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Abstract— With the advancement of industrial manufactur-
ing and an increase in introduction of robots in the workspace,
the need of safe operation, communication and information
sharing is paramount. The work presented here focuses on
cyber-physical system integration through Digital Twin (DT)
technology. Our novel DT architecture is based on a model-
free Neuro-Adaptive controller (NAC), and an edge-computing
scheme for scene monitoring. The NAC can account for varying
robot dynamics in both real and virtual environments, and
allows for the DT system to expand the realm of cyber-
physical integration without expensive model tuning. The edge-
computing device introduced in our architecture, observes the
robot’s workspace from a distance with a wider field of view.
This wide viewpoint, enhances the detection and mitigation of
any obstacles entering the robot’s workspace during operation.
We experimentally evaluated the performance of our proposed
architecture by introducing dynamic obstacles during a pick-
and-place task that both the physical robot and its digital twin
had to avoid. Results show that the proposed DT architecture
successfully integrates the novel controller and edge-computing
elements and successfully performs the given navigation task.
The results also show that NAC outperforms a PD controller
with more than 70% improvement in joint tracking error
between the physical and virtual robots. It was observed that the
latency experienced while using NAC is about 48% lower than
when Proportional-Derivative (PD) controller was operational.

Index Terms— Industry 5.0, Digital Twin, Edge-Computing,
Neuro-Adaptive Controller (NAC), Smart Manufacturing, Sim-
ulation, Robot Operating System (ROS)

[. INTRODUCTION

Industrial robots are a common element in manufacturing,
and their use is on the rise. With advancement in automation
and introduction of new sensors, collaborative robots are now
capable of sharing the workspace with humans [1] [2]. In
order to “work from home”, for example during pandemics,
end-users should be able to operate robots remotely in a safe
manner. There have been many past studies that explored
the control architecture to enable tele-robotic operation [3]—
[S5]. Architectures based on Digital Twins (DT) [6] have
been proposed to allow the users to remotely monitor and
control such systems for safety-critical operations. Further-
more, the Industry 4.0 road-map highlights the need for
such cyber-physical systems in the modern manufacturing
environments [7].
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While DTs have existed for quite a while, with the rise
of Industry 4.0 they have seen renewed interest in their
use in the context of remote tele-operation [8], [9]. With
the progressive strides taken in the field of smart sensors,
Internet-of-Things (IoT), communication devices, computing
capabilities, the practicality of implementation of near-real
time DTs has now become possible. One of the distinguished
elements of modern DT systems is the capability to provide
a realistic experience for the user to interact with the real-
world objects in a virtual world [6], [10].

Recently, DT systems have been proposed for monitoring,
optimization, product performance assessment, remote op-
eration of systems and troubleshooting any issues [6], [11].
With a DT system in place, the industry can benefit from the
detailed insights on the machine health conditions and needs,
thereby fostering competitiveness, productivity and efficiency
[12], [13]. One of the challenges to adopt DT systems
is to validate and match virtual models with real-world
physical implementation [11]. Zhou et. al. argues that a DT
system that includes the robot dynamics, can provide a more
realistic experience during the remote operation [14]. Most
past research in DT systems with robotic manipulators [15]—
[25], with various task models ranging from path planning
to welding, have concentrated on the kinematic model of the
manipulator rather than its dynamic behavior [14].

The objective of our work, is to also include robot dynam-
ics in the virtual environment. In this paper we propose an
efficient collaborative DT system for a robot manipulator,
which performs pick-and-place tasks that are frequently
used in factory floors. During the pick-and-place tasks, the
robot can experience a range of dynamic forces, induced
by the robot’s motion, namely acceleration and deceleration,
as well as contact with the environment. A proportional-
integral-derivative (PID) controller is a common solution
to accomplish trajectory tracking or force control, with the
caveat that the PID’s parameters need to be tuned before
operation. Also, often with changes in dynamic parameters of
the manipulator, such as a heavy payload, the PID parameters
need to be re-tuned. Additionally, the controller parameters
need to be tuned for the physical robot, however, since the
same PID parameters may not fit the virtual robot, gains must
be separately tuned for both the real and virtual robots.

To avoid the disadvantage of controller tuning in context
of DT, our work employs a model-free Neuro-Adaptive Con-
troller (NAC) for consistent, autonomous and synchronous
control of both physical and virtual robots. Our previous
research [26]-[30] showed that NAC can adapt to the varying
dynamics of any robotic system, without the need for pre-
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Fig. 1: Architecture Components of Collaborative Digital Twin Framework of a Robotic Manipulator

training, that it works on-line, and that it has robust behavior.
Therefore, the use of NAC in a DT system mitigates the need
for parameter tuning on both the real robot and the virtual
avatar alike.

Another aspect of our proposed work is the use of edge
computing [31] to monitor the work area of a robot to
provide timely feedback on the target object and dynamic
obstacle information. Previous works on edge computing are
mainly focused on the optimization and resource allocation
for energy efficiency in a mobile platform [32]-[35]. One
of the research work presented by Qi et. al., discusses a
framework for the integration of edge computing in a smart
manufacturing workspace on an individual system level,
that includes individual edge configuration to pass on the
information to a cloud space for further processing [36], [37].
By contrast, our research focuses on using edge computing
at a local level to the robotic site for continuously monitoring
the scene of robot operation with low latency.

In this paper we propose a novel DT architecture for
industrial robot manipulators. The novel contributions of our
research can be enumerated as follows:

¢ A Model-free neuro-adaptive controller (NAC) in digital
twin architecture to account for robot dynamics in
both physical and virtual robot, in parallel during their
operations.

o Edge-informed obstacle monitoring at the workspace of
the robot for uncertainty-aware safe operation.

« Validation and performance evaluation of the DT system
with real-world implementation and experiments.

o The performance of NAC was compared with a tuned
PD controller in the proposed architecture, which shows
a 71.5% improvement in trajectory tracking error, 57%
improvement in position tracking error and 48.8% im-
provement in latency.

This paper is organized as follows: section II describes the
proposed DT architecture which includes all the components
of physical and virtual counterparts of the DT, Section III
presents the sensor-equipped scene monitoring on edge-
computing and the dynamic control algorithm with NAC.
In section IV the experiment setup and the data collection
process is presented. In the end, we conclude with discus-
sions of our results, and future applications of the presented
work in section V.

II. COLLABORATIVE DIGITAL TWIN FRAMEWORK

The DT architecture is illustrated in Fig. 1, and focuses on
safe operation of a robotic manipulator in a manufacturing
workspace by real-time collaboration between the physical
robot and its digital twin. In an industrial environment, it is
important that the robot operates safely while being able to
share the workspace with a human user. Additionally, there
can be other dynamic uncertainties as well. This is where
the edge-computing element comes into action to monitor
and provide feedback to the robot controller. This is further
discussed in section III-A.

The architecture makes use of Robot Operating System
or ROS [38], [39] and Gazebo simulation environment [40]
to create the DT. Gazebo utilizes Simulation Description
Format (SDF) files to generate simulation models for robots
and their surrounding environment. The SDF file contains
the dynamics information necessary to simulate the robot’s
behavior. Previous work on DT have focused on using
Unity3D visualizer for the purposes of creating the twin
visualization [41], [42]. Some researchers have also pre-
sented work using ROS architecture which utilizes Gazebo
as simulation platform [43], [44]. In one of the mentioned
works, Rassolkin discusses the use of simulation controllers
based on simulation feedback, but have also stated that the
largest factor in DT controllers is the latency between the
DT and the twinned system” [42]. The proposed architecture
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introduces individual controller for the physical and the vir-
tual robot system separately to mitigate any latency as well as
account for any deviation in the simulation model’s dynamics
from the physical robot. Also included is a bi-directional
communication channel between the two systems to ensure
synchronization. The controller used in the proposed work
is further discussed in section III-B.

One of the key aspects of the proposed work is to ensure
safe operation of a robotic system through scene monitoring
and trajectory re-planning if necessary to avoid any given
obstacle. We utilize the OpenRAVE library to plan and
generate trajectories for any given task model [45]. It uses
a Digital Asset Exchange (DAE) file which is generated
from the Unified Robotics Description Format (URDF) file
of the robot. The URDF file, like the SDF file contains the
kinematic and dynamic information about the robot. Through
the DAE file, the OpenRAVE node (as illustrated in Fig. 1) is
able to generate the joint angles, through inverse kinematics
calculation, that the robot should achieve in order to reach
a given point in space. The node outputs these sets of joint
angles pertaining to the trajectory path that the robot should
follow. These joint angles are then fed to the controller to
control the robot in physical and virtual space.

In order to integrate all the components of the DT architec-
ture, a supervisory node called the “digital twin controller” is
introduced (Fig. 1). The role of the supervisory node includes
creating a bi-directional communication channel between
the physical and virtual robot, monitoring any deviation in
execution of trajectory in physical and virtual space, properly
disseminating the data received from the edge-computing
device to initiate any re-planning if necessary, and raise
alarm in case any issue is encountered. The supervisory node
includes a state-machine based algorithm as well to facilitate
the pick-and-place task. The processes handled in each cycle
of the node is detailed in Algorithm 1.

III. EDGE-ASSISTED DYNAMIC ADAPTIVE CONTROL

Two major challenges in the framework proposed in the
previous sections are - (i) how accurately and timely the
dynamics of the robot and also its surrounding environmental
uncertainties are processed, and (ii) how accurately, smoothly
and synchronously we can control the physical robot and
its virtual counterpart. To address the aforementioned chal-
lenges, the following subsections discuss the two key com-
ponents of our proposed work, namely the edge-computing
process and the NAC.

A. Edge-Computing based Scene Monitoring

Contrary to cloud computing, where all the data needs to
be sent over the communication network, edge computing
locally computes sensed information at the robot site, and
sends the processed data, which is much smaller in size,
to the remote DT. As a result edge computing can help
in minimizing communication delays in exchange of sensor
information and analytics. Our edge-computing device has
a camera which is pointed at the robot’s workspace and
upon detection of any obstacle which might be in the robot’s

trajectory path, their location with respect to the robot are
passed on through the network for recalculation of arm
trajectory. Use of an external camera, further broadens the
viewpoint of a robot’s workspace, which we have previously
explored [46], [47]. Use of such an external system requires
an accurate knowledge of the camera’s pose with respect
to the robot, in order to calculate the pose of any given
object/obstacle in the robot’s workspace accurately.

Algorithm 1 Algorithm for Supervisory node in the DT
Architecture

1: procedure SUPERVISOR_NODE

2 Initialize System Components

3 User initiates pick-and-place command
4 while Not_ShutDown do > Loop until shutdown
5: Get joint states of virtual and real robot ¢,,q,
6
7
8
9

if g, —qr > ||ep|| then > ¢ is the error bound
Raise error signal
Wait for user intervention.

end if

10: Receive obstacle data from edge-computing de-
ViCE Xops, YobssZobs

11: Receive object data from edge-computing device
XobjsYobjsZobj

12: Send  Xops, YobssZops and XobjsYobjsZobj data to
OpenRAVE node and Gazebo

13: Request OpenRAVE node for Trajectory data g,

14: qd as inPUt to NACqimutation and NAC,po

15: end while

16: end procedure

The work presented here dives into the use of such a
system where the edge computing device integrated in the
proposed algorithm is responsible for continuous monitoring
of the workspace. The system consists of an RGB-D camera
pointed at the robot’s workspace and a computing device
connected to the communication network infrastructure. The
role of this system is to offload the processing requirements
to detect any unforeseen obstacles in the robot’s pathway and
communicate the same to the supervisory control node.

During the initialization stage, the pose gf the robot with
respect to the camera, denoted as 5,? = [07 2

R
We use <§,§ to generate the homogeneous transformation

matrix, Tcg, to be used for calculating the pose of any
detected obstacle in the robot’s frame of reference. Therefore,
when an obstacle is detected, we also get its pose, ég =

, is calibrated.

C
(f)) cQ) with respect to the camera. From the obstacle’s pose
0

we can generate the homogeneous transformation matrix as:

c C
Teo = [ to ”10} ()
where €Rp € SO(3), represents the rotation matrix derived
from the orientation vector 0§ and is a 3 x 3 matrix. p§
represents the cartesian position of the obstacle w.r.t. the
camera. Note that we have Ty from the calibration phase
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already. Therefore, the pose calculation of the obstacle with
respect to the robot can be calculated as follows:

Tro = Trc - Tco (2)
where,
Cp—1 Cp—1 C
_ R —“R," -
Tee=Teg =| & P R] . 3)

Fig. 2 illustrates the process of obstacle detection and pose
calculations.
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Edge device
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Digital Twin Transformation in
GAZEBO Simulator

Obstacle detection

Fig. 2: External Scene Monitoring and Obstacle Detection
Process through Edge Computing

In order to accurately detect an obstacle’s position w.r.t.
the camera, we employ the pin-hole camera model calcula-
tions [46], leveraging the fact that we have the depth data
from our RGB-D camera. After detection the pixel index,
{Pex; Pey}, referring to the center of the detected obstacle is
extracted. Along with it, we also get the depth data, {d,,}, at
that image pixel location. The horizontal and vertical focal
length, p, and p,, of the camera, horizontal and vertical field
of view, ;, and u,, and the image height and width, i, and
iy, are constant quantities pertaining to the camera. With
this information, we calculate the position of the obstacle as
follows:

Iy
= — 4
Ph 2 . tan % ( )
ip
= — 5
Py 2-tank )
e day
g = Pex xy (6)
Ph
Pey - dxy
=— @)
y o
= dxy (8)

where, p;, and p, are the horizontal and vertical focal
length and {x,y,z} are the co-ordinates of the obstacle’s
position in meters.

B. Neuro-Adaptive Controller (NAC)

The Neuro-Adaptive Controller (NAC) has been explored
in our previous works [26]-[28], where its capabilities of
controlling a robotic manipulator has been demonstrated. In
this section, we go over some of the critical formulations that
will be used in the proposed DT system. For detailed proofs

s l?r, qr

Fig. 3: Neuro-Adaptive Controller Structure for On-Line
Dynamic Control of Robot System

and analysis of NAC, we direct the reader to our previous
work and the work by Lewis [48].

The robot dynamic equation of a manipulator can be
described as:

(q)§+P(q,9)4+Y(q) + T =7, C)
where, I1, ® and Y represent the mass matrix, Coriolis
and gravity term respectively. ¢g,4 and § are the vectors
containing the n-joint angles, velocities and accelerations.
7, and T are the disturbance to the system and the control
torque respectively. With a given desired joint angle vector
qq and a feedback joint angle vector ¢,, the error e becomes
e = g4 — qr. Using this, a sliding mode error, s, is defined
as s =é+7y-e. Where, 7, is a system parameter which is
a symmetric positive definite matrix. Using the error and
sliding mode error, the error dynamics of the system from
Eq. 9 becomes:

[(q)s = —®(q,9)s+g(0) + 1 —7 (10)

where the term g(o) is described as:

8(0) =TI(q)(Ga +7-¢) +P(q,(4))(da+7v-€)+X(q) (11)

By using Eq. 10 and Eq. 11, a control torque can be
defined as below to control the system:

t=38(0)+A-s—x (12)

where, A represents the gain matrix and y is a robustifying
term. ¢(o) is an estimation of g(o), which is done by using
a neural network. Given an input vector, o, the output of the
neural network can be written as:

g(o)=a’-A(BT o) +e (13)
where, oo and f are the weights of the neural network and
A is the activation function of the hidden layer. ¢ is the
input vector which contains [e”,é”,q4,d4,Gq4]. The neural
network does not require any pre-training and has unique
weight update laws that ensures that the system is stable

through a Lyapunov proof. These formulations are detailed
in [26], [48], [49]. The NAC structure is illustrated in Fig. 3.

IV. EXPERIMENTS AND RESULTS

To validate the proposed DT architecture proposed in
this paper, a testbed with a 7-DOF robotic manipulator was
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utilized. The integration of NAC and edge-computing based
scene monitoring was tested and validated against a tuned PD
controller. This section elaborates the methods employed and
metrics used to conduct experiments and analyze results.

A. Experiment Setup

For our experiment setup, we used the Panda robotic
manipulator from the Franka Emika®. It is a 7-DOF ma-
nipulator arm with 2-fingered gripper capable of lifting a
payload of up to 3kg. The SDF file of the robot, available in
the public domain, was used to simulate the dynamics of the
robot in Gazebo. Robot Operating System (ROS) was used
for all programming development purposes. Fig. 4 illustrates
the setup for testing purposes.

The Jetson TX2 from the Nvidia®was used as a edge-
computing device. It was connected to the DT architecture
through wireless communication channel. A Intel®Realsense
d435 RGB-D camera that provides the RGB based color
images and a depth image as well, was used for the scene
monitoring task. The camera was mounted on a tripod and
connected to the TX2 computing device to calculate the rel-
ative positions of all the obstacles detected in the scene with
respect to the robot’s frame of reference. OpenCV and ArUco
[50] library were used for camera calibration and obstacle
pose detection. All the data from the Edge-computing device
was forwarded to the DT Control Supervisor node for making
dynamic decisions.

The DT Control Supervisor node resides in a remote PC
system that controls both the Gazebo twin model as well as
the physical robot. It passes on the edge-forwarded obstacle
information to the virtual environment for rendering purposes

! D\

Task Model
Edge-Computing

Robot Information Robot Information

ROS™
[ X N J
a@ &

(VAR —
& RAVE

\-— , L

R

Fig. 4: Experiment setup for DT architecture with 7-DOF
robotic manipulator and Edge-computing Device

Obstacle Information

DT Control Supervisor

and keeps track of the robot and its twin’s trajectory to ensure
no collision occurs. It uses the NAC controller to command
both the virtual and real robots to follow a planned trajectory.

The NAC for the DT was designed and deployed as
a ROS Control [51] plugin for the robot and its avatar.
With this structure, both the physical and the virtual robots
have their individual NAC plugin running to control them.
A tuned Proportional-Derivative (PD) controller was used
as a baseline to compare the NAC’s trajectory tracking
performance.

TABLE I: MAE for Joint and Position Tracking

Joint Tracking Error (rad)
qo0 qi qQ q3
MAE 0.0035 | 0.0026 | 0.0022 | 0.0026
94 qs 96
0.0262 | 0.0076 | 0.0097
Cartesian Tracking Error (m)
X Y Z
MAE 0.0028 | 0.0133 | 0.0030

Before conducting the experiments, we calibrated the pose
of the camera w.r.t. the robot through the use of ArUco
marker and obtained our Tpc as described in Eq. 3. After
calibration, the DT system was commanded with a trajectory
goal and both the physical and virtual robot’s joint positions
and their end-effector’s Cartesian positions were tracked for
performance evaluation. The latency between the physical
and virtual robot was also evaluated as a performance metric.
Obstacles were also introduced in the robot’s workspace to
evaluate the performance of the DT system.

B. Results

Fig. 5 shows the comprehensive results obtained during the
experiments and illustrates the robustness of the proposed
architecture. Fig. 5a and 5d show the joint values of the
virtual and physical robots during trajectory tracking task. It
can be observed that the DT system was able to follow the
trajectories while maintaining a high level of synchronization
between them.

Fig. 5b, 5e and Fig. 5c, 5f illustrate the difference in
performance when no obstacle is encountered vs when an
obstacle is introduced to the system respectively. We observe
that the motion in Y-axis experienced some disturbances in
case of the obstacle. But when we quantify these results
we see that the overall Mean Absolute Error (MAE) in
tracking between the physical and virtual robot was as high
as 0.009rad for the joints, as well as 0.009m for Cartesian
position. These results are tabulated in Table I. It can be
observed that our DT system was able to keep both the
virtual and physical robot in sync for a seamless experience.
The overall average latency between the virtual and physical
system was calculated to be 19.348 ms.

When the DT system was compared with a tuned PD
controller, it was observed that there was a combined overall
improvement of 71.495% in the joint tracking and 57.06%
in position tracking. The results of the experiment are

12320



s i _Physical Robot | [ Virtual Robiot Physical Robot | [ Virtual Robot Physical Robot |
oS / \ f \
% §u% ( \ [ Y— /”} ﬁ ‘
48] \_/ N L \ / i e ]
W0 1000 100 2000 2500 3000 3500 4000 4500
W0 1000 1200 1400 1600 1800 2000
—— — C 150 2000 2500
_ \ / S R e
: e = ]
%o om  Tm w0 mm w00 S R G e T — — 31
7 T e -
S / /- % \‘\, Y —————————— {
. |
00 00 50 2000 2500 3000 300 4000 4500 R e e - e =
\
o bs Vil i2 NN i N
|9
W0 000 100 2000 200 300 300 4000 4500 50 0 0 i i o e - — o
4 L A\ /\f ]
W0 00 100 2000 2500 3000 3500 4000 4500 e T e e ezt = — o
2 N /N ) e ﬁ/\\ T T ' 3
15 e \ / \ [ S
: ko \
W0 1000 100 2000 200 3000 300 4000 4500 R . = e oo
K e .
[ \ — \
%\, / \__/ . 7 S
W0 000 00 2000 200 300 300 4000 4500 W0 1000 1200 1400 1600 1800 2000 000 1500 2000 2500
Movement Steps Movement Steps Movement Steps

(a) Trajectory tracking - Joint

(b) Joint tracking without obstacle

(c) Joint tracking with obstacle

Virtual Robot Physical Robot | [ Virtual Robot —— Physical Robot | [ Virtual Robot Physical Robot ]
= = = =07
Eos \ Ny . \ E osf—— 3 7 /\
E o |\ [\ | A (= - £ / /\
§os el 4] I\ \\‘\ k N goes Zos \ ,x
\ g

: 0 S LN . g 04 ¢ / k \
%02 X X0,

0 500 1000 1500 2000 2500 3000 3500 4000 4500 0 200 400 600 800 1000 1200 1400 1600 1800 2000 ) 500 1000 1500 2000 2500
~ ; = =002 ;
Eos ‘ I £, E - — i P
£ ” \ ; = . | £ o [/N% M o

\ == | ppem— My |/ y e
o S L C
H

¢ WL 2. Eom |
> .05 > > -

[ 500 1000 1500 2000 2500 3000 3500 4000 4500 0 200 400 600 800 1000 1200 1400 1600 1800 2000 0 500 1000 1500 2000 2500
- =04 2 04
3 E 3 )
EU 6 — — ) “/ = s ),J/;A /\/
g = \— \ = | RS S N g 03
504 V \ ( | | g N 3 \ %
3 - | | cé 0.2 é 03 \\
£
L% L= ] &, %

0 500 1000 1500 2000 2500 3000 3500 4000 4500 [ 200 400 600 800 1000 1200 1400 1600 1800 2000 [ 500 1000 1500 2000 2500

Movement Steps

(d) Trajectory tracking - Position

Movement Steps

(e) Position tracking with obstacle

Movement Steps

(f) Position tracking without obstacle

Fig. 5: Resulting plots of trajectory and position tracking of the virtual and physical robot under different circumstances
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illustrated in Fig. 6 and Fig. 7. It was also observed that the
average latency between the physical and virtual space was
11.32ms for NAC and 22.12ms for PD, which is a 48.82%
improvement. It is to be noted that unlike PD controller, NAC
required no pre-training or tuning as well.

V. CONCLUSION AND FUTURE WORK

In this paper we presented a novel DT architecture which
utilizes a Neuro-Adaptive Controller (NAC) and an edge-
computing paradigm to ensure proper synchronization be-
tween the robot and its virtual model, as well as detect any
unplanned obstacles in the path of robot’s execution. We
illustrate through experiments that the synchronization was
effective with minimal error. The experimental results show

0.12 | NAC

[ PD Control

o
s

0.08 |

0.06 |

0.04 |

MAE in Joint Tracking (rad)

0.02 |

0 1 2 3 4 5 6
Joint Index

Fig. 7: Joint Tracking Error in NAC Vs PD

that NAC outperforms the PD controller in the DT system in
both trajectory tracking, in joint space and Cartesian space,
and overall data latency.

In the future, the proposed system can be further accentu-
ated with multiple camera system to keep track of the robot’s
workspace. A multi-robot system and improved trajectory
planning algorithms in the future can be used to expand upon
the proposed work. Further testing with complex task models
could also provide an in-depth view of the performance of
the framework presented.
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