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Introduction: As smart manufacturing upgrades to flexibility and precision, 
factory robotic arm target grabbing is the core link of material transfer in the 
production line, and its performance directly determines production efficiency 
and product quality. However, the current factory robotic arms have insufficient 
gripping accuracy for target products and have weak anti-interference 
capabilities. Therefore, the study proposes a factory robotic arm target 
product grabbing model based on digital twin technology, aiming to break 
through the accuracy and anti-interference bottlenecks through virtual and 
real collaborative optimization.
Methods: The research first builds a cross-platform communication mechanism 
between the robot operating system and Unity3D, and encapsulates the 
underlying protocol through rosSocket middleware. Secondly, a high-fidelity 
digital twin is built through SolidWorks modeling, 3DMax rendering and 
Unity3D assembly. The three-dimensional bounding box projection collision 
detection algorithm is combined to improve planning efficiency. Finally, the 
Rapidly-exploring Random Tree-Connect algorithm and tool center point 
calibration technology are integrated to build a composite grabbing model.
Results: Experimental results showed that the average coordinate deviation of the 
center point of the proposed model tool was 2.34 mm. The capture success rate 
in normal scenarios was 90%, and the success rate in complex scenarios was 80%, 
which was 10% and 20% higher than that of mainstream deep reinforcement 
learning methods. The grabbing efficiency was 19.1% higher than that of the point 
cloud segmentation method, and the energy consumption and fixture wear rate 
were 25% and 47% lower than those of the traditional method.
Discussion: This model achieves collaborative improvements in accuracy, 
efficiency, and economy through virtual and real collaborative optimization.
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1 Introduction

Under the strategic guidance of the “14th Five-Year Plan” for Intelligent Manufacturing 
Development, the manufacturing industry is accelerating its transformation to 
digitalization, networking, and intelligence, with the flexible upgrade of factory 
automation production lines becoming a core breakthrough direction (Gao and Lu, 
2024; Peng et al., 2024). As the core execution unit of the production line in material 
transfer, assembly and testing, the robotic arm’s accuracy and efficiency in grabbing target 
products directly determines the production rhythm, product qualification rate and 
operating costs, which is one of the key indicators to measure the intelligent 
manufacturing (Touhid et al., 2023; Tsakoumis et al., 2025). Especially in precision 
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operation scenarios such as electronic manufacturing and 
automobile parts assembly, the requirements for robotic arm 
grabbing accuracy have increased to within ±3 mm. Meanwhile, 
they need to adapt to complex working conditions such as switching 
between multiple types of workpieces and random stacking. 
Traditional grabbing technology has gradually exposed 
insurmountable bottlenecks (Chen et al., 2025; Liao and Cai, 
2024). According to the ISO 23247 “Digital Twin Framework for 
Manufacturing Systems” standard, digital twin systems need to 
achieve precise mapping, real-time interaction, and collaborative 
optimization between physical entities and virtual models, providing 
standardized architecture support for flexible production in the 
manufacturing industry. As the core execution link of intelligent 
manufacturing, the technological upgrade of the robotic arm 
grasping system needs to strictly comply with the core 
requirements of this standard framework.

As the core technology to realize real-time mapping and 
collaborative optimization of the physical world and the virtual 
world, digital twin technology provides a new technical path to solve 
robotic arm grabbing (Yang et al., 2024). The academic community 
has conducted extensive targeted research on the application of this 
technology in the field of robotic arm grabbing, and has achieved a 
series of breakthrough results. In response to problems such as 
trajectory conflicts and coordination imbalances that are prone to 
occur in multi-robot collaborative grabbing scenarios, Duan et al. 
built a digital twin monitoring framework for dual-robot 
collaborative operations. The results showed that this framework 
could effectively avoid physical collisions and greatly improve the 
stability of dual robotic arms in collaborative operations such as 
assembly and transportation (Duan et al., 2023). To optimize the 
positioning accuracy of the robotic arm, Wu et al. proposed a digital 
twin-driven three-dimensional position information interaction and 
positioning error compensation method. This method built a three- 
dimensional position information interaction mechanism that 
combined virtual and real conditions to provide real-time 
feedback on the relative pose data of the robotic arm end effector 
and the target workpiece (Wu et al., 2023). Faced with the poor 
adaptability of robotic arms in grabbing under multiple varieties and 
changing working conditions, Ren et al. proposed a robot system 
that integrated continuous learning mechanisms and digital twins. 
The experiments proved that this system could effectively improve 
the target recognition and capture success rate of robotic arms under 
complex working conditions such as random stacking and partial 
occlusion. It solved re-adjusting parameters and long adaptation 
cycles when switching scenarios in traditional grabbing systems 
(Ren et al., 2023). The style planner has become the mainstream 
technology for path planning of digital twin driven robotic arms due 
to its good real-time performance and adaptability to complex 
constraints. The Rapidly-exploring Random Tree (RRT) 
algorithm and its improved algorithms are widely used. In 
existing research, scholars have optimized RRT algorithm, such 
as improving the sampling strategy to enhance search efficiency and 
using curve fitting to optimize path smoothness, but there are 
generally core bottlenecks. The paths generated by traditional 
RRT algorithms are tortuous and have poor smoothness, and in 
digital twin virtual real collaborative scenarios, the synergy between 
path planning and virtual real data interaction is insufficient, 
making it difficult to balance capture efficiency and trajectory 

smoothness. Although the RRT-Connect algorithm improves 
path search efficiency through bidirectional extension, there are 
still path redundancy and poor connection with end precision 
calibration in complex working conditions.

Overall, although existing research has achieved technological 
breakthroughs in specific scenarios, there are still clear technical 
bottlenecks. Firstly, the real-time performance of cross platform 
virtual and real data interaction is insufficient, and the current 
mainstream cross platform communication methods have obvious 
performance shortcomings. The throughput of WebSocket protocol 
is limited, and the end-to-end delay of ROS Tool Center Point (TCP) 
connector in precision grasping scenarios is difficult to control 
within 100 ms, which cannot meet the real-time requirements 
of ± 3 mm precision grasping of robotic arms. Although MQTT 
protocol has low latency, it is prone to packet loss problems in 
concurrent transmission of multiple data, resulting in asynchronous 
virtual and real motion states. Secondly, the high fidelity of twin 
body modeling is insufficient, and existing modeling methods often 
use a single toolchain, which makes it difficult to accurately map the 
kinematic and dynamic characteristics of the robotic arm, resulting 
in deviations between virtual simulation and physical reality, and 
unable to effectively support offline path planning and error 
calibration. Thirdly, there is insufficient composite optimization 
of grasping strategies under complex working conditions. Existing 
research has failed to integrate sampling style path planning with 
end precision calibration depth, and has not solved the problem of 
poor smoothness of RRT algorithm paths, making it difficult to 
adapt to complex grasping conditions such as multiple varieties and 
random stacking.

Therefore, a factory robotic arm target product grasping model 
based on digital twin technology is proposed, strictly following the 
ISO 23247 digital twin framework requirements, aiming to provide 
technical support for the precision and efficiency of robotic arm 
grasping in flexible production lines. The innovation of the research 
lies in constructing a cross-platform optimized communication 
mechanism between Robot Operating System (ROS) and 
Unity3D, optimizing the communication protocol to reduce end- 
to-end latency to within 80 ms, and solving the insufficient real-time 
performance of existing communication methods. A digital 
mapping method for SolidWorks, 3DMax, and Unity3D multi- 
toolchain collaboration is designed, accurately replicating the 
kinematic and dynamic characteristics of the robotic arm, and 
constructing high fidelity robotic arm twins. The RRT-Connect 
path planning algorithm is combined with TCP calibration 
technology to optimize path smoothing strategy, forming a 
composite grasping strategy of perception, planning, calibration, 
and execution, and solving the uneven path and insufficient grasping 
accuracy in traditional RRT algorithm.

2 Methods

2.1 Visual communication mechanism 
between Unity3D virtual scene and ROS

To achieve precise collaboration between virtual scenarios and 
physical hardware, the research uses ROS as a heterogeneous 
component collaboration framework to build an information 
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interaction channel between Unity3D and robot hardware systems 
(Wang et al., 2023). The construction of Unity3D communication 
nodes is the core technical support, and its specific process is shown 
in Figure 1.

From Figure 1, the core logic of the cross-platform message 
interaction between the Unity3D environment and the ROS revolves 
around the distributed communication mechanism of ROS. The 

asynchronous transmission of data is completed through the publish 
and subscribe modes. In the process, ROS Master, as the core 
coordination component, is responsible for the registration and 
node matching functions of Topic resources. When the Publisher 
node calls the Advertise method through rosSocket, the ROS Master 
will create the publication test Topic and register the publisher 
information. After the Subscriber node initiates a subscription 

FIGURE 1 
Unity3D communication node creation process.

FIGURE 2 
Flowchart of Unity3D and ROS integration model.
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request through the Subscribe method, the ROS Master will 
associate it with the corresponding Topic to achieve decoupled 
communication between the publisher and the subscriber (Rivera- 
Pinto et al., 2024). As the communication middleware between 
Unity and ROS, rosSocket encapsulates the details of network 
communication, so that Unity does not need to directly process 
the underlying protocol of ROS, and can send and receive messages 
through simple interface calls. For the subscriber process, the IP and 
port configuration connected by WebSocket are the prerequisite for 
cross-process communication, and the callback mechanism of 
Subscription Handler ensures real-time processing after message 
reception, which conforms to the characteristics of ROS 
asynchronous communication and adapts to Unity’s component 
development logic. To coordinate virtual and real motion states of 
the robotic arm, the research integrates Unity3D and ROS. The 
integrated model process is shown in Figure 2.

From Figure 2, at the data flow level, Unity3D is the visual 
carrier of the virtual model, which first generates control signal data, 
and completes the instruction issuance through topics such as 
robot_control, Interpolation_publisher, and Target_point_ 
publisher. The ROS serves as the decision-making layer of 
motion control. After receiving the above topic data, it 
sequentially executes trajectory planning and kinematics solving, 
converting abstract control instructions into specific motion 
parameters in the robot joint space (Jiao et al., 2025). The ROS 
transmits the solved robot joint data and inverse kinematics state 
back to Unity3D through the Joint_state_publisher and IK_state_ 
publisher topics. After Unity3D subscribes to this type of topic, it 
calls the driving logic corresponding to Joint_state_publisher and 
IK_state_publisher to complete the motion state synchronization of 
the virtual model. Topic-based decoupled communication not only 
retains the algorithmic advantages of ROS in the field of robot 

motion planning, but also takes advantage of the characteristics 
of Unity3D in virtual model visualization and interactive 
development, realizing virtual and real linkage in which virtual 
instructions drive actual movement and actual status feedback 
virtual performance.

2.2 Digital twin-driven robotic arm grabbing 
motion planning framework

To achieve precise planning and risk control for factory robotic 
arm target grabbing, the study builds a digital twin motion planning 
framework through three links: digital mapping, virtual function 
empowerment and motion planning verification to achieve offline 
optimization and online monitoring of the grabbing process. The 
digital twin motion planning framework is shown in Figure 3.

From Figure 3, the framework first completes the digital 
mapping of the robotic arm through a multi-tool chain. 
SolidWorks is used to achieve precise modeling of physical parts, 
which is converted into Unity3D-compatible. Obj format after 
3DMax rendering optimization. Finally, Unity3D is used to 
complete virtual scene construction, script development and 
virtual assembly of the robotic arm, transforming the physical 
robotic arm into a digital twin. At the virtual model functional 
layer, by adding kinematic characteristics, dynamic characteristics, 
dummy positioning points, end effectors and API interfaces, the 
digital twin and the physical robotic arm are given consistent motion 
constraints and execution capabilities, providing a high-fidelity 
virtual carrier for subsequent grabbing motion planning (Dawn 
et al., 2024). Collision detection avoids the interference between the 
robotic arm, the workpiece, and the environment. Path planning 
initially generates the grabbing trajectory. Optimal path solution 
further improves the efficiency and stability of the grabbing action. 

FIGURE 3 
Digital twin motion planning framework.
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Collision detection uses a three-dimensional bounding box 
projection algorithm to convert complex three-dimensional 
space collision judgment into two-dimensional plane feature 
verification to improve computing efficiency (Singh and Ray, 
2024). The coordinate expressions of components A and B in the 
three-dimensional coordinate system are shown in Equation 1. 

A � xa, ya, za􏼈 􏼉

B � xb, yb, zb􏼈 􏼉
(1)

In Equation 1, A � xa, ya, za􏼈 􏼉

B � xb, yb, zb􏼈 􏼉
represents the coordinate value 

of component A in the x-axis, y-axis, and z-axis directions. 
xb, yb, zb􏼈 􏼉 represents the coordinate value of component B in 

the x-axis, y-axis, and z-axis directions. To define the space 
occupation range of components, a bounding box parameter 
model is constructed, as shown in Equation 2. 

xa−MIN ≤xb ≤xa−MAX

ya−MIN ≤yb ≤ya−MAX

za−MIN ≤ zb ≤ za−MAX

⎧⎪⎨

⎪⎩
(2)

In Equation 2, xa−MIN and xa−MAX represent the minimum and 
maximum coordinates of component A in the x-axis. ya−MIN and 
ya−MAX represent the minimum and maximum coordinates of 
component A in the y-axis. za−MIN and za−MAX represent the 
minimum and maximum coordinates of component A in the 
z-axis (Wang et al., 2025). The typical state of bounding box 
collision is shown in Figure 4.

Figure 4a is a schematic diagram of the bounding box 
projection. From Figure 4a, the projection range of the 
bounding boxes of components a and b on the two-dimensional 
plane is the geometric basis for collision determination. Figure 4b
is a schematic diagram of intersection. From Figure 4b, the 
projections of the bounding boxes of the two objects have 
overlapping areas, and this overlap meets the conditions for the 

intersection of at least two plane projections, corresponding to the 
collision state in the actual scene. Figure 4c is a schematic 
diagram of embedding. From Figure 4c, the bounding box of 
one object is completely contained within the projection of the 
bounding box of another object, which is a special form of 
collision state. Figure 4d is a collision-free schematic diagram. 
From Figure 4d, the projections of the bounding boxes of the two 
objects have no overlapping areas, which is consistent with the 
collision-free spatial position relationship. Although the 3D 
bounding box projection algorithm can improve computational 
efficiency, due to its simple geometric approximation structure, it 
is prone to collision false alarms caused by overlapping bounding 
box angles, which can interfere with the continuity of the grasping 
process. In response to this, a layered collision detection 
optimization strategy is proposed, which improves detection 
accuracy while retaining efficiency advantages through two- 
stage verification of coarse and fine screening. In the coarse 
screening stage, the original 3D bounding box projection 
algorithm is used to quickly screen the robotic arm, workpiece, 
and static obstacles, eliminate collision free objects to reduce 
computational complexity, and ensure real-time performance. 
In the fine screening stage, for suspected collision pairs with 
overlapping bounding boxes, a grid grid collision detection 
algorithm is introduced for secondary verification, and false 
alarms are eliminated by comparing the actual grid spatial 
coordinates of the components. To balance accuracy and 
efficiency, the mesh model is lightweight processed, simplifying 
the number of faces while retaining core features, ensuring that the 
end-to-end delay of fine screening is ≤50 ms and does not affect the 
real-time response of grasping. This hierarchical logic is embedded 
in the Unity3D virtual scene script, which is linked to the 
kinematic and dynamic characteristics of the robotic arm twin. 
When there is a false alarm, the original trajectory is maintained. 
When there is a real collision, path re-planning is triggered.

FIGURE 4 
Typical status of bounding box collision. (a) Bounding box projection. (b) Intersect. (c) Embed. (d) No collision.
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2.3 Factory robotic arm target product 
grabbing model based on digital twin 
technology

To accurately and efficiently grasp target products by robotic 
arms in factory scenarios, a grabbing model based on digital twin 
technology is constructed. This model integrates the three-level 
architecture of perception, decision-making, and execution to 
form a closed-loop control system. Its flow chart is shown 
in Figure 5.

From Figure 5, the model completes the pose estimation of the 
target in the image by combining the input image with target 
detection and workpiece segmentation algorithms. At the decision- 
making and planning level, the process integrates the RRT and the 
combined grabbing strategy calibrated by TCP. The execution control 
layer issues the planned joint angle instructions to the robotic arm 
through the collaboration of the computer and the controller, and 
combines the grabbing control strategy to complete automated 
grabbing operations for multiple types of workpieces (Stan et al., 
2023). The coordinate transformation of the end of the robotic arm 
relative to the base coordinate is essentially a series transformation 
process of the multi-joint coordinate system. The robotic arm 
contains n rotating joints. The homogeneous transformation 
matrix of the local coordinate system of the i-th joint relative to 
the coordinate system of the i− 1-th joint is Ti(i−1). The homogeneous 
transformation matrix T0n of the end effector relative to the base 
coordinate system is the product of the transformation matrices of 
each joint. Its general form is shown in Equation 3. 

Ti i−1( ) � 􏼤
Ri ti
0 1 􏼥 (3)

In Equation 3, Ri is the rotation matrix of the i-th joint. Ri is the 
translation vector of the i-th joint, 0 is the zero vector of 3 × 1, and 1 is 

the normalization coefficient of the homogeneous coordinates. During 
the operation of the robotic arm, key sensor data such as torque, actual 
position, and speed are collected in real time and fed back to the digital 
twin virtual model through a high-frequency data transmission link 
(transmission frequency ≥100 Hz). The physics based simulation 
parameters are dynamically updated to achieve high-frequency 
bidirectional synchronization between the virtual twin and the 
physical robotic arm, ensuring high consistency between virtual 
simulation and physical reality. Based on the updated virtual 
model, real-time simulation and fault prediction of the grasping 
process are carried out to accurately identify potential joint 
jamming, torque overload, positioning deviation and other fault 
risks. Before the fault occurs in the physical world, automatic 
feedback adjustment signals are sent to the decision-making 
planning layer to correct joint motion parameters and grasping 
strategies, achieving early prevention and control of faults and 
significantly improving the stability and reliability of the grasping 
process. During the actual calibration process, the known pose data of 
the end effector in the base coordinate system is collected through 
three-point/four-point calibration methods, and then substituted into 
the above transformation model to back-solve the actual geometric 
parameters of each joint, thereby correcting the error between the 
theoretical model and the physical robotic arm, and improving the 
positioning accuracy of the end effector (Inamura, 2023).

To clearly explain the calibration principle, the study uses the 
two-point calibration method as an example to conduct 
mathematical derivation. The robotic arm is controlled to make 
the end calibration pin contact the same fixed calibration point QT
in two different postures. The pose constraint equation is shown in 
Equation 4. 

R1PE + Q1 � QT

R2PE + Q2 � QT

􏼨 (4)

FIGURE 5 
Flowchart of factory robotic arm target product grabbing model based on digital twin technology.
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In Equation 4, R1 and Q1 represent the rotation matrix 
and position at the end in posture 1. R2 and Q2 represent the 
rotation matrix and position at the end in posture 2. PE represents 
the position of the TCP to be found in the terminal coordinate 
system. QT represents the position of the fixed calibration point in 
the base coordinate system. After eliminating the known quantity 
QT, the position solution equation is obtained, as shown in 
Equation 5. 

R1PE −R2PE � Q2 −Q1 (5)

For scenarios requiring higher accuracy, n-order calibration is 
used to construct an overdetermined system of equations, and 
redundant constraints are used to improve the solution accuracy. 
Its general form is shown in Equation 6. 

R1PTCP + E1 � QT

R2PTCP + E2 � QT

R3PTCP + E3 � QT

..

.

RnPTCP + En � QT

⎧⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎩

(6)

In Equation 6, Ei is the position of the origin of the end 
coordinate system in the base coordinate system during the i-th 
measurement. PTCP indicates the position of the TCP to be found in 
the terminal coordinate system. To further improve the overall 
motion accuracy of the robotic arm and achieve precise calibration 
of internal geometric parameters of each joint, external laser 
tracking technology is introduced to capture real-time spatial 
position and attitude data of the end effector of the robotic arm. 
During the calibration process, the laser tracker target is fixed to the 
end of the robotic arm, and the robotic arm is controlled to complete 
multi-pose and multi-position movements according to a preset 

trajectory, synchronously collecting joint angle data and actual end 
pose data. By combining the Denavit Hartenberg parameter model, 
the collected measured data is compared with theoretical simulation 
data to construct joint geometry error constraint equations, and the 
core geometric parameter deviations such as length and offset of 
each joint are inversely solved. By iteratively optimizing algorithms 
to correct parameter errors and updating the joint parameters of the 
digital twin virtual model, high-precision matching between the 
virtual model and the physical robotic arm can be achieved, 
significantly reducing the impact of joint geometry errors on end 
effector positioning accuracy and meeting the precision 
requirements of precision grasping scenarios in factories. The 
RRT algorithm is the core technology for path planning in 
complex environments. It achieves collision-free path search 
through random sampling and tree expansion. The RRT-Connect 
algorithm further improves efficiency through bidirectional 
expansion. The schematic diagram of RRT and RRT-Connect 
path planning is shown in Figure 6.

Figure 6a is a schematic diagram of RRT path planning. From 
Figure 6a, with the initial configuration qinit and the target 
configuration qg as endpoints, configuration points are generated 
through random sampling. The node qne closest to qrand is searched 
in the grown tree T, and a new node qn is generated with a fixed step 
size along the qne to qrand direction. If there is no collision on the 
path from qne to qn, qn is added to tree T. The above process is 
repeated until the tree extends to qg. The expression of the node qne
closest to qrand in the tree is shown in Equation 7. 

qne � argmin
q∈T

− Distance q, qrand( 􏼁 (7)

The distance function Distance(qa, qb) between two points qa
and qb is shown in Equation 8. 

FIGURE 6 
RRT and RRT-Connect path planning diagram. (a) Schematic diagram of RRT path planning. (b) RRT Connect path planning diagram.
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Distance qa, qb( 􏼁 � qa − qb
����

���� �

����������

􏽘

n

i�1
qia − qib( 􏼁

2

􏽳

(8)

In Equation 8, qia and qib represent the i-th component of the 
configuration vectors qa and qb. The new node qn obtained by 
extending one step from qne to qrand is shown in Equation 9. 

qn � qne + δ
qrand − qne
qrand − qne
����

����
(9)

In Equation 9, δ represents the step size. Figure 6b is a schematic 
diagram of RRT-Connect path planning. From Figure 6b, the RRT- 
Connect algorithm adopts a two-way expansion strategy and 
simultaneously grows two trees T1 and T2 from the initial 
configuration point qinit and the target configuration point qg, 
and attempts to connect the two trees during each expansion. 
When a new node of a tree falls within the re-connection radius 
r of another tree, the expression of nearby node search is shown in 
Equation 10. 

qne � q ∈ T Distance q, qn( 􏼁≤ r
􏼌􏼌􏼌􏼌􏽮 􏽯 (10)

After connection, the path is optimized through the optimal 
parent node selection strategy to improve path smoothness and 
execution efficiency. The expression of selecting the optimal parent 
node candidate qmin is shown in Equation 11. 

qmin � argmin
q∈qne

Cos t q( 􏼁 +Distance q, qn( 􏼁􏼂 􏼃 (11)

In Equation 11, Cos t(q) represents the cumulative path cost 
from the starting point qinit to the node q.

3 Results and analysis

3.1 Performance test of factory robotic arm 
target product grabbing model based on 
digital twin technology

To verify the motion performance advantages of the proposed 
digital twin grasping model and clarify the impact of path 
constraints on performance, the RRT algorithm was selected as 
the comparison benchmark. The core parameters of the RRT and 
RRT-Connect algorithms are set uniformly, the fixed expansion step 
is planned to be 15 mm, and the RRT-Connect bidirectional tree re- 
connection radius threshold is set to 25 mm. The experimental 
configuration is as follows. The hardware of the robotic arm adopts 
the Oudeji JL8-600 6-degree-of-freedom serial industrial robotic 
arm, with a rated load of 1 kg, a repeatability accuracy of ±0.05 mm, 
and a maximum joint movement speed of 4,000 mm/s (joint 1–2) 
and 800 mm/s (joint 3), suitable for factory light load grasping 
scenarios. The rotation angle of each joint is dynamically set based 
on the target workpiece position, with a range of-180° to 180°. Define 
the complexity of obstacle environments, simulate actual light load 
grasping scenarios in factories, set up three types of static obstacles 
(with sizes of 100 mm × 80 mm × 50 mm, 80 mm × 60 mm × 40 mm, 
60 mm × 50 mm × 30 mm), randomly distributed in the motion 
space of the robotic arm, with obstacle spacing ≥150 mm, and 
simulate interference factors such as material racks and auxiliary 
fixtures in the factory production line. The test equipment is based 

on “Robot Integrated Joint Performance and Test Methods” (GB/T 
43200-2023), equipped with a rotational speed sensor with an 
accuracy of ±0.1%, an angle sensor with an accuracy of ±2arcsec, 
and a data acquisition system with a sampling frequency of 1 kHz. 
The temperature of the experimental environment is 15–35 °C, and 
the relative humidity is 25%–75%. The function of the j4 and 
j5 joints is the attitude orientation and fine-tuning of the end 
effector. They are mainly responsible for adjusting the end 
grasping angle to adapt to the attitude of the workpiece. Their 
motion range and angular velocity are much smaller than those of 
the j1-j3 and j joints. In the light load grasping scenario, the j4 and 
j5 joints always maintain small and smooth movements without 
obvious fluctuations and impacts. The impact on the stability of the 
overall motion is negligible, so the analysis will not be carried out. 
The joint angular velocity measurement results are shown 
in Figure 7.

Figure 7a shows the RRT joint angular velocity measurement 
results. From Figure 7a, during the 0–15 s test period, the angular 
velocity of the j1 changed with time without fluctuations. The 
angular velocity of the j2, j3, and j6 fluctuated violently with 
time, and the high-frequency jitter was significant, with an 
amplitude range of 0–60°/s. Figure 7b shows the joint angular 
velocity measurement results of the proposed model. From 
Figure 7b, the angular velocity curve of the j1 remained stable 
over time. Compared with the RRT joint angular velocity 
measurement, the smoothness of the j2 and j3 was significantly 
improved, and the amplitude narrowed to 0–15°/s. The proposed 
model achieves rapid convergence through the pre-planning and 
trajectory smoothing constraints, and effectively suppresses speed 
mutations. The joint angular acceleration measurement results are 
shown in Figure 8.

Figure 8a shows the RRT joint angular acceleration 
measurement results. From Figure 8a, in addition to the j1, the 
angular acceleration curves of the j2, j3, and j6 fluctuated extremely 
violently with time. The amplitude of the joint angular acceleration 
ranged from −500° to 500°/s2. Multiple pulse oscillations occur, 
reflecting the strong impact characteristics of joint motion. Long- 
term operation can easily aggravate the wear of the robotic arm 
joints. Figure 8b shows the joint angular acceleration measurement 
results of the proposed model. From Figure 8b, the amplitude of the 
angular acceleration of the j1, j2, j3, and j6 has greatly reduced over 
time, converging to the −300–300°/s2, and the oscillation frequency 
and amplitude have significantly reduced. This is due to the collision 
detection and trajectory optimization completed in advance by the 
digital twin model in the virtual environment, which reduces the 
dynamic impact of the physical robotic arm. The measurement 
results of joint angular rotation speed are shown in Figure 9.

Figure 9a shows the measurement results of the RRT joint 
rotation speed. From Figure 9a, the rotation speed of the four 
joints j1, j2, j3, and j6 fluctuated greatly with time, ranging 
from −10° to 10°/s. The high-frequency oscillation was frequent, 
and the speed changes between joints were not synchronized, and 
the movement coordination was poor, which could easily lead to 
positioning errors of the end effector. Figure 9b shows the joint 
rotation speed measurement results of the research model. From 
Figure 9b, the rotation speed of the j1 changed smoothly with time. 
The fluctuation range of the rotation speed of the j1, j2, j3, and j6 was 
greatly narrowed and remains at −7~6°/s. It was stable in the later 
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period. The consistency and smoothness of the joint motion are 
significantly improved, adapting to the high-precision grabbing 
requirements of various types of workpieces in the factory. In 
order to clarify the source of the performance improvement of 
the proposed model and clarify whether the improvement effect 
comes from the RRT-Connect algorithm itself and the DT 
bidirectional synchronization mechanism, a control variable 
ablation experiment was designed. The joint angular velocity 
fluctuation amplitude, joint angular acceleration peak value, and 
joint rotation speed standard deviation were used as core evaluation 
indicators to compare with the baseline RRT algorithm. All 

improvement modules are explicitly defined, and there are no 
undisclosed hidden trajectory smoothing strategies. Each group 
of ablation experiments was run repeatedly 30 times, and the 
data were the mean ± standard deviation of 30 experiments. An 
independent sample t-test was used for statistical significance 
analysis, and the significance level α = 0.05 was set to verify the 
statistical significance of the performance differences between each 
group. The experimental results are shown in Table 1.

From Table 1, compared with the baseline RRT algorithm, all 
indicators of the RRT-Connect group were significantly optimized, 
p = 0.032 < 0.05, and the difference was statistically significant, 

FIGURE 7 
Joint angular velocity measurement results. (a) RRT joint angular velocity measurement. (b) Joint angular velocity measurement of the 
proposed mod.

FIGURE 8 
Joint angular acceleration measurement results. (a) RRT joint angular acceleration measurement. (b) Joint angular acceleration measurement of the 
proposed model.
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indicating that its two-way expansion strategy can effectively 
improve motion stability. The optimization effect of the RRT- 
Connect + DT synchronization group was more significant, p = 
0.008 < 0.01, and the difference was extremely significant. The 
angular velocity fluctuation and angular acceleration peak value 
decreased by 56.1% and 27.4%, respectively, and the standard 
deviation of the rotation speed decreased by 48.1%. The 
experimental results clearly verify that the model performance 
improvement is due to the synergy between the RRT-Connect 
algorithm and the DT two-way synchronization mechanism. The 
reliability of the statistical data of 30 repeated tests was in line with 
the advanced robot path planning experimental specifications.

3.2 Practical application of factory robotic 
arm target product grabbing model based 
on digital twin technology

To verify the accuracy and stability of the TCP calibration 
technology in the digital twin model, multiple sets of repeated 
calibration experiments were designed, and the four-point 
calibration method was used to collect calibration point data. In 
the experiment, the KEYENCE 3D laser tracker VL-800 series was 
used to collect the coordinates of calibration points, and each group 
of tests independently adjusted the robotic arm attitude and data 

recording. The VL-800 series has a measurement speed of 8 s per 
scan, a scanning accuracy of 2 microns, a resolution of 9 million 
points, a maximum scanning range of W580 × D300 × H200 mm, a 
single scan speed of 8 s per scan, a single scan accuracy of 2 microns, 
an operating system of Windows 10 Professional/Enterprise * 
1 Windows 11 Professional/Enterprise * 1, and a host weight of 
51.1 kg. The experimental results are shown in Table 2.

According to Table 1, the two test deviations of four calibration 
points and TCP were calculated using the two norm method. The 
deviations of calibration points 1-4 were approximately 2.48 mm, 
1.03 mm, 1.85 mm, and 1.09 mm, respectively, all at a relatively low 
level. The TCP deviation was about 4.88 mm, which exceeded the 
accuracy requirement of ± 3 mm for industrial grasping positioning. 
To further verify the applicability in actual production scenarios, 
two types of experimental environments were designed: normal 
scenarios and complex scenarios. Four mainstream grabbing 
methods were selected as comparison benchmarks, including the 
traditional model-based grabbing method (Method 1), the Half- 
Model-based method (Method 2), the robotic arm grabbing method 
based on point cloud segmentation (Method 3), and the robotic arm 
grabbing method based on deep reinforcement learning (Method 4). 
In normal scenarios, workpieces are arranged neatly and without 
obstructions, there are no unnecessary obstacles in the environment, 
and the workpiece types are single. In complex scenarios, workpieces 

FIGURE 9 
Measurement results of joint angular rotation speed. (a) RRT joint rotation speed measurement. (b) Joint rotation speed measurement of the 
proposed model.

TABLE 1 Ablation experiment.

Experimental 
group

Joint angular velocity 
fluctuation 

amplitude (°/s)

Peak joint angular 
acceleration (°/s2)

Standard deviation of 
joint rotation 

speed (°/s)

Statistical significance 
(p-value) with RRT 

algorithm

RRT algorithm 58.6 ± 3.2 ±492.5 ± 18.7 1.85 ± 0.21 —

RRT-connect 41.8 ± 2.7 ±408.3 ± 15.2 1.33 ± 0.17 0.032*

RRT-connect + DT 

synchronization

25.7 ± 2.1 ±357.6 ± 12.9 0.96 ± 0.13 0.008**

* indicates p < 0.05; ** indicates p < 0.01.
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are randomly stacked and partially obscured, and there are 
interference objects such as tooling fixtures in the environment. 
Successful grabbing is defined as the robotic arm accurately gripping 
the workpiece and moving it to the designated position without the 
workpiece falling, collapsing, or colliding with the environment. 
Failure types include falling, collapsing, and collision. Dropping 
refers to the phenomenon where the workpiece is detached from the 
fixture due to insufficient clamping force or trajectory shaking after 
being held by the robotic arm. Collapse refers to the collapse of the 
stacked state of the workpiece due to the contact of the robotic arm, 
making it impossible to complete clamping. Collision failure refers 
to the rigid contact between the robotic arm and the workpiece, 
fixture, or environmental obstacle during its movement, resulting in 
the termination of the grasping task. To improve the reliability and 

statistical representativeness of the experimental results, a total of 
100 grasping tests were conducted. Random sampling was used to 
select the 10th, 20th, 30th, 40th, 50th, 60th, 70th, 80th, 90th, and 
100th test results for analysis. The 10 grasping results of the five 
methods under normal and complex scenarios are shown 
in Figure 10.

From Figure 10a, in the 10 sampling tests, only the 60th 
experiment showed the workpiece falling, and the remaining 
9 times successfully completed the grasping task, demonstrating 
excellent grasping stability. From Figure 10b, in complex 
environments, the research method exhibited only a drop during 
the 40th grab operation and a collision during the 70th grab 
operation, without any collapse failures, demonstrating strong 
adaptability to workpiece stacking, occlusion, and interference 

TABLE 2 Robot TCP calibration experiment.

Calibration point Test ①x Test ①y Test ①z Test ②x Test ②y Test ②z

1 434.85 −50.95 −266.10 437.10 −50.68 −264.65

2 436.75 −51.75 −264.40 436.20 −50.80 −264.35

3 436.55 −52.90 −266.45 436.65 −51.55 −264.70

4 436.30 −50.25 −265.70 437.15 −50.45 −265.10

TCP 290.50 −0.15 369.90 295.20 −0.90 371.00

FIGURE 10 
Capture results of five methods in normal scenarios/complex scenarios. (a) Five methods to capture results in normal scenarios. (b) Five methods to 
capture results in complex scenarios.
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conditions. To comprehensively evaluate the comprehensive 
performance of each method, the new grabbing efficiency 
(average time taken for a single grab), anti-interference 
coefficient (ratio of success rate between complex scenarios and 
normal scenarios), energy cost (average power consumption for a 
single grab), and fixture wear rate (deformation amount of the 
fixture after 100 consecutive grabs) are used to construct a multi- 
dimensional performance evaluation system. The anti-interference 
coefficient ≥0.8 is defined as strong anti-interference ability, 
0.6–0.8 as medium anti-interference ability, and <0.6 as weak 
anti-interference ability. The division rules for anti-interference 
coefficients refer to the requirements for the adaptability of 
industrial robots to complex environments in GB/T 38326–2019 
“Electromagnetic Compatibility Immunity Test for Industrial, 
Scientific and Medical Robots”, combined with the quantitative 
criteria for environmental adaptability in IEEE related robot 
performance evaluation research. It is specifically designed for 
constructing factory robotic arm grasping scenarios, which not 
only conforms to industry standards but also adapts to the 
performance evaluation needs of normal and complex scenarios 
in experiments. The energy consumption cost is normalized using 
Method 1 as the benchmark value of 1.0. The experimental results 
are shown in Table 3.

From Table 3, the grabbing efficiency of the target product 
grabbing model based on digital twin technology was optimal, 19.1% 
higher than that of RANSAC. This is because the digital twin plans 
the optimal motion trajectory in advance and reduces the empty 
travel time of the robotic arm. The anti-interference coefficient 
reached 0.89, which belongs to the category of strong anti- 
interference ability. It was 18.7% higher than that of DQN, which 
reflected the adaptability of virtual and real synchronous perception 
to complex environments. The energy consumption cost was 25% 
lower than that of Traditional RRT, and the fixture wear rate was 
reduced by 47%.

4 Discussion and interpretation

Model performance test results showed that the joint motion 
stability data of the proposed model was significantly better than that 
of the traditional RRT algorithm. The angular velocity fluctuation 
amplitude narrowed from 0 to 60°/s to 0–15°/s, and the angular 
acceleration oscillation range converged from −500–500°/s2 

to −300–300°/s2. The core reason lies in the offline pre- 
optimization capability of the digital twin. By completing 
trajectory iterative simulation in the virtual environment, motion 
singularities and velocity mutation points can be avoided in advance 
(Liu et al., 2023). The test results show that the angular velocity 
amplitude of the j4 and j5 joints is stable at 0–5°/s, without high- 
frequency jitter, the angular acceleration converges at −100–100°/s2, 
there is no pulse oscillation, the rotation speed fluctuation range is 
controlled at −3~3°/s, and the entire process remains stable and 
synchronized. Industrial cameras and laser rangefinders jointly 
collect the three-dimensional coordinates of four calibration 
points. The over-determined equation system is constructed to 
solve the kinematic parameter errors, and the calibration 
deviation under different postures is simulated using digital twins 
to compensate for the errors caused by the joint clearance of the 
robotic arm and the deformation of the connecting rod in advance. 
The proposed model had a capture success rate of 90% in normal 
scenarios and 80% in complex scenarios, which were 10% and 20% 
higher than the optimal comparison method, respectively. The core 
function of collision detection is to avoid the collision risk between 
the robotic arm and the environment or workpiece in advance, and 
it does not directly achieve speed smoothness in essence. The speed 
smoothness of the proposed model mainly comes from the offline 
trajectory rehearsal of the digital twin, which can identify the speed 
mutation points in the path in advance, adjust the motion 
parameters to achieve speed gradient transition, and ultimately 
improve the smoothness of joint motion. In addition, the 
grabbing efficiency was 19.1% higher than that of the robotic 
arm grabbing method based on point cloud segmentation. This is 
because the digital twin plans the optimal motion trajectory in 
advance to reduce idle travel time. The energy consumption cost was 
reduced by 25% compared with the traditional method, and the 
fixture wear rate was reduced by 47%, which was a direct result of 
trajectory smoothness optimization. This optimization logic is 
highly consistent with the research paradigm of collaborative 
robot programming and control in the re-configurable 
production system proposed by Dimosthenopoulos et al. (2025). 
The RRT-Connect algorithm uses a bidirectional expansion strategy 
to construct a path tree. After the two path trees are connected, the 
path is optimized twice through the optimal parent node selection 
strategy. Taking the cumulative path cost from the starting point to 
the node as the objective function, the parent node that optimizes 
path smoothness is selected, effectively eliminating the inflection 

TABLE 3 Multi-dimensional performance evaluation results of five methods.

/ Grabbing efficiency (s/ 
times)

Anti-interference 
coefficient

Energy consumption cost 
(normalized)

Fixture wear 
rate (μm)

Traditional 

RRT

8.5 0.60 1.00 85.3

Half-model- 

based

7.2 0.77 0.92 72.6

RANSAC 6.8 0.79 0.88 68.9

DQN 9.3 0.75 1.15 92.1

Proposed model 5.5 0.89 0.75 45.2
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points and mutation segments that exist in traditional path 
planning, and forming a continuous and smooth joint motion curve.

As a random planner, RRT can efficiently search for paths in 
complex spaces, but it has inherent drawbacks such as high 
computational costs and the tendency to generate jagged paths, 
which are not conducive to improving industrial throughput. In 
addition, image data transmission and processing, and motion 
command parsing will generate millisecond delay, which may 
lead to trajectory execution deviation. Future research can 
optimize data processing flow through edge computing, shorten 
end-to-end delay, and improve real-time performance. Although the 
RRT-Connect algorithm adopts a bidirectional expansion strategy to 
improve path search efficiency for the common “narrow channel” 
working conditions in industrial scenarios, it is still prone to high 
randomness and uneven turning problems, which are also key issues 
that need to be addressed in industrial execution. Subsequent 
research can be conducted by pruning redundant inflection 
points and eliminating invalid path segments in the RRT- 
Connect path tree connection, combined with interpolation 
algorithms to smoothly transition path nodes, making joint 
motion curves continuous and differentiable, effectively solving 
the problem of uneven paths in narrow channels and adapting to 
industrial practical execution needs. The wear of industrial robots is 
a long-term fatigue indicator, and factory components typically 
perform thousands of cycles per day. Research measuring fixture 
deformation only after 100 cycles cannot fully reflect the wear 
pattern of fixtures throughout their entire lifecycle. Subsequently, 
by extending the testing cycle and combining fatigue wear theory, a 
fixture wear prediction model will be established to more accurately 
evaluate the long-term operational performance of fixtures, 
providing scientific basis for factory equipment maintenance and 
replacement.

The impact of the 4.88 mm TCP deviation on the precise 
positioning and grasping of the robotic arm is mainly reflected in 
two aspects. One is that for small precision target products, 
deviations may lead to grasping deviations, unstable clamping, 
and even damage to the product. The second is that under long- 
term operation, deviations will accumulate and transmit, reducing 
the consistency between the digital twin model and the actual 
robotic arm, and affecting grasping efficiency and stability. To 
control the TCP deviation within 3 mm, a physical calibration 
optimization scheme is adopted, which includes adjusting the 
geometric parameters of the robotic arm joints, re-optimizing the 
DH parameters based on high-precision calibration point data 
collected by the laser tracker, and correcting joint angle errors 
and link length errors. TCP is re-calibrated using a six point 
calibration method instead of a four point calibration method, 
increasing the number of collected calibration points and 
improving calibration accuracy. The data acquisition strategy of 
the laser tracker is optimized. The sampling frequency is increased 
to 1.5 kHz to reduce data acquisition lag, and the number of 
repetitions for each test group is increased from 2 to 5. The 
average TCP deviation is taken as the final result.

In response to the real-time safety hazards caused by the 
cumulative delay of 130 ms in the control circuit of the robotic 
arm, combined with its high motion speed of up to 600°/s, the 
reasonable design of the buffer zone is the key to avoiding 
collision risks and ensuring operational safety, especially in 

complex scenes with high obstacle density, which requires 
accurate calculation based on kinematic characteristics and 
scene constraints. The calculation logic for safe parking 
distance is based on the inertial motion distance of the 
robotic arm within a delay of 130 ms, combined with the 
joint motion characteristics, converting angular velocity into 
linear velocity, and calculating based on a uniform deceleration 
motion model. In complex scenarios, with high obstacle density 
and irregular distribution, buffer zone design needs to consider 
both parking distance and obstacle redundancy, adopting a 
layered buffering strategy. The inner layer is an emergency 
parking buffer zone, corresponding to the safe parking 
distance. The outer layer serves as a warning buffer zone, 
with an additional 0.3–0.5 m of redundancy reserved in 
combination with the density of obstacle distribution. 
Although this redundancy will occupy a small amount of 
work space, it can be dynamically adjusted through the digital 
twin virtual and real collaboration mechanism. The redundancy 
is reduced to 0.3 m in areas with sparse obstacles and maintained 
at 0.5 m in dense areas. This not only avoids the collision 
between multiple obstacles, but also minimizes the impact on 
the available work space in a tight factory environment, 
achieving a balance between safety and space utilization.

5 Conclusion

Aiming at the accuracy and efficiency bottlenecks of factory 
robotic arm target grabbing, a digital twin technology model 
including virtual and real communication, motion planning and 
grabbing execution was constructed, and the feasibility and 
superiority of the solution were verified through performance 
testing and scenario applications. The motion path performance 
test showed that the proposed model achieved significant 
optimization compared with the traditional RRT algorithm. 
The smoothness of the angular velocity curves of the j2 and 
j3 was greatly improved. The fluctuation amplitude narrowed 
from 0 to 60°/s in the traditional algorithm to 0–15°/s. The 
angular acceleration of the j1, j2, j3, and j6 was constrained 
to −300–300°/s2, and the oscillation frequency and amplitude 
were significantly reduced. The rotation speed of the j1-j3 and 
j6 was stable at 6–7°/s, and stabilized in the later period. This 
indicates that the offline trajectory rehearsal of the digital twin 
and the path smoothing strategy of the RRT-Connect algorithm 
effectively suppress joint velocity mutations and impacts. The 
application effect test results showed that the average TCP 
coordinate deviation was 2.34 mm, which met the 
industrial ±3 mm accuracy requirement. The capture success 
rate in normal/complex scenarios reached 90% and 80%, 
respectively, which was significantly improved compared with 
mainstream methods. The capture efficiency was increased by 
19.1%, and the energy consumption and fixture wear rate were 
reduced by 25% and 47%, respectively, achieving collaborative 
optimization of accuracy, efficiency and economy. Compared to 
methods 4 and 3 in the benchmark, the core advantages of the 
DT model are reflected in two points. One is the advantage of 
deterministic path planning and low-cost training. Although 
DRL methods are usually trained offline in simulated 
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environments, their experimental phase relies on real-time trial 
and error and feedback iteration, which results in randomness 
and uncertainty. The DT model relies on the virtual real 
bidirectional synchronization mechanism to complete pre- 
planning and verification in the virtual space, output 
deterministic execution paths, and effectively avoid grasping 
conflicts. The second is the multi-dimensional collaborative 
optimization mechanism, which is superior to the point cloud 
segmentation method that only focuses on workpiece 
positioning, jointly optimizing trajectory planning, clamping 
control, and environmental adaptation, and improving the 
anti-interference ability of complex scenes. Although this 
research has achieved remarkable results, there are still 
limitations such as insufficient perception accuracy in 
complex environments and limited adaptability to heavy-load 
scenarios. In the future, the RRT algorithm can be improved 
through multi-sensor fusion and optimization of the perception 
module to improve path adaptability. A parametric modeling 
platform can be developed to shorten the adaptation cycle and 
provide support for the large-scale application of robotic arm 
grabbing technology in intelligent manufacturing scenarios.
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