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ABSTRACT: Despite its immense potential, the application of digital twin technology in real industrial scenarios
still faces numerous challenges. This study focuses on industrial assembly lines in sectors such as microelectronics,
pharmaceuticals, and food packaging, where precision and speed are paramount, applying digital twin technology to
the robotic assembly process. The innovation of this research lies in the development of a digital twin architecture and
system for Delta robots that is suitable for real industrial environments. Based on this system, a deep reinforcement
learning algorithm for obstacle avoidance path planning in Delta robots has been developed, significantly enhancing
learning efficiency through an improved intermediate reward mechanism. Experiments on communication and
interaction between the digital twin system and the physical robot validate the effectiveness of this method. The system
not only enhances the integration of digital twin technology, deep reinforcement learning and robotics, offering an
efficient solution for path planning and target grasping in Delta robots, but also underscores the transformative potential
of digital twin technology in intelligent manufacturing, with extensive applicability across diverse industrial domains.
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1 Introduction
Industrial robotics is crucial for improving productivity and product quality in industries that require

high precision and speed, such as microelectronics, medical and pharmaceutical, and food packaging.
Delta robots are especially suited for high-speed pick-and-place tasks, due to their high-speed motion and
high-precision gripping capabilitie [1]. Therefore, efficient and reliable path planning is critical. However,
traditional path planning methods often prove inefficient in complex and dynamic environments. They
struggle to effectively respond to unexpected obstacles and are costly to test and debug in real industrial
settings due to safety risks.

Deep reinforcement learning, as a powerful machine learning method, has made significant progress
in the field of robot control and path planning in recent years. It is capable of learning the optimal policy
by interacting with the environment, effectively solving path planning problems in complex scenarios. Yang
et al. designed a hierarchical controller in a V-rep simulation environment and utilize the deep reinforcement
learning method to complete the navigation and motion control tasks for obstacle avoidance, which achieved
promising results in the tests [2].

In recent years, digital twin technology, as an emerging modeling and simulation technology, has
provided new ideas to solve the above problems. Digital twin models are characterized by high accuracy
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and dynamic consistency, which facilitates effective visualization and monitoring of the operational state of
physical entities. They also facilitate the efficient collection and transmission of virtual and real data, while
supporting real-time interaction and control [3–5]. In addition, digital twin technology integrates various
models and data types to ensure that they operate under a consistent and efficient framework, which enables
reliable simulation results to be applied to production in real time and helps operators and planners to make
decisions [4]. Based on the above advantages, digital twin technology is widely used in the applications in
smart grids [6–9], healthcare [10–12], quality control [13], agriculture [14], industry, food [15], and other
domains. Digital twin technology provides an ideal virtual environment for robot path planning. Combining
digital twin technology with deep reinforcement learning can effectively improve the efficiency and safety of
robot path planning and reduce the risk in real-world environments.

However, applying digital twin technology to real industrial scenarios still faces many challenges.
Qinglei Zhang et al. developed a digital virtual simulation platform for the welding process and welding
environment, which realized the efficient collaboration between the robot and the positioning machine
during the welding process and significantly improved the operational efficiency. However, the real-time data
delay caused by network communication during the welding process still needs further research [16]. Yang
et al. designed a digital twin system for intelligent management of cell-level wheeled mobile robots to achieve
high-fidelity modeling and emphasized the importance of realizing real-time bidirectional closed-loop
interactions between the physical and virtual spaces [17].

In this paper, we have constructed a digital twin system for the Delta robot and proposed a DQN-
based deep reinforcement learning algorithm with an improved reward mechanism. This algorithm solves
the path planning and object-grasping problems for the Delta robot. We also conducted communication
and interaction experiments between the digital twin robot and the physical robot, which yielded promising
results. These findings demonstrate a potential application of digital twin technology in industrial settings,
emphasizing its significant promise and wide-ranging applicability.

The innovations of this paper are as follows:
(1) A digital twin system for Delta robots is constructed, designed to be applicable in real-world

scenarios in this work.
(2) A deep reinforcement learning algorithm for path planning of Delta robots based on the digital twin

system is designed, and the learning efficiency is enhanced by an improved intermediate reward mechanism.
Section 2 will provide a detailed explanation of the architecture and modeling of the Delta Robot digital

twin system. Section 3 focuses on the key modeling processes of the system, including robot kinematics
analysis, visual perception system development, reinforcement learning environment construction, and
algorithm design. Section 4 will present the experimental results, including the convergence analysis of the
reinforcement learning algorithm and the experimental results of the digital twin model working with the
physical robot. These results validate the algorithm’s effectiveness in obstacle avoidance path planning for
the Delta robot and demonstrate the strong coordination between the digital twin model and the physical
system. Section 5 summarizes the full paper and looks at future research directions.

2 Construction of the Digital Twin System

2.1 Establishing the Framework for the Delta Robot Digital Twin System
While digital twin technology has been applied in various fields such as shipbuilding and power plants

successfully [4,18], its application in Delta robot systems remains largely unexplored. This paper proposes a
digital twin model for Delta robots, as shown in Fig. 1. The system comprises a digital twin component and
a physical robot component. The digital twin component includes a Delta robot model, a robot operation
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model, and a path planning module. The physical robot component includes a physical robot prototype, a
robot operation unit, and an obstacle avoidance system. Data interaction between the digital twin and the
physical robot is achieved via the OPC UA communication protocol, specifically:

Figure 1: Digital twin Delta robot system model

(1) Model Parameter Interaction: The digital twin model and the physical robot prototype exchange
robot parameters in real-time, dynamically adjusting the digital twin model.

(2) Operational State Interaction: The digital twin operation model and the physical robot operation unit
exchange operational parameters in real-time, enabling real-time tracking of the physical robot’s movement.

(3) Path Planning and Obstacle Avoidance System Interaction: The digital twin path planning module
and the physical robot obstacle avoidance system exchange information in real-time. The physical robot
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system provides the digital twin system with target position and obstacle position information, and the digital
twin system utilizes a reinforcement learning algorithm to plan obstacle avoidance paths and transmit them
to the physical robot.

The system offers multiple service functionalities, including obstacle avoidance path planning, error
correction, environmental perception, and position recognition.

This Delta robot digital twin system is primarily composed of four layers, as shown in Fig. 2: data layer,
model layer, control layer, and function layer [19].

Figure 2: Digital twin delta robot framework

Data Layer: The data layer forms the foundation of the digital twin system’s functionality. It transmits
data to the model and control layers and receives instructions from the control layer. This layer collects
real-time data and images from sensors and cameras on the physical robot, including image data, three-axis
position, robot speed, acceleration, joint positions, and robot dimensions.

Model Layer: The model layer is the core component responsible for realizing the digital twin’s func-
tionality. It encompasses kinematic models, dynamic models, visual recognition models, and reinforcement
learning models of the robot. The accurate construction of these models ensures the accuracy and realism of
the digital twin, enabling its various functionalities.

Control Layer: The control layer manages various control tasks, including motor position control, speed
control, torque control, gripping control, and analog-to-digital conversion. Utilizing data from the data and
model layers, it constructs a closed-loop control system to achieve high-precision motion control of the
Delta robot.

Function Layer: The function layer is the core of the Delta robot digital twin system, relying on the
collaborative operation of the data, model, and control layers. Its main functions include environmental
perception, object position recognition, obstacle avoidance path planning, error assessment and correction.
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Environmental perception and object position recognition act as the robot’s “eyes”, identifying target
workpieces, key positions, and obstacles. Error assessment and correction evaluate the accuracy of workpiece
placement and make necessary adjustments. The core functionality of this system is obstacle avoidance path
planning, ensuring the robot can effectively plan its path during material handling to avoid collisions.

2.2 Establishment of Digital Twin-Related Models
2.2.1 Kinematic Modeling of the Delta Robot Digital Twin

Based on the physical structure of the Delta robot shown in Fig. 3, a kinematic model is established.
Forward kinematics modeling is the process of calculating the position of the Delta robot’s end effector in
space based on the rotation angles of the three motors (or joints). By analyzing the geometric relationships
of various parameters such as the lengths of the Delta robot’s links and the joint angles, a mathematical
expression for the position of the end effector can be derived, as shown in Eqs. (1) and (2) [20], which will
play an important role in subsequent path planning.

{
x = x1 + fx z
y = f2 + fyz

(1)

z = −B ±
√

B2 − 4AC
2A

(2)

Figure 3: Establishment of the Delta robot model

On the other hand, inverse kinematics modeling calculates the angles needed to drive the three motors
to achieve the desired spatial position of the Delta robot’s end effector. In the digital twin system, inverse
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kinematics can be combined with real-time sensor data, allowing the robot to perform effective path
adjustments and optimizations in a dynamic environment, ensuring real-time responsiveness of its actions.

2.2.2 Visual Perception Model
The Delta robot digital twin system utilizes visual technology to identify the position of workpieces,

target positions, and obstacles. Additionally, it evaluates the effectiveness of the workpiece placement.

A. Camera Calibration

In this paper, the nine-point calibration method is used to convert pixel coordinates into robot
coordinates. The “eye-to-hand” configuration is adopted, where the camera is positioned externally to the
robot’s hand and placed on the upper section of the workbench during the setup of the experimental
apparatus. The main formulas for the nine-point calibration method are shown as Eq. (3) [21]:

[ X′
Y ′ ] = [

a b
a′ b′ ] [

X
Y ] + [

c
c′ ] (3)

In this context, [ X′
Y ′ ] represents the robot coordinates, [ a b

a′ b′ ] denotes the rotation coefficient,

[ X
Y ] refers to the pixel coordinates, and [ c

c′ ] indicates the displacement coefficient. It can be observed

that there are six unknown parameters in the entire transformation formula. Therefore, six coordinate points
are sufficient to fully solve the transformation equation. However, to minimize errors, we opt to use nine
points for camera calibration.

B. Image Processing

To ensure that the camera correctly identifies the coordinates of the object to be grasped and its
corresponding target coordinate point, image transformation is necessary for the raw image captured by the
camera [22]. First, the raw image undergoes an HSV transformation to extract the S-channel parameters.
Next, a reasonable threshold is set based on the target color for binarization. Afterward, noise is removed
from the image, followed by template matching. The corresponding pixel coordinates are then converted
into robot coordinates using the transformation formula derived from the camera calibration process in the
previous section. These coordinates are transmitted to the digital twin system and subsequently forwarded
to the PLC system. The flowchart is shown in Fig. 4.
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Figure 4: Image processing flowchart

3 Delta Robot Path Planning Based on Digital Twin
RL is a method in which an agent learns the optimal strategy through real-time interaction with its

environment. It can be used in robotic systems to help implement path planning [23]. During the process of
algorithm debugging for the Delta robot system, we found that the careful design of reinforcement learning
elements and a reasonable reward mechanism can significantly improve learning efficiency. In this chapter,
we focus on the design of reinforcement learning elements for the Delta robot digital twin system and
introduce the intermediate reward mechanism we proposed, which is specifically tailored for the Delta
robot system.

3.1 Design of Reinforcement Learning Elements
The research on obstacle avoidance planning for the Delta robot based on deep reinforcement learning

in this paper is described as Markov Decision Process. The main elements of this process, including the action
space, state space, and reward function.

(1) Action Space:

The Delta robot in this study is a three-axis parallel robot with three degrees of freedom. When defining
the action space, each axis of the robot is set to rotate by 1 degree, 0 degrees, or –1 degree from its current
position. For example, an action vector could be represented as [0, 1, 1], indicating that the robot’s 0-axis
remains stationary, the 1-axis rotates by 1 degree, and the 2-axis also rotates by 1 degree. Clearly, with this
rule, each axis has three possible states, resulting in a total of 27 possible actions in the action space.

(2) State Space:

The state space is defined by the current angles of the robot’s three axes n0, n1 , n2, as well as the three
dimensional coordinates x , y, z of the moving platform’s center point, which are obtained through the robot’s
forward kinematics solution. This can be expressed as in Eq. (4):

s = [n0, n1 , n2, x , y, z] (4)
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(3) Reward Function:
In the obstacle avoidance planning for the Delta robot, a sparse reward system is first established,

categorized into three situations:
a. The robot’s end effector reaches the target area;
b. The moving platform collides with an obstacle;
c. The moving platform moves outside the predefined workspace.

These can be expressed as Eq. (5):

Rs p

⎧⎪⎪⎪⎨⎪⎪⎪⎩

ra reach the target
rb crash
rc move outside the work space

(5)

However, it was found during the experiment that using only sparse rewards led to low training
efficiency, which fell far short of our practical application requirements. Therefore, we introduced an
intermediate reward during the robot’s exploration process to guide the robot closer to the target area. The
intermediate reward function is shown in Eqs. (6) and (7) [24]:

Rs p =

⎧⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎩

ω
√
(x0 − xd)2 + (y0 − yd)2 + (z0 − zd)2
√
(x − xd)2 + (y − yd)2 + (z − zd)2

φ > 1

ω
√
(x0 − xd)2 + (y0 − yd)2 + (z0 − zd)2 el se

(6)

φ =
√
(x − xd)2 + (y − yd)2 + (z − zd)2 (7)

In this context, x , y, z represent the current three-dimensional coordinates of the moving platform’s
center position, x0, y0, z0 represent the three-dimensional coordinates of the starting position of the moving
platform’s center, and xd , yd , zd represent the three-dimensional coordinates of the target position. The
parameter ω denotes the weight value. φ denotes the distance from the current position to the target position.
This means that the reward is calculated based on the ratio between the Euclidean distance from the starting
position to the target position and the distance from the current position to the target position. It is worth
mentioning that when φ < 1, in order to avoid too small a value of φ, the reward value is too large, which
causes the agent explore the place near the target position and thus reduces the efficiency of the algorithm.
Therefore, it is stipulated that the reward value obtained by the intelligence when φ < 1, the reward value
obtained by the agent is the Euclidean distance between the start position and the target position.

In addition, to encourage the robot to learn paths with fewer steps, a small penalty Rs (where Rs < 0) is
deducted for each step taken.

Therefore, after each decision the robot makes, the reward it receives is given by Eq. (8):

R = Rs p + Rt + Rs (8)

3.2 Delta Robot Path Planning Method Based on DQN
Q-learning is a value-based reinforcement learning algorithm that updates the Q-table using only the

state s, action a, reward r, and next state s′, without requiring the current action. This makes it an offline
learning method, which improves computational efficiency compared to online learning and is therefore
widely used. The iterative update formula is shown as Eq. (9) [25]:

Q(s, a) ← Q(s, a) + α[r + γmaxd Q(s′, a′) − Q(s, a)] (9)
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In practical Delta robot systems, experiments have revealed that due to the high dimensionality of
the system state and action space, a phenomenon known as the “curse of dimensionality” occurs. Under
such algorithms, the robot fails to converge to the maximum reward. Therefore, we employ the DQN
algorithm, which introduces neural networks to approximate the Q-table. This approach effectively improves
computational efficiency and addresses the issue of the “curse of dimensionality”.

The loss function in the DQN algorithm is the minimization of the squared expectation of the temporal
difference, as shown in Eqs. (10) and (11):

L(ω) = 1
N ∑i

(yi − Qω(si , ai))2 (10)

yi = ri + γ max
a

Qω−(si+1 , a) (11)

ω denotes the parameters of the training network, while ω− represents the parameters of the target
network.

Fig. 5 is the DQN algorithm framework diagram for the Delta robot. In subsequent experiments, we
will compare the effects of varying the number of neurons in the network and the number of hidden layers.

Figure 5: The DQN algorithm framework diagram for the delta robot

4 Experiments and Discussion
First, we set up the physical TM68 three-axis parallel robot. The experimental environment includes

Python 10, Anaconda, and the Pytorch framework, as well as a computer with a 3.6 GHz 12th Intel Core i7
processor and GPU RTX 4060. Additionally, we used Unity3D to build the digital twin system.

4.1 Virtual Experiment
First, we trained the model using the DQN reinforcement learning algorithm. In the experiment,

we found that a single-layer neural network structure achieved higher learning efficiency. Therefore, in
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the following experiments, we present the use of a single-layer neuron architecture and test the optimal
parameters by varying the number of neurons.

By visually detecting the length and width of the current obstacle, we can determine the spatial coordi-
nates of the rectangular obstacle (with the height assumed to be a known value of 30 mm). Additionally, the
center point coordinates of the target area are detected, where the target object is a circular iron plate with a
diameter of 23 mm.

When training a reinforcement learning algorithm, selecting the right parameters can have a significant
impact on the training results. In many explorations of the discount rate settings we found that the rein-
forcement learning algorithm has a high efficiency when γ is between 0.9 and 1, and there is a phenomenon
of non-convergence when the gamma is greater than or equal to 1. Therefore, we selected γ to be 0.90, 0.92,
0.94, 0.95, 0.96, 0.97 and 0.98, respectively, and carried out the test It is found that the algorithm converges
the fastest when γ is equal to 0.98 as shown in the Fig. 6, so we choose γ as 0.98. All other key parameters in
the reinforcement algorithm are derived from this scheme.

Figure 6: Chart of reinforcement learning training at different discount rates

After obtaining the above information, training was initiated. The results, shown in Fig. 7, reveal that
with 1024 neurons, the convergence speed was relatively the fastest. However, using 64, 128, 256, and 512
neurons also yielded good convergence and training performance. With 2048 neurons, convergence to the
maximum reward value becomes difficult even when the number of training iterations reaches 2000. Fig. 8
shows the number of trained action sequences, the size of the reward value of the optimal action, where
the minimum number of trained action sequences is 48 for 1024 and 128 neurons. As shown in Fig. 9, a
3D schematic of the planned routes as well as the obstacle positions are also drawn, and it can be found
that the optimal route trained under the no-obstacle condition is the line indicated in red, which has an
obvious collision with the obstacle, while the other four lines avoid the obstacle and reach the goal point. In
the subsequent physical experiments, the trained action sequences are transmitted to the PLC controller via
communication to observe the experimental results.
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Figure 7: Reinforcement learning training results diagram

Figure 8: Comparison of different neuron counts under unobstructed and obstructed conditions for the physical robot.
(a) Unobstructed condition; (b) Neuron count of 128; (c) Neuron count of 256; (d) Neuron count of 512; (e) Neuron
count of 1024

Figure 9: Chart of optimal action sequences and rewards for different numbers of neurons
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4.2 Physical Experiment and Communication Experiment
Transmit the trained action sequences to the PLC controller via communication, observe the effects in

the physical system, and complete the communication experiment between the digital twin system and the
physical robot.

In addition to the experimental images shown in the paper, as shown in Fig. 10 we repeated the training
with 5 more repetitions at each parameter, for a total of 20 experiments. The experimental results demonstrate
that the planned paths successfully enable the robot to avoid obstacles and reach the target point. One of the
routes trained with 1024 neurons was the fastest in the physical robot test in 5.41 s.

Figure 10: Plot of different numbers of neurons in the physical machine in the accessibility condition, vs. the
accessibility condition (a) accessibility condition; accessibility condition (b) number of neurons is 128 (c) number of
neurons is 256 (d) number of neurons is 512 (e) number of neurons is 1024

Simultaneously with the physical robot operations, shown in Fig. 11, we also conducted commu-
nication and interaction experiments with the digital twin. We find that physical and twin robots can
stay synchronized.
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Figure 11: Correspondence between the motion of (a) the physical robot and (b) the twin robot

5 Conclusion
This work introduces the development of a digital twin system for Delta robots that seamlessly integrates

virtual entities, physical components, service functions, and twin data connections. By incorporating deep
reinforcement learning algorithms, it introduces a customized reward mechanism that effectively addresses
path planning challenges, thereby enhancing the adaptability and safety of Delta robots in real-world
industrial settings. Communication and interactive control between the physical robot and its digital twin are
successfully established. The implementation of the digital twin enables more efficient and safer operational
planning for Delta robots by mitigating safety risks associated with direct physical experimentation, reducing
wear and tear, and significantly lowering experimental costs, thereby yielding considerable operational
benefits. While this research introduces digital twin technology for individual Delta robots, future research
should explore the cooperative control of multi-robot systems to expand its application across a broader
range of industrial scenarios.
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