.,
2024) served as representative 6DoF pose estimators, exemplifying
RGB-D fusion-based and direct regression-based paradigms, respec-
tively. Notably, the proposed dataset preparation pipeline remains
model-agnostic, allowing practitioners to pair it with alternative de-
tection and pose estimation methods according to specific application
requirements.

6.6.1. Evaluation on 2D object detection

The performance of a two-stage detector was compared to that of
a one-stage detector. Both models were trained, validated, and tested
using training, validation, and test sets, respectively.

The two-stage detector utilized Faster R-CNN (Ren et al., 2015) with
a ResNet (He et al., 2016) backbone and a Feature Pyramid Network
(FPN) (Lin et al., 2017). Baseline settings and hyperparameters were
adopted from the publicly available Detectron2 (Wu et al., 2019) im-
plementation. Training was conducted using stochastic gradient descent
(SGD) with a batch size of 8 and a learning rate of 0.00025. Model
weights were initialized from the Detectron2 checkpoint Faster R-CNN
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RI101-FPN 3x (Wu et al., 2019). During inference, detections with
confidence scores below a threshold of 0.7 were treated as background
and discarded.

The one-stage detector was implemented using YOLOv5 (Jocher,
2020) with the official open-source configuration. Training utilized
SGD with an initial learning rate of 0.01, weight decay of 0.0005,
momentum of 0.937, and a batch size of 16. Model weights were
initialized from the pretrained yolov5x checkpoint (Jocher, 2020).

Detection performance was evaluated using per-class average preci-
sion (AP) and mean average precision (mAP) across all classes on the
test sets. Tables 1 and 2 present the AP and mAP results, demonstrating
that YOLOvV5 (Jocher, 2020) outperforms Faster R-CNN (Ren et al.,
2015) on the connector dataset under the specified settings. The results
further indicate that training on the automatically annotated dataset
(AA) and the manually annotated dataset (MA) yields comparable
performance, with only minor differences in AP and mAP. Notably,
Classes Al and Bl achieve 100% AP despite their small size and
largely texture-less appearance. This outcome is likely due to their
relatively low intra-class variation and visually distinctive geometry
under controlled acquisition conditions, which reduces confusion with
other connector types and enables reliable detection.

6.6.2. Evaluation on 6DoF object pose estimation

The performance of 6DoF object pose estimation methods was
evaluated on both the automatically annotated (AA) and manually
annotated (MA) datasets using DenseFusion (Wang et al., 2019) and
YOLOvV5-6D (Viviers et al., 2024). DenseFusion (Wang et al., 2019)
performs 6DoF pose estimation by extracting and fusing features from
RGB and depth measurements. In contrast, YOLOv5-6D (Viviers et al.,
2024) is a single-shot framework that performs joint 2D detection
and 6DoF pose estimation from RGB input. This approach, originally
demonstrated on both RGB and X-ray imagery, eliminates the need for
depth data or precomputed 3D object models.

Both models were trained on the combined training and validation
sets of the connector dataset and evaluated on the test set. Training
protocols followed the original implementations (Wang et al., 2019;
Viviers et al., 2024). Performance was assessed using standard pose
metrics: (i) the Average Distance of Model Points (ADD) success rate
with a threshold of 10% of the object diameter (ADD-0.1d) (Hinter-
stoisser et al., 2013); (ii) the cm-degree success rate with thresholds of
5 centimeters (cm) translation error and 5 degrees (deg) rotation error
(5cm-5deg) (Shotton et al., 2013); and (iii) the 2D projection success
rate with a 5-pixel threshold (Prj-5) (Brachmann et al., 2016).

Tables 3 and 4 report the results on the MA and AA datasets,
respectively. Similar performance trends across both datasets indicate
that the automatically generated annotations provide sufficient relia-
bility for training and evaluating 6DoF pose estimators. Among the
evaluated methods, YOLOv5-6D (Viviers et al., 2024) achieves higher
success rates under the stricter Prj-5 and 5cm-5deg criteria, indicating
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Table 3
Evaluation results on 6DoF object pose estimation on the Manually Annotated
dataset (MA).

Object DenseFusion (Wang et al., 2019)
ADD-0.1d 5cm-5deg Prj-5

YOLOV5-6D (Viviers et al., 2024)

ADD-0.1d 5cm-5deg Prj-5

A0 0.498 0.125 0.002 0.875 0.775 0.739
Al 0.739 0.200 0.079 0.738 0.475 0.800
BO 0.625 0.088 0.088 0.500 0.725 0.739
Bl 0.673 0.088 0.138 0.546 0.650 0.700
C 0.709 0.135 0.070 0.500 0.475 0.800
D 0.731 0.075 0.125 0.500 0.550 0.850
E 0.715 0.100 0.150 0.550 0.750 0.863
F 0.756 0.125 0.175 0.550 0.800 0.640
G 0.698 0.088 0.021 0.725 0.725 0.738
H 0.751 0.100 0.075 0.688 0.550 0.739
I 0.565 0.075 0.100 0.375 0.640 0.725
J 0.809 0.100 0.125 0.325 0.500 0.625
K 0.743 0.125 0.079 0.875 0.750 0.640
L 0.687 0.125 0.253 0.375 0.475 0.750
M 0.721 0.100 0.375 0.215 0.400 0.700
N 0.550 0.088 0.200 0.375 0.500 0.756
(0] 0.539 0.125 0.185 0.333 0.275 0.750
P 0.683 0.075 0.225 0.550 0.500 0.788
Q 0.631 0.100 0.200 0.250 0.325 0.700
R 0.718 0.125 0.375 0.275 0.214 0.800
All 0.677 0.108 0.152 0.506 0.553 0.742
Table 4

Evaluation results on 6DoF object pose estimation on the Automatically
Annotated dataset (AA).
Object DenseFusion (Wang et al., 2019)

ADD-0.1d 5cm-5deg Prj-5

YOLOV5-6D (Viviers et al., 2024)
ADD-0.1d 5cm-5deg Prj-5

A0 0.538 0.100 0.000 0.875 0.763 0.800
Al 0.750 0.275 0.088 0.750 0.463 0.900
BO 0.575 0.063 0.075 0.546 0.600 0.739
Bl 0.650 0.100 0.125 0.500 0.663 0.763
C 0.713 0.138 0.075 0.500 0.488 0.863
D 0.725 0.150 0.138 0.688 0.588 0.863
E 0.738 0.150 0.150 0.688 0.800 0.850
F 0.775 0.088 0.188 0.625 0.750 0.738
G 0.700 0.113 0.013 0.313 0.688 0.713
H 0.750 0.100 0.100 0.750 0.725 0.813
I 0.563 0.075 0.088 0.563 0.550 0.700
J 0.813 0.125 0.100 0.333 0.480 0.640
K 0.750 0.100 0.088 0.938 0.725 0.750
L 0.688 0.138 0.288 0.313 0.410 0.756
M 0.725 0.113 0.325 0.200 0.429 0.625
N 0.588 0.075 0.225 0.438 0.513 0.700
(0] 0.563 0.100 0.175 0.250 0.338 0.700
P 0.675 0.050 0.250 0.563 0.513 0.750
Q 0.613 0.163 0.213 0.250 0.288 0.788
R 0.700 0.100 0.325 0.250 0.234 0.818
All 0.680 0.116 0.151 0.517 0.550 0.764

strong 2D alignment and threshold-based pose accuracy. DenseFu-
sion (Wang et al.,, 2019) attains higher accuracy under ADD-0.1d,
indicating superior average 3D alignment. This outcome aligns with
DenseFusion’s RGB-D fusion and point-cloud alignment strategy, which
reduces mean 3D model-point error even if small residual rotation or
translation errors persist. However, the comparatively lower Prj-5 and
5cm-5deg scores indicate challenges in consistently achieving stricter
pose thresholds and maintaining precise 2D reprojection alignment.
Multiple factors may contribute to this discrepancy. DenseFusion
(Wang et al., 2019) relies on iterative refinement driven by depth-
based alignment, which effectively minimizes ADD but does not always
converge to poses that meet strict translation and rotation constraints.
Additionally, performance is sensitive to depth noise at close range. At
a 300 mm acquisition distance, small connectors occupy few pixels, and
fine geometric details are often poorly resolved in low-resolution depth
measurements. Although the connectors are intentionally asymmetric
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Table 5
Influence of viewpoint density for 2D object detection.
N Faster R-CNN (Ren et al., 2015) YOLOVS5 (Jocher, 2020)
mAPs, mAPs o5 mAPs, MAP5. 95
10 0.450 0.397 0.792 0.764
20 0.541 0.471 0.884 0.825
40 0.732 0.675 0.917 0.902
80 0.938 0.883 0.989 0.969
Table 6

Influence of viewpoint density for 6DoF object pose estimation.
N  DenseFusion (Wang et al., 2019) YOLOV5-6D (Viviers et al., 2024)

ADD-0.1d 5cm-5deg Prj-5 ADD-0.1d 5cm-5deg Prj-5

10 0.175 0.000 0.000 0.125 0.000 0.000
20 0.313 0.025 0.013 0.280 0.063 0.275
40 0.498 0.088 0.088 0364 0.231 0.325
80 0.673 0.100 0.150 0.506 0.550 0.756

to support poka-yoke assembly, many discriminative features are sub-
tle and small-scale, presenting challenges for depth-driven alignment.
DenseFusion (Wang et al., 2019), originally developed for larger and
more textured objects, is therefore susceptible to small pose drift,
which can result in failures under stricter metrics such as 5cm-5deg
and Prj-5. In contrast, YOLOvV5-6D (Viviers et al., 2024) directly re-
gresses rotation and translation from RGB input. This approach can
yield more consistent performance under threshold-based metrics and
improved 2D alignment, even if overall 3D alignment measured by
ADD is lower. These findings reinforce that accurate perception of wire
harness connectors requires high-resolution sensing and fine-grained
visual cues (Wei et al., 2022; Cheng et al., 2023). This highlights the
importance of pose estimation methods that are robust to small object
scale, low texture, and subtle geometric features in precision-critical
industrial applications.

6.7. Ablation study

This subsection reports ablation studies on the collected connector
dataset to evaluate the impact of (i) viewpoint sampling density and (ii)
background removal strategy, specifically comparing RGB-only chroma
keying and depth-assisted segmentation, on subsequent 2D detection
and 6DOF pose estimation performance.

6.7.1. Influence of viewpoint density

The effect of viewpoint density was assessed by systematically vary-
ing the number of viewpoints (N) employed during image acquisition.
Specifically, N was increased from 10 to 80 in two-fold increments
(N € {10,20,40,80}). For each configuration, a corresponding dataset
was generated and partitioned into training, validation, and test subsets
using an 80:10:10 ratio. Models were trained according to the protocols
outlined in Sections 6.6.1 and 6.6.2. To establish an independent bench-
mark and reduce potential bias from automatically generated labels,
evaluation was conducted on the manually annotated test set (MA,,,).
Tables 5 and 6 present the results for 2D object detection and 6DoF pose
estimation, respectively. Overall, performance consistently improves as
N increases, suggesting that denser viewpoint coverage results in more
robust detection and pose estimation.

6.7.2. Influence of background removal strategy

In addition to analyzing viewpoint density, the impact of the back-
ground removal strategy implemented in the data annotation module
was evaluated. The proposed pipeline utilizes RGB-based chroma key-
ing and, in its default configuration, further refines segmentation
through depth thresholding. To quantify the contribution of depth-
assisted background removal, an additional automatically annotated
dataset was generated by running the annotation module on raw
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Influence of background removal strategy for 2D object detection.

Background removal

Faster R-CNN (Ren et al., 2015)

YOLOvV5 (Jocher, 2020)

Chroma key (RGB) Depth threshold mAPs, mAPs. o5 mAPs, mAPs. o5

v 0.937 0.871 0.988 0.962

4 v 0.938 0.883 0.989 0.969
Table 8

Influence of background removal strategy for 6DoF object pose estimation.

Background removal

DenseFusion (Wang et al., 2019)

YOLOvV5-6D (Viviers et al., 2024)

Chroma key (RGB) Depth threshold ADD-0.1d

5cm-5deg

P1j-5 ADD-0.1d 5cm-5deg  Prj-5

v
v

0.668
0.673

0.100

v 0.100

0.116
0.150

0.500
0.506

0.513
0.550

0.750
0.756

connector images without the depth-thresholding step, that is, using
chroma keying only.

For a controlled comparison, this dataset was divided into training,
validation, and test sets using the same 80:10:10 split protocol. Models
were trained according to the procedures described in Sections 6.6.1
and 6.6.2, and evaluated on the manually annotated test set (MA,,,)
to mitigate potential bias from automatically generated labels. Tables
7 and 8 present the results for 2D object detection and 6DoF pose
estimation, respectively. Overall, incorporating depth-threshold assis-
tance results in modest yet consistent performance gains for both tasks,
suggesting that depth-assisted background removal enhances segmen-
tation quality and thereby refines the training labels. Although chroma
keying alone is effective under the controlled acquisition conditions
of the connector dataset, the addition of a depth constraint provides
measurable benefits, particularly under more stringent pose evaluation
criteria.

6.8. Time costs analysis

The potential time savings of the proposed system were assessed
by quantifying the time costs of robot-assisted dataset generation, in-
cluding both robotic data acquisition and automatic annotation. Table
9 summarizes the measured time required by each component of the
pipeline. During acquisition, the robot tool speed was set to 1 meter
per second for translation and 180 degree per second for rotation.
Because the same observation poses and motion sequence were used for
all connector samples, the acquisition and annotation time per sample
was consistent. On average, generating a single sample, which includes
the raw RGB-D data and corresponding annotations for 2D BBoxes, 3D
BBoxes, and 6DoF object poses, required 2.644 s. The values reported in
Table 9 may vary with robot speed settings, motion-planning policies,
and the viewpoint configurations selected to meet application-specific
requirements.

To facilitate direct comparison, the time required for manual data
acquisition and annotation was measured using procedures consistent
with those applied in the connector dataset. The manually annotated
dataset was generated through crowd-sourced labeling by three anno-
tators. The reported manual annotation time represents the average
across these individuals, each of whom annotated 500 images. For
manual operation, the setup time was approximately 60 s, capturing a
single sample required about 2 s, and manual annotation required ap-
proximately 40 s per sample. In contrast, robot-assisted data collection
required approximately 600 s for system setup and 2.390 s per sample
for acquisition. Annotation time was reduced to 0.254 s per sample for
generating the required bounding boxes and object pose labels. Overall,
the proposed pipeline achieves a comparable acquisition speed and
demonstrates an approximately 150-fold improvement in annotation
efficiency compared to the manual process.

Fig. 12 presents a comparison of the total time costs for robot-
assisted and manual workflows. The results indicate that the robot-
assisted approach becomes advantageous in terms of time and human
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Fig. 12. Time costs of generating a real-world dataset with ground-truth labels
of 2D BBoxes, 3D BBoxes, and 6DoF object poses manually and using the
proposed pipeline with robotic data acquisition and automatic data annotation.

effort when the number of samples exceeds 14. These results suggest
that the proposed pipeline can substantially improve the efficiency of
generating real-world datasets for object detection and pose estimation,
particularly in industrial settings that require large-scale data collection
and streamlined labeling workflows.

7. Discussion
7.1. Advantages of the proposed pipeline

Utilizing a robotic arm for data acquisition facilitates flexible and
scalable generation of observation poses. This approach supports sys-
tematic multi-view capture while adhering to practical workspace
and setup constraints. In comparison to traditional gantry-based sys-
tems (Seitz et al., 2006; Kasper et al., 2012), the proposed approach
reduces hardware complexity and can be implemented on cost-effective
robotic platforms, including collaborative robots, according to spe-
cific application requirements (Gusan and Titu, 2021; Sahan et al.,
2023; Shah et al., 2025). Furthermore, robot-assisted acquisition re-
moves the need for auxiliary mechanisms such as turntables and
enables automated annotation, particularly through kinematics-based
6DOF pose labeling. This process eliminates dependence on external
camera-tracking aids such as marker boards (Grenzdorffer et al., 2020).

Manufacturers can directly utilize the resulting annotated datasets
to develop, deploy, and maintain perception modules for various pro-
duction tasks. For instance, the generated 2D labels facilitate the train-
ing of object detectors for connector recognition and inspection. In
contrast, the 6DoF pose annotations enable pose-aware applications, in-
cluding assembly verification such as presence and orientation checks,
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Table 9
Time cost (Second) of preparing a connector dataset using the proposed pipeline.
Object Data acquisition Data annotation Total
Robot Camera Storage Sum 2D BBox 3D BBox 6DOF Pose Sum

A0 192.603 0.871 3.212 196.686 9.572 1.003 9.637 20.212 216.898
Al 189.352 0.878 3.562 193.792 9.895 1.175 9.941 21.011 214.803
BO 188.346 0.895 3.743 192.984 9.928 1.287 9.947 21.162 214.146
Bl 189.549 0.869 3.598 194.016 10.053 1.211 9.867 21.131 215.147
C 183.409 0.863 3.436 187.708 9.892 1.133 9.826 20.851 208.559
D 187.164 0.903 3.527 191.594 9.955 1.162 1.162 12.279 203.873
E 184.590 0.869 3.617 189.076 9.987 1.215 9.848 21.050 210.126
F 184.091 0.909 3.264 188.264 9.816 1.023 9.637 20.476 208.740
G 183.426 0.904 3.439 187.769 9.918 1.130 9.892 20.940 208.709
H 183.558 0.871 3.076 187.505 9.714 0.893 9.550 20.157 207.662
I 184.597 0.879 3.351 188.827 9.850 1.083 9.693 20.626 209.453
J 185.652 0.869 3.615 190.136 10.015 1.223 9.871 21.109 211.245
K 190.724 0.869 2.869 194.462 9.654 0.820 9.492 19.966 214.428
L 187.109 0.886 3.499 191.494 9.988 1.165 9.701 20.854 212.348
M 185.918 0.847 3.460 190.225 9.977 1.161 9.789 20.927 211.152
N 184.024 0.873 3.414 188.311 9.920 1.111 9.804 20.835 209.146
o 184.414 0.893 3.541 188.848 10.046 1.191 9.791 21.028 209.876
P 188.912 0.871 3.249 193.032 9.862 1.018 9.718 20.598 213.630
Q 189.645 0.862 3.236 193.743 9.841 1.010 9.727 20.578 214.321
R 192.053 0.879 3.277 196.209 9.838 1.001 9.675 20.514 216.723
All 3739.136 17.560 67.985 3824.681 197.721 22.015 186.568 406.304 4230.985
Avg.-Obj. 186.957 0.878 3.399 191.234 9.886 1.101 9.328 20.315 211.549
Avg.-Img. 2.337 0.011 0.042 2.390 0.124 0.014 0.117 0.254 2.644

as well as robotic handling tasks like bin picking and pose-guided
grasping. When new part variants are introduced or operating condi-
tions change, manufacturers can efficiently re-collect multi-view data
and regenerate annotations using the same pipeline. This capability
enables rapid model updates with minimal additional manual labeling.
In summary, the proposed pipeline offers an end-to-end and scalable
workflow for generating multimodal ground-truth labels comparable to
those in datasets such as Grenzdorffer et al. (2020). This approach does
not require pre-existing object models, thereby enhancing practical
applicability in industrial environments.

7.1.1. Efficiency compared to manual dataset preparation

The proposed pipeline offers a scalable and efficient approach to
dataset preparation, particularly benefiting industrial robotic applica-
tions that demand precise 6DoF object pose annotations. The findings
demonstrate that generating datasets for object detection and pose
estimation using the proposed pipeline significantly reduces manual
intervention and greatly enhances annotation efficiency, achieving an-
notation speeds approximately 150 times faster than a fully manual
workflow. Fig. 12 further highlights this advantage by comparing the
time required for the proposed pipeline with that of manual data
preparation. The results suggest that the proposed pipeline is especially
effective for generating large-scale annotated datasets, in which manual
labeling constitutes a significant portion of the overall cost.

While integrating robotic hardware requires initial setup effort and
associated costs, the subsequent savings in human labor and time
render the approach both advantageous and scalable for real-world
dataset generation in industrial environments. Furthermore, the robotic
platform may be repurposed for additional automation tasks following
data collection, thereby enhancing overall hardware utilization.

7.1.2. Benefits over gantry-based approaches

In comparison to traditional gantry-based approaches, the proposed
pipeline offers increased flexibility, simplified configuration, enhanced
cost efficiency, and more effective utilization of hardware resources.
For instance, configuring a robotic arm equipped with an eye-in-hand
camera is typically less complex and more cost-effective than con-
structing large-scale gantry systems such as the Stanford Spherical
Gantry (Seitz et al., 2006). The proposed pipeline further demonstrates
superior scalability and adaptability compared to systems utilizing
pre-fabricated multi-camera racks with turntables (Singh et al., 2014;
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Kimble et al., 2022). These multi-camera systems are inherently limited
by fixed viewpoint layouts, making expansion or reconfiguration chal-
lenging. For example, the multi-camera rack with a turntable in Singh
et al. (2014) was restricted to the set of viewpoints illustrated in Fig.
4(d).

Previous research has also investigated single-camera configurations
combined with turntables for data collection (Kasper et al., 2012;
Hodarn et al., 2017). Although these systems are capable of acquiring
multi-view imagery with a single sensor, they frequently necessitate
specialized hardware designs (Kasper et al., 2012) or manual camera
repositioning (Hodari et al., 2017). In contrast, the proposed pipeline
facilitates dynamic, programmable, and systematic generation of view-
points through the use of a robotic arm equipped with an eye-in-hand
camera. This design reduces hardware overhead and enables compre-
hensive viewpoint coverage without the need for manual intervention
or supplementary acquisition mechanisms.

7.1.3. Improvements over existing robot-assisted approaches

Previous research has investigated robot-assisted methods to en-
hance the efficiency and quality of real-world dataset generation for
industrial vision applications. However, these approaches frequently
encounter challenges related to high hardware complexity, limited
viewpoint coverage, and insufficient automation of multimodal anno-
tation. The proposed pipeline addresses these challenges by offering a
streamlined, scalable, and adaptable workflow for dataset preparation.
Specifically, the pipeline reduces hardware requirements, facilitates
systematic viewpoint generation, and supports comprehensive multi-
modal ground-truth annotation. These features enhance its applicability
in practical industrial environments.

Hardware complexity. Many current systems depend on auxiliary de-
vices, including turntables (Kiyokawa et al., 2021) and marker boards
(Grenzdorffer et al., 2020). For instance, Kiyokawa et al. (2021) in-
tegrated a collaborative robot with a turntable and augmented real-
ity markers. In this configuration, the object was positioned at the
center of the turntable and rotated around the azimuth axis. Simul-
taneously, the robot moved an eye-in-hand camera along the polar
direction to capture multi-view data. Pose labels were determined using
predefined transformations among the camera, markers, and object.
Similarly, Grenzdorffer et al. (2020) employed a collaborative robot in
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conjunction with a marker board containing ArUco markers (Garrido-
Jurado et al., 2014, 2016; Romero-Ramirez et al., 2018) to estimate
camera poses. The annotation workflow included initial pose estimation
with PoseCNN (Xiang et al., 2018), manual refinement on a reference
frame, and subsequent label propagation based on the camera pose esti-
mated with the marker board. In contrast, the proposed pipeline utilizes
only a single collaborative robot and an eye-in-hand camera, thereby
removing the requirement for turntables and marker boards. This re-
duction in hardware and software complexity enhances scalability and
supports deployment in industrial environments.

Viewpoint coverage. Many existing robot-assisted data acquisition sys-
tems rely on predetermined robot trajectories (Jensen et al., 2014;
Grenzdorffer et al., 2020) or require manual object manipulation (Koch
et al., 2023). Jensen et al. (2014) used an industrial robot to traverse
predefined paths generated by heuristics for multi-view stereopsis eval-
uation. However, the viewpoints were limited mainly to frontal aspects
and were not determined through a systematic planning approach.
Koch et al. (2023) incorporated viewpoints from both frontal and
rear aspects, but required a heuristic to define observation poses and
demanded manual rotation of the object to capture rear views. In con-
trast, the proposed pipeline systematically generates observation poses
using a spherical coordinate parameterization. This approach enables
comprehensive coverage of both frontal and rear perspectives without
manual intervention. This design supports flexible and configurable
viewpoint planning, thereby enhancing adaptability to a wide range of
objects and data acquisition requirements.

Annotation automation. In the context of automated annotation, par-
ticularly for 6DoF pose labels, previous methods frequently rely on
external markers (Grenzdorffer et al., 2020; Kiyokawa et al., 2021) or
pre-acquired object models (Grenzdorffer et al., 2020). Grenzdorffer
et al. (2020) derived 3D BBoxes from known object-model dimen-
sions and generated 2D BBoxes and segmentation masks by rendering
synthetic depth images of these models. Kiyokawa et al. (2021) uti-
lized augmented reality markers to infer 6DoF object poses based on
robotic kinematics. Lee et al. (2021) employed an LCD screen to vary
background colors for chroma keying; however, their approach was
limited to 2D BBox generation. The proposed pipeline extends previous
work by enabling fully automated annotation through image process-
ing and robotic kinematics, eliminating the need for object models,
auxiliary markers, or manual refinements. Furthermore, the pipeline
generates multimodal ground-truth labels, including 2D and 3D BBoxes,
segmentation masks, and 6DoF poses, within a unified workflow.

Pose planning via a reversed kinematic strategy. An additional distin-
guishing aspect of the proposed pipeline is its reversed approach to
kinematics-based 6DoF pose labeling. In contrast to previous meth-
ods that record robot poses, which are initially generated based on
heuristics, during image capture and subsequently compute object
poses (Koch et al., 2023; Ziirn et al., 2024), the proposed pipeline
begins with predefined object poses and calculates the corresponding
robot poses to guide camera movement. This approach offers explicit
control over viewpoint generation and selection, facilitates scalable and
systematic viewpoint coverage, and supports data acquisition across a
broader range of poses, including both frontal and rear perspectives,
without the need for manual object manipulation.

7.2. Limitations and future work

While the proposed robot-assisted dataset preparation pipeline fa-
cilitates efficient and scalable training data generation, several limita-
tions persist. These limitations suggest future improvements in three
primary areas: automation and scalability, annotation quality and ro-
bustness, and adaptability to more complex acquisition and deployment
scenarios.
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7.2.1. Enhancing automation and scalability

The current pipeline requires manual object placement and swap-
ping, which can become an operational bottleneck when processing
a large number of object types or variants. Such manual intervention
increases process variability and constrains throughput, especially in
high-volume industrial contexts. Incorporating automated object han-
dling, such as a dual-arm robotic cell (Chen et al., 2023), would reduce
human involvement and facilitate continuous, high-throughput dataset
generation.

While the pipeline supports scalable viewpoint generation and data
acquisition for various industrial applications, it has not yet been inte-
grated with real-time production systems. Integrating the pipeline into
manufacturing environments would enable on-demand dataset gener-
ation and incremental model updates, thereby supporting continuous
learning and adaptation to changing operational conditions.

7.2.2. Improving annotation robustness

The accuracy of kinematics-based pose annotation depends on the
quality of robot calibration and motion repeatability. Mechanical drift,
joint backlash, and calibration misalignment can introduce systematic
errors, particularly in applications that require high-precision 6DoF
pose labels. Applying post-processing and refinement strategies, such as
fiducial-marker-based correction or optimization-based alignment, can
improve annotation reliability.

Additionally, the chroma-keying segmentation method in the pro-
posed pipeline assumes a static, uniform background, which reduces
effectiveness when object colors are similar to the background. Uti-
lizing more adaptive background designs, such as programmable LCD
displays (Lee et al., 2021), can improve segmentation robustness across
a broader range of object appearances and illumination conditions.

Moreover, practical deployment often requires converting annota-
tions into formats compatible with widely used deep learning mod-
els. Developing a standardized export module that supports multiple
dataset formats would facilitate integration with existing frameworks
and improve reproducibility.

7.2.3. Extending to complex and dynamic scenarios

The current pipeline is optimized for rigid, opaque objects in iso-
lated and visually simple scenes. It does not yet accommodate de-
formable objects or those with challenging optical properties, such as
transparent or reflective surfaces. Additionally, it is not designed for
cluttered environments that involve occlusions and inter-object inter-
actions. Expanding the pipeline to multi-object scenarios, including
occlusion-aware viewpoint planning and annotation, as well as strate-
gies for complex materials, would significantly enhance its applicability
to real-world industrial contexts.

Furthermore, lighting conditions were not strictly controlled during
data acquisition in this study, with the aim of promoting robustness
to illumination variation in the trained models (Chen et al., 2023). In
practical applications, however, practitioners may deliberately adjust
illumination to replicate specific deployment conditions, thereby facil-
itating the collection of task-specific datasets for particular production
environments.

8. Conclusion

This paper introduces a robot-assisted pipeline designed to address
the complex task of preparing real-world datasets for the development
of deep learning-based robotic vision systems, with a particular focus
on industrial applications of object detection and pose estimation.
The integration of robotic data acquisition and automatic data an-
notation enables rapid generation of high-quality training data for
object detection and pose estimation, significantly reducing human
labor requirements.

A collaborative robot equipped with an eye-in-hand RGB-D cam-
era, combined with a systematic observation-pose generation strat-
egy based on spherical coordinates, facilitates flexible and scalable
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multi-view data acquisition. The automatic annotation module utilizes
image processing and robotic kinematics to generate comprehensive
multimodal ground-truth labels, thereby enhancing the utility of the
resulting dataset.

A case study involving automotive wire harness connectors demon-
strates the practical relevance of the proposed pipeline in industrial
settings where precise visual perception is essential. The findings show
reduced hardware complexity and labor requirements, with average
acquisition and annotation times of 2.390 s and 0.254 s per sample,
respectively. Overall, annotation is approximately 150 times faster than
a fully manual workflow.

The modular design and minimal calibration requirements enhance
adaptability and cost efficiency, making the pipeline especially suitable
for industries that already utilize robotic systems. This work advances
the efficiency of large-scale real-world dataset preparation for robotic
vision and underscores the potential for broader adoption to support
industrial applications that depend on reliable object detection and
precise 6DoF pose estimation.
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