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Figure 1: The RoCap pipeline is a robotic system designed to collect datasets for the purpose of pose estimation of appearance-changing
objects, e.g., a deformable plush toy (a). The system consists of a robotic arm and an RGB camera, which allows for data collection (c)
of objects with appearance-changing features (b). Through data augmentation and training on off-the-shelf deep learning models using
the collected data, the system can effectively estimate the pose of the plush toy during manipulation, even as it transitions through
deformation (d).

ABSTRACT
Object pose estimation plays a vital role in mixed reality interactions
when user manipulate tangible objects as controllers. Traditional
vision-based object pose estimation methods leverage 3D recon-
struction to synthesize training data. However, these methods are
designed for static objects with diffuse colors and do not work well
for objects that change their appearance during manipulation, such as
deformable objects like plush toys, transparent objects like chemical
flasks, reflective objects like metal pitcher, and articulated objects
like scissors. To address this limitation, we propose RoCap, a robotic
pipeline that emulates human manipulation of target objects while
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generating data labeled with ground truth pose information. The user
first gives the target object to a robotic arm, and the system captures
many pictures of the object in various 6D configurations. The system
trains a model by using captured images and their ground truth pose
information automatically calculated from the joint angles of the
robotic arm. We showcase pose estimation for appearance-changing
objects by training simple deep-learning models using the collected
data and comparing the results with a model trained with synthetic
data based on 3D reconstruction via quantitative and qualitative
evaluation. The findings underscore the promising capabilities of
RoCap.
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1 INTRODUCTION
Leveraging existing tangible objects as controllers in mixed reality
(MR) can signi�cantly enhance the immersive experience and allow
for a wider range of tangible motions, particularly for applications
such as storytelling, skill training, and education. For example, em-
ploying plush toys to guide storytelling allows for a personalized and
engaging experience, and using various handheld tools can facilitate
more precise and diverse interaction mechanisms to make tasks feel
natural and intuitive. Such an approach demands the capabilities for
accurate predictions of 6D pose estimation — identifying an object's
location and orientation in the 3D space.

Vision-based pose estimation has gained popularity in the past
few years over tracker or sensor based methods, as it does not re-
quire additional hardware, alter the appearance or interfere with
the normal use of the objects and it is cost effective and accessible.
Researchers have adopted different approaches including mapping
image feature to the 3D model of the object [20] and matching point
cloud constructed by depth camera [2]. More recently, data-driven
deep learning methods [38, 47] demonstrated accurate predictions of
the 6D pose of pre-de�ned sets of object included in carefully crafted
datasets [5, 26]. However, it remains unclear how well they work on
objects where carefully labeled data do not exist such as personal
objects. To address this issue, some prior work enables end-users to
collect datasets for everyday objects 6D pose estimation [35, 39], in-
troducing synthetic approaches to generate a large amount synthetic
data given the 3D model of the objects [13], or adopts a few-shot
learning method by training on 3D mesh reconstructed from a short
clip of video [32].

A limitation of these existing methods is that they mainly focus
on objects that are static objects with diffuse colors, with a less
focus on objects thatchange their appearanceswhen being manip-
ulated, including objects with challenging appearance materials (e.g.,
transparent and specular objects), deformable objects and articulated
objects [45]. A pair of scissors will dramatically change its physical
appearance due to mechanical operation and a model trained on the
image of a closed pair of scissors might produce lower accuracy
at recognizing the same pair in an open con�guration. Similarly, a
plush toy that changes its shape during manipulation when being
affected by gravity will affect the performance of the pose estimation.
While one intuitive approach is to capture data while a human user
is manipulating the objects, annotating such data at scale would be
costly and error-prone.

To address the challenge, we propose RoCap, an automated
pipeline to collect image data of appearance-changing object for 6D
pose estimation using a robotic arm with minimum human interven-
tion. We deploy a robot arm to mimic human's hand to manipulate
the objects while capturing the image data as shown in Figure 1. The
6D poses of the object of each image can be obtained with robotic
forward kinematics as each joint of the robotic arm is precisely
controlled. Speci�cally, RoCap performs the data capturing process
for eight different appearance-changing objects with deformable,
transparent, re�ective and articulated properties (Figure 3).

We also implemented a simple pose estimation pipeline to quanti-
tatively and qualitatively evaluate the pose estimation performance
of the model trained on our collected data comparing against a

Figure 2: 3D reconstructed results for a transparent �ask.

few-shot learning pose estimation approach based on 3D reconstruc-
tion (Gen6D [32]). Both the quantitative and qualitative evaluation
results demonstrate that existing work struggles with appearance-
changing objects and our approach shows promise in overcoming
these limitations with improved pose estimation accuracy.

In summary, our contributions are two-fold:

� A robotic data collection pipeline with a 6 DoF robotic
arm which captures and annotates 6D pose data for objects
that change their appearance during manipulation, addressing
limitations in existing data collection methods.

� Quantitative and qualitative evaluationsto demonstrate the
feasibility of the pipeline via improved accuracy of appearance-
changing objects pose estimation by comparing with an ad-
vanced pose estimation method in the �eld of computer vi-
sion.

2 RELATED WORK
2.1 Object pose estimation
Object pose estimation plays a crucial role in various HCI appli-
cations such as augmented reality [2, 19, 20, 44] and robotics and
automation [29]. Over recent decades, researchers have explored
diverse approaches to predict an object's pose. These includes sen-
sor applications like IMUs, physical marker techniques such as
�ducial markers [17, 24, 46], optic trackers [49] 3D printed embed-
ded QR code [12], computer vision techniques such as color-based
tracking [44], feature point tracking [2] and point cloud alignment
[20]. Recent advancement in deep learning has unlocked new chal-
lenging tasks such as predicting the poses of hand-object interac-
tion [6, 18, 31], articulated objects [30] and other problem setups
[1, 8, 33, 48]. Extending this line of research, RoCap focuses on a
new problem setup where the objects will change their appearance
during the manipulation. Note that RoCap does not contribute new
model architecture or algorithm to improve the performance in the
�eld of deep learning. Instead, RoCap contributes a novel data col-
lection method and the data captured by the system can serve as
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Figure 3: Example objects for each category that RoCap is focus-
ing on, Viewing-angle dependent: (1) �ask, (2) water bottle and,
(3) pitcher, Deformable: (4) �exible frog and (5) stiff anpanman,
Articulated: (6) scissors, (7) spray head and (8) clamp.

great resources for researchers in the community of computer vision
and machine learning to solve the downstream tracking problems.

2.2 Pose data collection
Data-driven deep learning approaches require data annotated with
ground truth labels. Yet, annotating 6D pose data is challenging, as
it is hard to specify 3D bounding box on a 2D image. To address
this, researchers have investigated various methods including three
primary strategies:(i) training on synthesized data,(ii) utilizing
publicly available datasets and(iii) designing interactive tools for
data collection.

2.2.1 Synthetic data.One typical way is synthesizing data with
the available resources such as the 3D model of the objects. This
approach is commonly used in tasks such as object segmentation
[40] and object detection [13]. And a standard way of using synthetic
data in pose estimation is to obtain the 3D model and texture of the
objects �rst and then render them with different target background
[43]. Although synthetic data can be easily scaled, it comes with
the drawback of a disparity between real and virtual data, which
might impact model performance. Moreover, as illustrated in Figure
2, the necessary step of object reconstruction may fail for our target
objects, such as the �ask.

2.2.2 Real-world data.An intuitive way to bypass the issue of syn-
thesized data is to collect data in the real world. In the recent years,
researchers have adopted two major types of data collection meth-
ods. The �rst is“static object + moving camera”, where the pose
of the object is calculated from the pose of the camera, which can
be read from the embedded sensor. Normally it requires a certain
level of human labor as �rst couple frames need to be manually
annotated by matching the 3D model to the physical object. For
example, several publically available datasets have been collected
in this way for benchmarking in the pose estimation domain, such
as YCB Video dataset [47], Linemod [3, 21] and T-Less [22]. Addi-
tionally, researchers have also developed interactive data collection
pipeline to collect data on custom objects (e.g., Label Fusion [35].
However, since the objects remain static, it is challenging to capture
the appearance-changing features.

Another approach is“moving objects + static or moving cam-
era” . While effective for capturing appearance-changing objects,
this approach poses challenging for labeling ground truth. For in-
stance, ARnnotate, used in augmented reality [39], requires users to
hold and move the object along a recorded path, leading to potential
errors, especially with objects like articulated items or deformed
plush toys. RoCap adopts this approach and ensures the labeled
ground truth to be precise by calculating the robotic arm's forward
kinematics while it manipulates the object to capture the appearance-
changing features.

3 APPEARANCE-CHANGING OBJECTS
In this section we de�ne and explain the importance of three cate-
gories of appearance-changing objects that we aim to track using
RoCap. We collected and captured eight items from the three cate-
gories with RoCap.

3.1 Deformation
Deformation refers to changes in the shape or size of an object due
to external forces applied during manipulation (i.e., force of the
hand and gravity). Objects with naturally deformable features can
include soft and malleable objects such as fabric materials, clothing
and plush toys/stuffed animals. During manipulation, the objects are
affected by gravity all the time, leading to the deformation while
the user is moving the objects into different orientation. We picked
two plush toys of different stiffness, anpanman (stiffer) (Figure 3(5))
and frog (more �exible)(Figure 3(4)) as examples of the deformable
objects.

3.2 Viewing-angle dependent
The visual appearance of viewing-angle dependent objects includes
two main sub-categories of objects, transparent objects (e.g., glass)
and re�ective objects (e.g., polished metal). Appearance of transpar-
ent objects depends on the background behind them, which may con-
tain the environment and the user's hands. Tracking and estimating
the pose of such transparent objects is a known challenge [14] and
hand manipulation may make this even harder. Appearance of re�ec-
tive objects on the other hand depends on the environment in front
and around it. We picked a conical �ask and a plastic bottle(Figure
3(1, 2)) as representations of transparent objects of different level
of translucency (Figure 7b). We also included a re�ective pitcher to
represent re�ective object.

3.3 Articulated
Objects with articulated features refer to objects whose appearance
changes through manual manipulation or interaction. These changes
can occur due to the inherent function of the physical objects. For
examples, various handheld tools will change their mechanical forms
while being manipulated by human. We selected three manually-
changing objects: a clamp, a pair of scissors and, a head of spray
bottle to represent two different types of manual gripping and hand
operation (holding and pinching).
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