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Abstract. This study presents a comprehensive study of a novel Contact-Based Pose Estimation Method
(CBPEM) for enhancing precision in robotic assembly processes within digital twin frameworks. Conventional
pose detection methods, such as laser and computer vision-based point cloud acquisition, are often hindered by
limitations related to optical properties and occlusion when detecting small or intricate components. In contrast,
CBPEM leverages contact-based detection using capacitive or load cell sensors, offering a high degree of position
and orientation accuracy while mitigating the optical challenges posed by traditional methods. This study
focuses on the precision assembly of a concentrator photovoltaic solar unit, which consists of primary and
secondary lenses, a solar cell, and a tripod leg their small size, deformability, and unique optical properties,
making pose estimation particularly challenging. Experimental evaluations were conducted to compare the
effectiveness of capacitive and load cell sensors in detecting contact points, assessing their precision and accuracy
on flexible and rigid components. CBPEM demonstrated commendable performance with position accuracies
reaching 0.05 mm and orientation accuracies around 0.4 degrees, matching or surpassing traditional optical
methods. While CBPEM provides enhanced accuracy, it requires sequential data acquisition, resulting in lower
detection speeds compared to optical methods. Additionally, the method’s efficacy depends on the precision of
robotic components and may be impacted by complex geometries or highly deformable surfaces. Overall,
CBPEM offers a robust alternative for precision pose estimation in digital twin-driven robotic assembly,
particularly when dealing with components unsuited to optical methods. Future research should explore hybrid
approaches to optimize detection speed and adaptability across a broader range of robotic assembly scenarios.

Keywords: Contact-based pose estimation / digital twin / robotic assembly / capacitive sensor / load cell

1 Introduction

The Digital twin (DT) technology, which involves the
creation of virtual replicas of physical systems, has
garnered significant attention in the field of robotics [1],
particularly for precision assembly applications involving
small components. By providing a real-time, data-driven
simulation environment, digital twins enable improved
monitoring, control, and optimization of assembly processes.
Multiple studies highlight the effectiveness of digital twins
in simulating and refining robotic operations for precision
tasks. This research is the part of smart assembly project
that aims to optimize the precision of the robotic assembly
process for small, reflective and transparent components
with digital twin.

* e-mail: bn20196hw.ac.uk

Similar to the parts of assembly system under study
(Fig. 1), most robotic assembly systems use parts made
with 3D printing or CNC milling. However, these parts
often have slight differences from their original CAD
designs after manufacturing. When used in a robot, these
differences—such as size and position—can affect the
overall design and make it harder to create an accurate
digital twin. Most studies create digital twins for robotic
assembly systems based only on CAD models and assembly
layouts. For example, Burghard et al. [2] explored a new
way to program assembly robots using virtual reality (VR)
and digital twin technology. Hu et al. [1] suggested that a
high-quality Digital Twin (DT) should include detailed
information like geometric, physical, and conditional data.
The CAD software like UG, AutoCAD, SolidWorks, and
Creo can display these geometric properties well, but the
actual manufactured parts often have differences that CAD
models cannot fully capture and tracking these details for
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Fig. 1. Exploded view of fixture assembly mounted on PI Hexa-pod.

all parts in an assembly is difficult, especially since they can
change over time. This makes them unreliable for building
accurate digital twins.

Mo et al. [3] highlighted similar challenges, noting that
digital twins often fail to represent the real physical and
geometric properties of robots and their environments. They
proposed a smart digital twin framework that collects
detailed sensor data to improve the robot’s understanding of
its surroundings. Other researchers have included point
cloud data in digital twins. For instance, Sun et al. [4] used
high-precision laser scanners to compare actual parts with
their ideal models. Wang et al. [5] introduced a Part Digital
Twin Model (PDTM) that improved assembly accuracy by
combining CAD models, point clouds, and mesh models.
They also used laser-based point cloud scanning to automate
part positioning and improve assembly efficiency.

Despite these advancements, combining data from
different sensors (such as cameras, LIDAR, and ultrasonic
sensors) is complex and may cause inconsistencies.
Processing large amounts of data in real-time requires
significant computing power and advanced algorithms,
which can be costly and impractical for some applications.

Pose estimation, which determines the position and
orientation of parts, has been widely researched. Previous
studies [1] have used computer vision and depth informa-
tion for this task. For example, PoseCNN [6] is a deep-
learning method for estimating 6D poses in cluttered
environments. Su et al. [7] improved this by integrating
semantic segmentation with pose estimation. Bousmalis
et al. [8] developed a model that directly predicts 3D object
positions, while Garbade et al. worked on real-time pose
estimation for robotic arms [9]. Tremblay et al. [10] also
proposed a deep-learning approach to pose estimation.

For precise assembly of small, intricate parts, extremely
tight tolerances are required—within sub-millimeter
ranges and orientation tolerances as small as 0.5 degrees
for assembly objects and fixtures. In such systems, it is
crucial to evaluate how well proposed models can
accurately capture spatial, geometric, and pose data. For
example, Kim et al. [11] found that the accuracy of the Part
Digital Twin Model (PDTM) can reach 2.5 mm for position

detection and 0.4 degrees for orientation, while its precision
is 0.3 mm for position and 0.1 degrees for orientation.

This study focuses on the precision assembly of a
concentrator photovoltaic solar unit provided by Chitendai
Ltd., which consists of primary and secondary lenses, a
solar cell, and a tripod leg (Fig. 2). The solar cell
(18 mm x 12mm) and the flexible hexapod frame were
chosen for detailed analysis due to their small size,
deformability, and unique optical properties, making pose
estimation particularly challenging. Traditional vision-
and laser-based methods struggle with such components
due to occlusion, reflections, and translucency, affecting
their accuracy in robotic assembly [12].

In addition, robotic assembly systems, similar to the
setup studied in this research, frequently incorporate strain
gauge-based force sensors, such as load cells, to monitor
assembly forces [14]. These sensors are typically positioned
either between assembly components and a fixed base or
between the gripper and the robot [15]. However, during our
experiments, it was observed that strain gauge-based force
sensors exhibit minor plastic deformation under repeated,
unidirectional force application, a common condition in
robotic assembly [16]. Such minor plastic deformations
accumulate with repeated assemblies, potentially altering
the geometrical and physical properties of setup components,
such as the spatial position of fixtures (Fig. 1).

To address these limitations, this study proposes a
contact-based pose estimation method (CBPEM) [17],
achieving 0.5-degree orientation accuracy and 1 mm linear
pose accuracy for small components such as the solar cell
unit (Fig. 2). Initially, the method relied on load cell-based
force sensing to detect contact between components, but it
was later enhanced with a capacitance-based detection
technique, which is particularly useful for objects that
induce capacitance drops upon contact. Capacitive tactile
sensors improve robotic perception by detecting capaci-
tance changes when objects interact, allowing for precise
detection and control.

Beyond pose estimation, capacitive sensors play a
crucial role in human-robot interaction (HRI) and metal
detection. These sensors can detect human proximity,
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Fig. 2. Assembly components — 1: Tripod-leg, 2: Solar cell, 3: Secondary lens, 4: Primary lens, 5: Complete assembly.

ensuring safer robot operation [18]. A robotic cage was
equipped with capacitive antennas that sensed human
presence when capacitance changes were detected in the
workspace. Compared to other sensor types, capacitive
sensors are simpler to implement, as they require only a
metal foil or mesh attached to the robot’s surface to act as
an electrode [19]. Additionally, capacitive sensors are
effective in detecting metal debris in industrial applica-
tions, such as monitoring lubricating oil [20].

The study highlights the importance of accurate and
repeatable pose detection in robotic assembly systems to
improve digital twin modeling and process optimization.
Components within the assembly, particularly small and
flexible ones, may assume different poses each time they are
picked up or placed. By integrating contact-based sensing
techniques, this research enhances the reliability and
efficiency of robotic assembly, overcoming the limitations
of vision-based methods [7,10,12].

This method precisely reconstructs the 6D pose of
physical components—including fixtures, robots, and
assembly objects—within the digital twin. It helps correct
geometric and spatial inaccuracies that occur during
manufacturing and assembly, ensuring a more accurate
virtual representation of the system.

2 Materials and methods

The current assembly system configuration (Fig. 3b)
incorporates a Mecab00 6-axis industrial robot arm with
the precision of .005mm for manipulating assembly
components and determining the 6D pose of system
components using the Contact-Based Pose Estimation
Method (CBPEM). Additionally, an H-811.I2 6-Axis
Miniature Hexapod (Fig. 1) with high precision of
.00lmm enables precise 6D pose adjustments of the
primary assembly fixture based on data acquired from
the CBPEM, hexapod was also critical for the accuracy and
precision analysis of CBPEM as the high accuracy of
hexapod was leveraged to introduce the known deviations

in the pose of assembly component to study the CBPEM.
A 3-axis force monitoring load cell is installed between the
hexapod and the fixture assembly (Fig. 3d), allowing for
precise force monitoring down to 0.001 Nm on the tripod
frame (Fig. 2) mounted on the fixture. This load cell can
detect the contact force applied by the Meca500 gripper on
various surfaces on the fixture and even on the tripod frame
that will be mounted on the fixture. Contact detection is
achieved by monitoring force changes on the fixture
assembly, enabling the CBPEM to determine the 6D pose
of the fixture assembly, tripod frame, and solar cell. This
pose data is then used to accurately position 3D models of
these components within the virtual environment, ensuring
precise alignment during assembly. The contact detection
is enhanced by using a capacitive touch sensors, integrated
in the assembly on gripper tips (Fig. 3¢) and fixture contact
plate (Fig. 3e), using copper foil as the electrode, allowing
detection along two axes. Copper foil is particularly
advantageous due to its thinness (<0.1 mm), which allows
it to hold the shape of the gripper structure. The MPR121
breakout board is used to connect capacitive touch
electrode with Arduino board via I12C communication.
Capacitive sensors provide fast, accurate contact detec-
tions, making them suitable for handling lightweight metal
objects that may not be reliably detected by force sensors.

The assembly and pose estimation processes, facilitated
by CBPEM, are coordinated and monitored through a
digital twin of the assembly setup (Fig. 3a). The tests in
this study were orchestrated by means of the digital twin.
This digital twin is developed from the ground up in Unity
3D to create the virtual environment, utilizing C# and C+
+ for software development. CAD files are used to roughly
position static assembly components, such as fixtures,
while Unified Robot Description Format (URDF) files are
employed to import dynamic components, such as robots,
to define precise poses and joint parameters in the virtual
environment. The digital twin communicates with the
Meca500 robot and hexapod through TCP/IP protocols,
while a UART interface links it to a microcontroller board
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that interfaces with sensors and fixture jaw actuation
motors. Additionally, a ROS (Robot Operating System)
interface is implemented, providing flexibility for future

integration with other robots and sensors.

2.1 CBPEM for system and assembly components

The CBPEM can accurately determine the 6D pose of an
object in the assembly workspace.

The CBPEM initiates by moving the gripper towards
the component from a predefined position, accounting for
the component’s positional tolerance. The position of
leading contact face of gripper is always known from the
digital twin, when the leading contact face of the gripper
contacts the object, the gripper’s movement halts (Fig. 5).

When the gripper makes the contact, the position of the
gripper leading contact face is recorded to locate the
contacted face or edge of the object in coordinate form (z,y)
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(a) RP about X axis

(b) RP about Y axis
Fig. 4. Contact points for CBPEM for tripod frame.

where zis the point on the axis along witch the gripper was
moving while y is the position of point on axis along which
further readings will be recorded.

The contact points of the object are predefined and
there ideal position is known by the robot there actual
position is determined after contact, contact point are
defined in a way that if the contact point lies on a flat plane
of the object then the gripper front edge should contact or if
the contact point lies on an flat edge of object, gripper front
edge can contact if its perpendicular, or else side plane can
contact depending on the dexterity of robot.

The leading contact face of a robot gripper is the first
surface of the gripper that makes physical contact with an
object as the gripper moves in a particular direction toward
that object, this surface is always perpendicular to the axis
of gripper motion. This face depends on the motion
direction of the gripper relative to the object. If the gripper
is moving forward toward an object in front, the front edge
of the gripper is the leading contact face, in this case the
contact will be a line contact with object face or point
contact with the perpendicular object edge, if the gripper is
moving left the left face of the gripper is the leading contact
face, the contact will be a line contact with object edge.

If a line contact is made the center point of the gripper
face or edge is taken as contact point, as the offset between
actual contact point on edge or plane of gripper with object
edge or plane, in the direction of movement, will be
constant for all the contact with that perticular edge or
plane for same direction of movement.

By repeating this process for multiple edges and faces of
the object (Fig. 4), these planer contact positions ((z,y)
coordinates for multiple points) can be combined to
reconstruct the 6D pose of the component accurately.
Additionally, the global coordinate system for the assembly
setup (Fig. 3a) is based on Unity3D’s coordinate system,
simplifying integration and alignment within the digital
twin.

(¢) RP about Z axis

(d) Coordinate definition

2.1.1 CBPEM for tripod frame

To determine the orientation (RP) of the tripod frame
about the Y-axis (Fig. 4d) (The coordinates are defined
based on the ideal position with respect to assembly setup),
the coordinates (a, b) and (z, y) can be identified (Fig. 4b),
as these are contacted by grippers front edge. These
coordinates are recorded when the gripper edge contacts
the frame’s edges (Fig. 5b).

As the gripper moves along the Z-axis, contact with the
frame’s left edge provides the coordinates (a, b) (Fig. 5b),
and contact with the frame’s right edge provides (z, y)
(Fig. 5b), the ideal position of these frame edges on all three
axis are known and can be use to position the gripper to
touch the front edge as long as the positive or negative
deviation along X axis is under the half-length of gripper
front edge. Using these recorded coordinates, the angle 6,
(rotation about the Y-axis) is calculated (Fig. 4b) using

equation (1).
a—x\ 180
— 1
o). 1)

Oy = arctan(

Similarly, to determine the RP 6z about the X-axis, the
gripper moves along the Z-axis, griper front edge making
contact with the frame top edge to establish coordinates
(z, y) and with the bottom edge to establish coordinates (a, b)
(Fig. 4c). To determine RP 6z about the Z-axis, the gripper
movesalong the X-axis, contacting the top edge of frame with
right face of gripper to identify (a, b) and the bottom edge to
identify (z, y) (Fig. 4a).

The process of acquiring coordinates for six points for
CBPEM (two points along each axis which gives the
rotation about that axis) across two perpendicular planes
(These are the planes perpendicular to the direction of
motion of gripper hence plane (z,y) along Z axis and (z,y)
along X axis) to determine the 6D pose of the frame is
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(a) Contact point in DT

(b) Contact point in physical system

(c) Contact points, fixture surface

Fig. 5. First contact point for frame and all the contact points on fixture surface.

(a) Coordinate definition for solar cell

(b) Solar cell pose in gripper (End effector)

Fig. 6. Solar cell pose in gripper and coordinate definition.

similarly applied to the pose estimation of the fixture
assembly. Specifically, contact points Y1 and Y2 (Fig. 5¢)
are used to determine the orientation of the fixture about
the Y-axis, points Z1 and Z2 establish the orientation
about the Z-axis, and points X1 and X2 define the
orientation about the X-axis (As per world coordinate
system (Fig. 3a).

2.1.2 CBPEM for solar cell

Similar to the pose detection of the frame, the proposed
method can be applied to precisely detect the 6D pose of
smaller assembly components. While the frame stay
mounted on the fixture for rest of the assembly, the pose
estimation of frame is done by detecting the contact
between frame and gripper, however this is not possible in
the case of solar cell as the pose of the solar cell is critical
after the pickup (when cell is in gripper). The CBPED
approach used for frame cannot be used for solar cell to
determine its pose. Hence while the solar cell is within the
gripper, the pose estimation is performed by detecting the
contact between solar cell and frame fixture. As the pose of
fixture is determined beforehand. Unlike the frame, the
translation of the solar cell along the Y-axis (Fig. 6a) and
its rotations about the X- and Z-axes are constrained by the
gripper (Fig. 6b), which simplifies pose estimation. In this
case, pose determination involves identifying translations
along the X- and Z-axes and rotation about the Y-axis (The

coordinates are defined based on the ideal position with
respect to assembly setup). The translation of the solar cell
along the Z-axis can be established by detecting contact
between the front circumferential edge of the cell (Fig. 7c)
and the fixture’s contact surface (Fig. 3e) along the Z-axis.
To determine the rotation about the Y-axis, the coor-
dinates (a, b) and (z, y) are obtained along the edge of the
cell (Fig. 7b) by detecting contact between the cell’s edge
and the fixture contact surface edge (Fig. 3e) along the
X-axis. These contact points also enable the determination
of translation along the X-axis (Fig. 7a).

3 Results

3.1 Results for CBPEM for Solar Cell using force
monitoring for contact detection

The solar cell was initially picked up from a fixture
mounted on a hexapod, and its pose was determined using
CBPEM (Detected orientation) where contact was
detected using force data from contact points Tables 1
and 2. This initial orientation value was recorded as the
“initial orientation”. The cell was then repositioned on the
hexapod fixture, and a known rotational deviation about
the Y-axis was introduced via the hexapod; this deviation is
referred to as the “new orientation”. CBPEM was
subsequently used to measure the “Determined orientation”
by subtracting the newly detected orientation (Detected
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Fig. 7. Contact points for CBPEM for solar cell.

orientation) from the initial orientation. This process was
done to monitor how closely CBPEM can measure the
deviations introduced by hexapod (Figs. 8 and 9).

3.2 Accuracy and Precision study for contact
detection methods for CBPEM

To evaluate the viability of CBPEM relative to alternative
methods [1], it is essential to examine whether its accuracy
and precision are comparable with established methods,
such as laser-based point cloud acquisition or computer
vision (CV)-based pose estimation. Given that CBPEM is
proposed for use with unconventional objects like the
tripod frame, it may encounter specific challenges
associated with pose detection. One notable challenge
involves the deformation of flexible objects upon contact,
which can introduce significant errors in identifying
accurate contact points. Thus, a detailed study is needed
to assess CBPEM’s performance across objects with
varying physical and geometric properties. A study was
conducted on the material properties of the tripod frame
using Finite Element Method (FEM)-based deformation
analysis in Autodesk Fusion 360 software. The findings
revealed that the frame’s edge, utilized to detect the pose
about the Y-axis (Figs. 4b and 5b), is the most flexible part
of the entire assembly. Under an applied force of 0.001 Nm,
this edge exhibited a deformation of 0.05 mm. This finding
is particularly significant because 0.001 Nm (Fig. 10)
corresponds to the activation threshold or least count for
the load cells used to detect contact between the gripper
and the frame edge. Consequently, when using load cell-
based contact detection methods for flexible components
like the tripod frame, contact cannot be detected without
inducing some deformation in the component’s surface. It is
therefore essential to examine the implications of this
deformation on the performance and accuracy of CBPEM,
particularly when applied to objects with flexible struc-
tures.

For this analysis, two objects—the tripod frame and the
assembly fixture—are compared across multiple parame-
ters, including contact detection accuracy and precision, as

well as pose detection accuracy and precision. The tripod
frame presents challenges related to its flexible character-
istics, while the assembly fixture exhibits significant
deviations from the ideal pose, providing a basis for
evaluating CBPEM’s robustness under different condi-
tions.

Additionally, as discussed, CBPEM can employ either
capacitance-based or force-based contact detection meth-
ods. However, certain objects may not be suitable for
capacitance-based contact detection due to their material
properties, as observed with primary and secondary lenses
in the studied assembly (Fig. 2), therefore it is crucial to
compare the accuracy and precision of CBPEM when using
each contact detection method to determine its effective-
ness across diverse materials. An initial experimental study
was conducted to examine the behavior of the sensors as the
gripper made contact with both of the studied objects: the
frame (Fig. 11) and the fixture (Fig. 12). Raw data from
both onboard sensors were collected in real-time while the
gripper approached the predefined contact points on the
assembly and system components. The data is presented
without conversion into their respective units, such as force
and capacitance. It can be observed that capacitance drop
upon the contact is similar for frame (Fig. 11) and fixture
(Fig. 12), however the change in detected force is gradual
for frame as gripper moves inwards (Fig. 11) toward the
frame while for fixture the change in detected force is
relatively instantaneous (Fig. 12).

3.2.1 Accuracy and precision study of contact detection
methods for CBPEM applied to the tripod frame

To evaluate the accuracy and precision of contact detection
methods for the tripod frame within the CBPEM
framework, a controlled study was carried out using both
load cell-based and capacitance-based contact detection
methods independently. In this study, an ideal stopping
point for the gripper upon contacting the frame was first
manually established using a high-precision deflection
gauge (.01mm); the coordinates at this stopping point were
treated as the ideal contact detection point.
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Table 1. Data from CBPEM for Solar cell. This Table shows the data for range —10 to 0 degrees of new orientation.

New orientation Real pose

Measured coordinates (mm):

Detected orientation Virtual representation

(degree) after pickup  (a, b) and (x, 2) and determined after determining the pose
orientation (degree)

0 a, b) 1.61
—0.254420429, —0.206583291) (Initial orientation)
X, 7)
—0.249393359, —0.206724793)

-10 a, b) Detected orientation
—0.254411668, —0.207850084) —8.59
X, 7) Determined orientation
—0.249386668, —0.207090452) —10.20

-9.5 (a, b) Detected orientation
(—0.254612327, —0.207803994) —8.08
(x, z) Determined orientation
(—0.24958615, —0.207089916) —9.70

-8 (a, b) Detected orientation
(—0.254316926, —0.2076184) —6.70
(%, z) Determined orientation
(—0.249289677, —0.207027689) —8.32

-5.5 (a, b) Detected orientation
(—0.254998326, —0.208045632) —4.63
(x, 2) Determined orientation
(—0.249972895, —0.2076381) —6.25

-2 a, b) Detected orientation

(

(—0.2
(x, 2)
(—0.2

—0.254923582, —0.206460282)

—0.249894217, —0.206415534)

—0.51
Determined orientation
—2.12

Each contact detection method underwent up to 100
test cycles, allowing for a comprehensive analysis of the
deviations between the actual stopping points and the ideal
stopping point across multiple trials. This data enabled a
comparison of the effectiveness of each method in achieving
consistent and accurate contact detection, providing
insights into which method offers greater reliability and
precision for CBPEM applications.

Figure 13 illustrates the graph depicting the relation-
ship between the ideal contact point and the detected
contact points over 100 repeated cycles when the force-
based contact detection method is used. This graph
provides a visual comparison of the deviations from the
ideal point, highlighting the consistency and variability of
the force-based method in detecting contact with the tripod
frame across multiple trials.
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Table 2. Data from CBPEM for Solar cell. This table shows the data for range 0 to 10 degrees of new orientation.

New orientation Real pose Measured coordinates (mm):  Detected orientation Virtual representation
(degree) after pickup  (a,b) and (x,2) and determined after determining the pose
orientation (degree)

0 a, b 2.99
(—0.25492546, —0.206648126) (Initial orientation)
(x, 7)
(—0.24989675, —0.206910759)

.5 a, b) Detected orientation
—0.254908442, —0.206648275) 3.54
X, Z) Determined orientation
—0.249876559, —0.206960171) .55

2 a, b) Detected orientation
—0.254622281, —0.206648111) 5.03
X, 2) Determined orientation
—0.249591723, —0.207091242) 2.04

4.5 a, b) Detected orientation
—0.253220022, —0.204876259) 7.78
X, 2) Determined orientation
—0.248189896, —0.20556353) 4.79

8 a, b) Detected orientation
—0.253517389, —0.204900652) 11.11
X, 7) Determined orientation
—0.248487324, —0.205888525) 8.12

10 (a, b) Detected orientation
(—0.25323087, —0.204276949) 13.75
(x, 2) Determined orientation
(—0.24820213, —0.205507845) 10.76

The accuracy of the process can be evaluated by where, n is total number of readings, 7 is index of
calculating the Mean Absolute Error (MAE) between the summation, z; measured value at ¢ index and ideal; is the
ideal and measured values. This is represented as follows: ideal value.

Substituting values gives MAE =.000603 m or .603 mm.
Thus, the accuracy of contact detection for frame using

1& .
MAE = ﬁ;'xl — ideal;| (2) force based contact detection is .603 mm.
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Fig. 13. Ideal and Actual contact points when contact is determined using force feedback, in meters. Position of contact point on the
axis parallel to the motion of gripper on vertical axis.

(a) Force based contact detection (b) Capacitance-based contact detection

Fig. 14. Contact detection visualization in digital twin.

The precision of the process is assessed using the where n is total number of readings, 7 is index of
Standard Deviation of the measured values [13]|. Standard summation, z; is measured value at 4 index and z is sample
deviation measures the consistency of the readings, indicat- mean of values.
ing how closely grouped the measurements are around
the mean. The standard deviation o is calculated as: == & (4)

n
(3) Using the measured values:
0=8.46x10""m or 0.085mm.
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Fig. 15. Ideal and Actual contact points when contact is determined using capacitance drop, in meters. Position of contact point on

the axis parallel to the motion of gripper on vertical axis.
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Fig. 16. Ideal and Actual contact points when contact is determined using force feedback in meters.

Thus, the precision of contact detection for frame using
force-based contact detection is 0.085 mm.

The digital twin was used to visualize the accuracy of
contact detection using real-time force data feedback
(Fig. 14). By overlaying the sensor feedback onto the
digital model, the system enabled a precise visualization of
the gripper tip’s interference with the frame edge. This
setup also illustrated the difference between the ideal
stopping marker and the actual stopping point, providing a
clear visual assessment of contact point accuracy.

Figure 15 shows the graph between ideal contact point
and detected points for 100 repeated cycles when the
contact point is detected using capacitance drop based
contact detection.

By calculating precision and accuracy values in a
similar manner as described, the precision for contact
detection of the frame’s edge using capacitance drop-
based contact detection was determined to be 0.0444 mm,
with an accuracy of 0.0949 mm. This accuracy value was
then visualized within the digital twin environment
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Fig. 17. Ideal and Actual contact points when contact is determined using capacitance in meters.

(Fig. 14), allowing for a detailed view of the contact
detection accuracy and its deviation from the ideal
contact point.

3.2.2 Accuracy and precision study for contact detection
methods for CBPEM for fixture assembly

To evaluate the accuracy and precision of contact detection
for the fixture’s contact surface (Figs. 1 and 3e), a
controlled study was conducted using both cell-based and
capacitance-based contact detection methods indepen-
dently. As in previous studies, an ideal stopping point for
the gripper upon contact with the fixture was manually
established wusing a high-precision deflection gauge
(.01 mm), with the coordinates at this point recorded as
the ideal contact detection location. Each contact detec-
tion method was tested over 100 cycles.

Figure 16 displays a graph that compares the ideal
contact point with the detected contact points over 100
repeated cycles when using force-based contact detection. In
this graph, the ideal contact point is represented as a
constant reference line, while the detected contact points
vary per cycle, illustrating the differences between the actual
and ideal stopping positions. This visualization provides
insight into the accuracy and repeatability of force-based
contact detection for the fixture’s contact surface.

Using the same method of calculation as in previous
analyses, the precision for contact detection of the fixture’s
contact surface with load cell-based detection was found to
be 0.096 mm, while the accuracy was determined to be
0.263 mm. Figure 17 presents a graph comparing the ideal
contact point with the detected contact points across 100
repeated cycles when using capacitance drop-based contact
detection. The ideal contact point is shown as a reference
line, with each cycle’s detected contact points plotted to
reveal the variation around this ideal.

Using the same method of calculation as in previous
analyses, the precision for contact detection of the fixture’s
contact surface with capacitance drop-based detection was
found to be 0.196 mm, while the accuracy was determined
to be 0.322mm. These values quantify the precision and
accuracy of the capacitance drop-based method in
detecting contact points on the fixture’s surface, indicating
the level of reliability and consistency of this detection
method.

3.2.3 Accuracy and precision study for pose detection
methods for CBPEM for tripod frame

The accuracy and precision study of contact detection for
the tripod frame offers important insights into the
effectiveness of CBPEM. However, it is essential to
evaluate how the accuracy and precision of contact
detection translate into the accuracy and precision of
the detected orientation. To address this, similar tests were
conducted to capture the pose of the tripod frame when
mounted on the hexapod.

For precision testing, the pose of the frame was
repeatedly checked under constant conditions, with no
external deviations applied. Contact was detected using
force data obtained from load cells (Fig. 18 and Tab. 3), the
findings from six instances of detected orientation are
included.

Similar data was recorded for the frame’s orientation
about all three axes using capacitance drop-based contact
detection (Fig. 19 and Tab. 4). It should be noted that for
the sake of conciseness, only six instances of each reading
have been presented. However, a more extensive study was
conducted, and the extended data demonstrated a
consistent trend with the instances included in this paper,
the findings presented are representative of the overall
study.
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Fig. 18. Orientation of frame about three axes in degrees determined by CBPEM using force-based contact detection, angles in

degrees on vertical axis, and instances on horizontal axis.

Based on the results, the calculated precision values for
CBPEM pose detection were as follows. For force-based
contact detection, the pose detection accuracy about the
X-axis was 0.007 degrees, about the Y-axis was 0.015
degrees, and about the Z-axis was 0.24 degrees. In
comparison, for capacitance drop-based contact detection,
the pose detection precision about the X-axis was 0.008
degrees, about the Y-axis was 0.013 degrees, and about the
Z-axis was 0.13 degrees.

For the accuracy test, similar to the load cell accuracy
test, known rotational deviations were deliberately intro-
duced to the frame along the Y axis by means of
PI-Hexapod, for conciseness of data the values about the
Y-axis are presented as this also includes the contact
detection along the most deformable edge of the frame
(Fig. 10). The pose was subsequently measured to
evaluate how effectively CBPEM could detect these
deviations. The results for CBPEM, utilizing both load
cell-based contact detection and capacitance drop-based
contact detection for the frame, are presented (Fig. 20 and
Tab. 5).

Using this data to calculate the accuracy of CBPEM for
both contact detection methods we get an accuracy of .446
degrees for contact detection with load cell and accuracy of
.24 degrees for contact detection with capacitance sensor.

3.2.4 Accuracy and precision study for pose detection
methods for CBPEM for fixture

To evaluate how the accuracy and precision of contact
detection translate into the accuracy and precision of the
detected orientation, similar tests were conducted to capture
the pose of the fixture when assembled on the hexapod. For
precision testing, the pose of the fixture was repeatedly
checked under constant conditions, with no external

deviations applied. Contact was detected using force data
obtained from load cells (Fig. 21 and Tab. 6), the findings
from six instances of detected orientation are included.

Similar data was recorded for the fixture’s orientation
about all three axes using capacitance drop-based contact
detection (Fig. 22 and Tab. 7).

For the accuracy test, known orientation deviations
were deliberately introduced to the frame, for conciseness
of data the values about the Y-axis are presented. The pose
was subsequently measured to evaluate how effectively
CBPEM could detect these deviations. The results for
CBPEM, utilizing both load cell-based contact detection
and capacitance drop-based contact detection for the
frame, are presented (Fig. 23 and Tab. 8).

Using this data to calculate the accuracy of CBPEM for
both contact detection method we get an accuracy of 0.347
degrees for contact detection with load cell and accuracy of
0.298 degrees for contact detection with capacitance sensor.

4 Discussion

This study assessed the effectiveness of the CBPEM for
achieving high-precision pose detection in robotic assembly
of small, complex components. CBPEM, particularly when
coupled with capacitance-based contact sensors, demon-
strated notable accuracy and repeatability in 6D pose
detection for components such as solar cells and tripod
frames. By addressing spatial deviations and geometric
inaccuracies, CBPEM supports the critical requirement of
sub-millimeter alignment between physical components
and their digital representations in digital twin frame-
works. A focal point of the investigation was evaluating the
performance of two widely used sensor types — capacitive
touch sensors and strain-gauge-based load cells — essential
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Table 3. Orientation of frame about three axes in degrees determined by CBPEM using force-based contact detection.

Pose about X axis (degree) Pose about Y axis (degree) Pose about Z axis (degree)
1.55 2.96 2.43
1.56 2.95 2.70
1.57 2.92 2.18
1.55 2.94 2.59
1.56 2.92 2.97
1.55 2.96 2.60
3.5
3
2
1
0.5
0
1 2 3 4 5 6 7 8 9 10
==@==X axis ==@== Y axis Z axis

Fig. 19. Orientation of frame about three axes in degrees determined by CBPEM using capacitance drop based contact detection,
angles in degrees on vertical axis, and instances on horizontal axis.

Table 4. Orientation of frame about 3 axis in degrees determined by CBPEM using capacitance-based contact
detection.

Pose about X axis (degree) Pose about Y axis (degree) Pose about Z axis (degree)
1.57 2.42 2.52
1.58 2.40 2.69
1.58 2.40 2.70
1.56 2.40 2.84
1.56 2.43 2.89
1.55 2.42 2.99
1.55 2.43 2.78
1.58 2.43 2.84
1.56 2.44 2.98

1.57 2.40 2.91
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Fig. 20. Comparison between the induced rotational deviation and the deviation determined by CBPEM during two independent

tests. In one test, pose detection was performed using force-based contact detection, while in the other, capacitance drop-based contact
detection was employed. Angles in degrees on vertical axis.

Table 5. Data from accuracy test of CBPEM for frame.

Deviation in frame Measured angle using Measured angle using Measured deflection Measure deflection using
angle (degree) load cell (degree) capacitance (degree) using load cell (degree) capacitance (degree)
0 -2.94 -2.05 0 0
-0.5 -3.27 -2.92 -0.33 -0.87
-1 -3.52 -3.22 —0.58 -1.17
-2 —4.61 —4.28 -1.67 —2.22
0.35 5.6
0.3 55
0.25 5.4
0.2 5.3
5:2
0.15 51
0.1 .
0.05 4.9
0 4.8

1 2 3 4 5 6 7 8 9 10

e=@ue X QXIS ==@== 7 aXis e=@== Y axis

Fig. 21. Orientation of fixture about three axes in degrees determined by CBPEM using force based contact detection, angles in
degrees for X and Z axis on left vertical axis with Y axis pose in degrees on right vertical axis, and instances on horizontal axis.
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Table 6. Orientation of fixture about three axes in degrees determined by CBPEM using force based contact detection.

Pose about X axis (degree) Pose about Y axis (degree) Pose about Z axis (degree)
0.05 5.34 0.29
0.20 5.51 0.27
0.13 5.24 0.24
0.29 5.08 0.24
0.01 5.30 0.27
0.27 5.26 0.27
0.12 5.52 0.24
0.31 5.20 0.29
0.01 5.32 0.24
0.12 5.05 0.24
0.4 5.7
0.35
5.6
0.3
55
0.25
0.2 5.4
0.15
5.3
0.1
5.2
0.05
0 5.1
1 2 3 4 5 6 7 8 9 10
=@==X axis Z axis e=@== Y axis

Fig. 22. Orientation of fixture about three axes in degrees determined by CBPEM using capacitance drop-based contact detection,
angles in degrees for X- and Z- axis on left vertical axis with Y-axis pose in degrees on right vertical axis, and instances on horizontal
axis.

Table 7. Orientation of fixture about three axes in degrees determined by CBPEM using capacitance-based contact
detection.

Pose about X-axis (degree) Pose about Y axis (degree) Pose about Z axis (degree)
0.17 5.41 0.29
0.16 5.33 0.21
0.04 5.50 0.24
0.06 5.35 0.17
0.11 5.37 0.33
0.17 5.62 0.31
0.10 5.41 0.36
0.04 5.36 0.08
0.22 5.39 0.27

0.06 5.28 0.12
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Table 8. Data from accuracy test of CBPEM for frame.

Deviation in fixture Measured angle using Measured angle using Measured deflection
capacitance (degree)

angle (degree) load cell (degree)

Measure deflection using

using load cell (degree) capacitance (degree)

0 0.34 0.19
0.5 0.62 0.62
1 1.38 1.24
2 2.48 2.14
5 5.17 5.34

0 0

0.27 0.43
1.04 1.05
2.14 1.94
4.82 5.14

Table 9. Precision and accuracy study for both sensor types for position detection of tripod frame.

Contact detection method

Precision (mm) Accuracy (mm)

Capacitance-based contact detection
Load cell-based contact detection

0.044
0.085

0.0949
0.603

for accurate contact detection between the robotic gripper
and component surfaces. Since contact detection underpins
CBPEM’s position detection effectiveness, both the
precision and accuracy of these sensors were assessed on
two different component surfaces: the flexible edge of the
tripod frame (Tab. 9) and the rigid, 3D-printed contact
surface of the fixture (Tab. 10).

For the flexible tripod frame, capacitance-based
contact detection achieved a precision of 0.044mm and
accuracy of 0.0949mm, outperforming load-cell-based
detection, which showed a lower precision of 0.085 mm
and a higher error of 0.603mm (Tab. 9). These
results suggest that capacitance sensors, due to their
high sensitivity to contact detection, are especially well-
suited for applications where flexibility or deformation
in components may otherwise affect detection
accuracy. The load cell, while reliable for force
measurement, showed limitations with flexible compo-
nents, likely due to slight deformations induced during
contact.

For the rigid fixture surface, load cell-based contact
detection showed slightly higher precision (0.096 mm)
compared to capacitance-based detection (0.196 mm),
although capacitance-based detection still provided
competitive accuracy of 0.322mm vs. 0.263 mm for load
cell detection (Tab. 10). The minimal difference in
performance on rigid surfaces suggests that load cells
remain a viable option for components with stable,
inflexible geometries. However, the high accuracy
observed with capacitance-based detection on both surfaces
highlights the potential of this method to provide reliable
contact data across a broader range of material properties
and configurations, where precision is paramount for
alignment within digital twin systems. These findings
emphasize CBPEM’s adaptability across varying compo-
nent types, where high-precision contact detection enables
accurate real-time pose adjustments in robotic assembly
systems. The advantages of capacitance-based detection,
particularly for flexible or deformable materials, suggest

future applications where hybrid or sensor-specific config-
urations could further optimize pose estimation. Moreover,
the ability of capacitance sensors to handle subtle contact
with high sensitivity provides a promising avenue for
enhancing robotic tactile perception for pose detection
in settings where maintaining sub-millimeter precision is
essential. This study expanded on the CBPEM by
evaluating the 6D pose detection accuracy for
components like the tripod frame and fixture. While
position accuracy along the three axes is directly inferred
from the contact detection accuracy, orientation
detection requires multiple contact points along different
axes and surfaces. This added complexity results in
orientation detection accuracy and precision being
significantly different from position accuracy and preci-
sion, necessitating a separate analysis of orientation
performance.

For the tripod frame, the precision of CBPEM when
using capacitance-based contact detection about the
three axes was as follows: 0.008 degrees about the X-axis,
0.013 degrees about the Y-axis, and 0.13 degrees about the
Z-axis. The orientation accuracy about the Y-axis was
0.24mm (Tab. 11). In comparison, using load cell-based
contact detection provided similar precision for the X-axis
(0.007 degrees), Y-axis (0.015 degrees) and slightly lower
on Z axis (0.24 degrees), but the orientation accuracy about
the Y-axis was lower at 0.446 mm. These results suggest
that, while both sensor types show comparable precision in
detecting orientations, the capacitive-based system pro-
vides more consistent results across all axes, making it
particularly suitable for scenarios requiring fine orienta-
tional adjustments. Furthermore, the lower orientation
accuracy with the load cell, especially about the Y-axis,
highlights the potential challenges posed by flexible or
deformable components, where slight surface deformations
may affect the performance of force-based detection
systems. For the fixture, the capacitance-based contact
detection yielded orientation precisions of 0.063, 0.096, and
0.092 degrees about the X, Y, and Z axes, respectively, with
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Fig. 23. Comparison between the induced orientation deviation and the deviation determined by CBPEM during two independent
tests. In one test, pose detection was performed using force-based contact detection, while in the other, capacitance drop-based contact

detection was employed. Angles are in degrees on vertical axis.

Table 10. Precision and accuracy study for both sensor types for position detection of fixture.

Contact detection method

Precision (mm) Accuracy (mm)

Capacitance-based contact detection
Load cell-based contact detection

0.196
0.096

0.322
0.263

Table 11. Precision and accuracy study for both sensor types for 3D orientation detection of tripod frame.

Contact detection method

Precision about 3 axes (degree)

Accuracy about Y axis (degree)

Capacitance-based contact detection

About X axis — .008

0.240

About Y axis — .013
About Z axis — .130

Load cell-based contact detection

About X axis — .007

0.446

About Y axis — .015
About Z axis — .240

an orientation accuracy of 0.298 mm about the Y-axis
(Tab. 12). The load cell-based detection, in contrast,
showed less precision about the X and Y axes (0.111 and
0.155 degrees, respectively), but slightly higher about the
Z-axis with an orientation precision of 0.022 degrees, and
an orientation accuracy of 0.347 mm. For rigid objects the
accuracy and precision of pose detection is quite compara-
ble for both the sensors. However, the capacitance sensor’s
consistent accuracy across the rotational axes (X, Y, and Z)
suggests that it may be better suited for applications
requiring uniform precision across multiple directions,

particularly when the components involved have more
complex geometries or materials that respond better to
capacitive touch detection.

When assessing the accuracy of orientation detection
for the tripod frame (Fig. 18 and Tab. 5), the measured
deflection values obtained from CBPEM using the load cell
exhibited a slight lag compared to the actual induced
deflection in the frame. In contrast, the measured deflection
values from the capacitance-based CBPEM were consis-
tently slightly higher than the actual induced deflections.
This difference suggests that each sensor introduces a
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Table 12. Precision and accuracy study for both sensor types for 3D orientation detection of fixture.

Contact detection method

Precision about 3 axes (degree)

Accuracy about Y axis (degree)

Capacitance-based contact detection

About X axis — .063

0.298

About Y axis — .096
About Z axis — .092

Load cell-based contact detection

About X axis — .111

0.347

About Y axis — .155
About Z axis — .022

distinct bias—load cells lag slightly behind actual
movement, while capacitance sensors tend to overshoot.
Consequently, utilizing both sensors simultaneously could
offer a balanced solution, where their respective biases
might offset each other. Implementing an averaging
algorithm, such as a Kalman filter or Exponential Moving
Average (EMA), could capitalize on the strengths of each
sensor and reduce individual sensor biases, potentially
enhancing pose detection accuracy beyond what each
sensor could achieve independently. A Kalman filter, for
example, could effectively combine the measurements from
both sensors by weighting each based on its estimated
variance, thereby smoothing out sensor-specific biases and
improving the overall estimate of the pose. Alternatively,
an Exponential Moving Average (EMA) could be used to
give more weight to recent measurements, allowing for
adaptive adjustments to changes in deflection readings
while reducing lag or overshoot effects. By applying such
algorithms, the combined sensor data could offer higher
accuracy and reliability in tracking the orientation,
aligning CBPEM’s measurements more closely with real-
time deflections.

This study explored the performance of CBPEM for
achieving high-precision pose detection in robotic assem-
bly, demonstrating its strengths in position and oritation
accuracy. When comparing CBPEM to conventional pose
detection methods, such as laser or computer vision
(CV)-based point cloud acquisition, which typically
achieve a position accuracy of around 2.5mm and an
orientation accuracy of approximately 0.4 degrees [11],
CBPEM offers a compelling alternative. Our findings
show that CBPEM can achieve position accuracy as high
as 0.05 mm and orientation accuracy close to 0.4 degrees,
making it a competitive option for precision assembly
applications. Unlike laser or CV-based methods, CBPEM
is not affected by challenging optical properties of small
or intricate objects, nor is it susceptible to occlusion
issues that frequently limit the effectiveness of optical-
based systems. This renders CBPEM particularly
advantageous for handling transparent, reflective, or
occluded parts where point cloud acquisition methods
may struggle.

Despite these benefits, CBPEM does have certain
limitations. One critical drawback is its slower pose
detection speed compared to CV or laser-based methods,

as CBPEM requires the robot to physically move to each
contact point to collect data. This stepwise acquisition
process can be time-consuming, especially for components
requiring multiple contact points to determine a complete
6D pose. Additionally, CBPEM’s precision and accuracy
are highly dependent on the mechanical precision of the
robotic system itself, including the tolerances in compo-
nents like the gripper. These dependencies mean that
inaccuracies in the robot’s movements or slight dimensional
variations in the gripper can reduce the overall effectiveness
of CBPEM. Furthermore, CBPEM may face challenges with
components that have complex geometrical shapes or highly
deformable surfaces. The method assumes rigid, well-defined
contact points for accurate pose estimation, so intricate or
flexible structures could introduce significant variance in
contact detection, thereby reducing accuracy. Future
enhancements to CBPEM could address these issues by
integrating adaptive algorithms or supplemental sensor
feedback that could reduce dependency on mechanical
precision alone.

5 Conclusions

Thisstudy introduced and evaluated the Contact-Based Pose
Estimation Method (CBPEM) for high-precision robotic
assembly, particularly within digital twin frameworks.
Experimental results demonstrated that CBPEM achieved
position accuracies of 0.05mm and orientation accuracies
of approximately 0.4 degrees, making it a viable alternative
to traditional optical-based pose detection methods.
Comparative analysis of contact detection methods
revealed that capacitance-based detection outperformed
load cell-based detection in terms of precision and
accuracy, especially for flexible components like the tripod
frame. Capacitance sensors achieved a precision of
0.044mm and an accuracy of 0.0949 mm, while load cell
sensors exhibited higher error, particularly with deform-
able surfaces. Conversely, for rigid surfaces like the fixture,
both methods performed comparably, with capacitance
detection providing slightly better overall consistency.
For orientation estimation, capacitance sensors dem-
onstrated higher accuracy along all three axes, achieving
0.24 degrees accuracy for the tripod frame and 0.298
degrees for the fixture. Load cell-based detection, while
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effective, exhibited a greater deviation from actual induced
errors, highlighting potential limitations when dealing with
deformable components.

Ultimately, CBPEM provides a highly accurate and
adaptable solution for precision pose estimation, particularly
in scenarios where optical methods struggle with occlusion,
reflective surfaces, or complex component geometries.
Despite these advantages, CBPEM’s reliance on sequential
contact detection results in slower pose determination speeds
compared to laser or computer vision-based methods.
Additionally, accuracy is dependent on the mechanical
precision of robotic components and may be affected by
complex geometries or highly deformable materials.

Future research should focus on hybrid sensor integra-
tion, leveraging both capacitance and load cell sensors with
Kalman filtering or other adaptive algorithms to optimize
pose estimation accuracy. Additionally, improving detec-
tion speed through optimized robotic movement strategies
could enhance CBPEM’s applicability in industrial robotic
assembly settings.

The integration of digital twin of the smart assembly
systems and the digital twin of precision manufacturing
process [21] also deserves investigation. Further develop-
ment in sensor fusion and digital twin integration could
position CBPEM as a robust standard for next-generation
smart assembly processes.
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