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Abstract: With the rapid development of industrial automation technology, the application of robots in
assembly production lines has become increasingly important. This paper focuses on the intelligent
collaboration and control technology of robots in assembly production lines, aiming to improve
production efficiency and flexibility while reducing production costs. Initially, the paper introduces the
basic theory and key technologies of robot collaboration, including robot communication protocols,
real-time control strategies, and intelligent decision support systems. Subsequently, a robot
collaboration architecture based on the combination of cloud computing and edge computing is
proposed to achieve efficient data processing and real-time responsiveness. Furthermore, targeting the
specific needs of assembly production lines, a set of intelligent control algorithms was developed,
optimizing task allocation and path planning among robots through machine learning technology.
Experimental results show that the proposed collaboration mechanism and control strategy
significantly enhance the production efficiency and quality control precision of the assembly line, with
promising application prospects.
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1. Introduction

As the manufacturing industry advances towards high automation and intelligence, the application
of robot technology in assembly production lines has become a research hotspot. Robots can perform
tasks that are highly repetitive, dangerous, or unsuitable for humans, enhancing production efficiency
and safety. However, with the diversification and personalization of production demands, a single robot
often fails to meet the needs of complex production tasks, making intelligent collaboration and control
among robots a key technological challenge. This paper aims to explore the intelligent collaboration
mechanisms and control strategies of robots in assembly production lines, to achieve an efficient and
flexible production process.

2. Robot Collaboration Fundamentals
2.1 Robot Communication Protocols

In the context of modern industrial automation and robot technology collaboration, efficient and
reliable communication protocols are the foundation for interoperability between robots and control
systems. The main communication protocols include Industrial Ethernet, MQTT, and OPC UA.
Industrial Ethernet is a communication network based on Ethernet standards, which supports
high-speed data transmission and real-time control. The advantage of Industrial Ethernet technology
lies in its high bandwidth and wide industry support, making it an ideal choice for connecting sensors,
actuators, and controllers. However, while Industrial Ethernet has good real-time performance, it may
be affected by network congestion under extreme conditions, which could be a limiting factor for
applications requiring extremely high real-time performance. MQTT (Message Queuing Telemetry
Transport) is a lightweight messaging protocol designed for low-bandwidth and unstable network
environments, using a publish/subscribe pattern for message transmission. MQTT is very popular in
Internet of Things (IoT) applications because it can effectively handle limited network bandwidth and
device power. Although MQTT has advantages in message size and transmission efficiency, its security
and real-time performance may be weaker compared to protocols designed specifically for industrial
environments. OPC UA (Open Platform Communications Unified Architecture) is a cross-platform
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industrial communication standard that supports reliable data exchange and interoperability. OPC UA
provides complex security mechanisms and information models that can achieve advanced
interconnection between devices and systems. Its main advantage is the ability to achieve seamless
communication between different manufacturers and platforms, providing a rich information model to
support complex industrial applications. However, OPC UA implementation is relatively complex and
resource-intensive, which may not be suitable for all embedded or resource-constrained environments.
In summary, choosing the appropriate communication protocol requires a balance based on specific
application requirements and environmental conditions. Industrial Ethernet is suitable for high-speed
and large-volume data transmission scenarios; MQTT is suitable for resource-constrained or poor
network conditions; OPC UA is suitable for complex industrial applications that require advanced data
modeling and secure communication. [!]

2.2 Real-time Control Strategies

Real-time control strategies are an indispensable part of robot collaboration, ensuring that tasks are
completed accurately and in the specified order, which is crucial for improving production efficiency
and ensuring work quality. Key technologies for achieving real-time control include time
synchronization, task scheduling, and resource allocation. Time synchronization is the basis for
ensuring that all robots and devices operate under a unified time standard, which is a prerequisite for
precise collaboration. In distributed systems, time synchronization is usually achieved using network
time protocols (NTP) or more precise IEEE 1588 Precision Time Protocol (PTP). Time synchronization
technology enables robots to coordinate actions and reduce collaboration errors caused by time
deviations. Task scheduling refers to how tasks are efficiently and reasonably assigned and how work
sequences between robots are adjusted to maximize resource utilization and optimize production
processes. Effective task scheduling strategies need to consider factors such as task priorities, robot
capabilities, and current production line status. Heuristic algorithms, optimization algorithms, and
artificial intelligence technologies such as genetic algorithms and neural networks are widely used to
develop efficient task scheduling strategies. Resource allocation involves dynamically allocating
resources on the production line (such as tools, materials, and robots) to adapt to changes in production
demand. Effective resource allocation strategies can reduce waiting times and improve production
efficiency. Resource allocation problems are usually regarded as optimization problems, solved through
algorithms such as linear programming, dynamic programming, etc. Comprehensive real-time control
strategies need to consider the dynamics and complexity of robot systems, and through the
comprehensive application of various technologies and methods, achieve efficient and flexible
production processes.!

2.3 Intelligent Decision Support Systems

Intelligent decision support systems play a core role in robot collaboration by providing decision
support to robots using artificial intelligence technologies such as machine learning and deep learning,
including task allocation, path planning, and fault prediction. In task allocation, intelligent decision
support systems can dynamically assign tasks based on robot capabilities, task urgency, and complexity,
ensuring the maximization of production efficiency. By analyzing historical data with machine learning
models, the system can predict future production demands and optimize task allocation strategies. In
terms of path planning, deep learning technologies such as Convolutional Neural Networks (CNN) and
Recurrent Neural Networks (RNN) are used to handle path planning problems in complex
environments. Intelligent decision systems can dynamically adjust robot movement paths in real-time
to avoid collisions and improve safety and efficiency. For fault prediction, by analyzing robot operation
data and status information, intelligent decision support systems can identify potential fault risks and
take maintenance measures in advance to reduce the risk of production interruptions. By using deep
learning technologies such as Deep Belief Networks (DBN) and Long Short-Term Memory Networks
(LSTM), the system can learn fault patterns from a large amount of historical data, improving
prediction accuracy and timeliness. Intelligent decision support systems, through the comprehensive
application of artificial intelligence technologies, improve the flexibility and intelligence level of robot
collaboration, providing strong support for efficient and automated production.
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3. Intelligent Collaboration Architecture
3.1 Cloud-Based Collaboration Mechanism

In the context of current industrial automation and smart manufacturing, cloud computing, as a
powerful technological platform, offers vast possibilities for data sharing, task coordination, and
resource management among robots. Cloud computing, through its centralized data processing and
storage capabilities, enables decentralized robot systems to achieve real-time information exchange and
processing, thereby enhancing the collaboration efficiency and flexibility of the entire production line.
Using cloud computing platforms, robots can upload their sensed data to the cloud, where powerful
computing resources can perform rapid data analysis and processing, and then feed instructions or
feedback to the robots for corresponding operations. This approach not only enables efficient
collaboration between robots but also dynamically adjusts resource allocation and task scheduling
according to changes in production demands, greatly improving the adaptability and efficiency of the
production line.[*! The advantages of cloud platforms lie in their almost unlimited computing power and
storage space, which can support large-scale data processing and the operation of complex algorithms,
such as machine learning and deep learning algorithms, providing intelligent decision support for
robots. Furthermore, cloud computing also has good scalability and flexibility, allowing rapid
adjustment of resource allocation according to actual needs. However, the cloud-based collaboration
mechanism also faces challenges. The first is network latency, as delays in data transmission may affect
the real-time requirements of robot collaboration. Secondly, the security and privacy protection of
cloud services are widely concerned, as a large amount of sensitive data transmission and processing
are involved in the production process. In addition, for some application scenarios that require highly
real-time control, complete reliance on cloud computing may be difficult to meet their real-time
requirements.

3.2 Application of Edge Computing in Robot Collaboration

Edge computing, as a technology for processing and analyzing data near the data source, provides a
new solution for achieving lower-latency robot collaboration. By shifting computing tasks from the
cloud to the network edge, i.e., the place close to the data source, edge computing can significantly
reduce data transmission time, thereby improving the real-time processing of data. The application of
edge computing enables robots to respond quickly to environmental changes and task requirements,
especially for real-time control tasks sensitive to latency, edge computing can provide more effective
support. For example, on an assembly line composed of multiple robots, deploying edge computing
nodes near each robot or group of robots can achieve rapid local data processing and decision-making,
reduce reliance on the central cloud platform, and improve system response speed and reliability. The
combination of edge computing and cloud computing can also optimize the allocation of data flow and
computing tasks. For large amounts of non-real-time data analysis and processing tasks, they can be
handled by the cloud platform, while real-time tasks can be handed over to edge computing for
processing, ensuring both the real-time processing of tasks and the full utilization of cloud computing
resources. However, edge computing also faces some challenges, including the management and
maintenance of edge devices, data security and privacy protection, and the limited resources of edge
computing. These issues need to be addressed through technological innovation and management
strategies.[*]

3.3 Hybrid Cloud-Edge Computing Architecture

To overcome the limitations of using cloud computing or edge computing alone, a hybrid
cloud-edge computing architecture has been proposed. This architecture combines the powerful data
processing capabilities of cloud computing with the low-latency characteristics of edge computing to
optimize the data processing efficiency and real-time performance in robot collaboration. In the hybrid
cloud-edge computing architecture, the edge layer is responsible for handling tasks with high real-time
requirements, such as real-time perception and rapid decision-making of robots, while the cloud layer
handles tasks with less stringent real-time requirements but high computational complexity, such as
data analysis, long-term planning, and optimization. In this way, real-time response can be ensured
while making full use of cloud computing resources for in-depth analysis and optimization.

Furthermore, the hybrid cloud-edge computing architecture provides a more flexible and scalable
solution, allowing dynamic adjustment of edge computing and cloud computing resource allocation
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according to actual application requirements and environmental changes, achieving optimal resource
utilization. At the same time, this architecture also helps improve the security of data processing, as
sensitive data can be processed locally at the edge, reducing data transmission over the network.
However, implementing a hybrid cloud-edge computing architecture also faces technological and
management challenges, including how to effectively manage and coordinate interactions between the
cloud layer and the edge layer, how to ensure data consistency and security, and how to optimize
resource allocation and task scheduling. The solution to these problems requires comprehensive
consideration of network, computing, and storage resource configuration, as well as support from
advanced software architecture and management tools.

4. Intelligent Control Strategy and Experimental Verification
4.1 Design of Intelligent Control Algorithms

Intelligent control algorithms are the core of robot collaboration systems, directly affecting the
efficiency, flexibility, and reliability of the system. To achieve efficient robot collaboration, intelligent
control algorithms need to consider multiple aspects such as task allocation optimization, path planning,
and obstacle avoidance strategies. The design of task allocation optimization algorithms first needs to
define the priorities of tasks and the performance indicators of robots, and then calculate the optimal
task allocation scheme based on these parameters. This process can be achieved through optimization
algorithms such as linear programming, genetic algorithms, or ant colony algorithms. The goal is to
minimize the total completion time, balance the workload of robots, or optimize other specified
performance indicators. In multi-robot systems, task allocation also needs to consider the collaboration
between robots to ensure that the allocation scheme can effectively utilize the collaborative capabilities
of robots. Path planning algorithms are responsible for calculating the optimal path from the starting
point to the destination for each robot, while avoiding collisions and redundant coverage. Path planning
typically uses algorithms such as A*, Dijkstra's algorithm, or RRT (Rapidly-exploring Random Tree).
To improve the efficiency and adaptability of path planning, machine learning techniques can be
applied to the process by learning environmental features from training data and dynamically adjusting
planning strategies to cope with complex and changing environments. Obstacle avoidance strategy is an
important part of path planning, ensuring that robots can identify and avoid obstacles during movement.
Obstacle avoidance algorithms are typically based on sensor data, such as information collected by
laser radar (LIDAR) or vision systems, combined with the robot's dynamic model to predict and avoid
potential collisions. In complex environments, obstacle avoidance strategies also need to consider the
interaction between robots, using collaborative obstacle avoidance algorithms to avoid collisions with
each other. [®

4.2 Application of Machine Learning Methods in Control

The application of machine learning methods in intelligent control strategies provides
unprecedented flexibility and adaptability for robot collaboration. Through techniques such as
supervised learning, reinforcement learning, and unsupervised learning, intelligent control systems can
learn from experience and continuously optimize their performance.

4.2.1 Application of Supervised Learning

Supervised learning plays a key role in intelligent control, especially in task recognition and robot
behavior pattern recognition. By using a large amount of labeled data to train models, robots can
accurately identify task requirements and environmental states, thereby improving decision-making
accuracy. For example, in factory production lines, supervised learning can be applied to identify the
morphological characteristics of different products, enabling automated quality inspection. By labeling
and training the appearance, size, color, and other features of products, robots can quickly and
accurately detect defects or non-conforming items, ensuring product quality and improving production
efficiency.

4.2.2 Importance of Reinforcement Learning

Reinforcement learning plays an extremely important role in intelligent control strategies. It allows
robots to learn how to optimize their behavior through interaction with the environment, adapting to
changes in the environment and task requirements. In the design of task allocation, path planning, and
obstacle avoidance strategies, reinforcement learning can help robots autonomously learn the optimal
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strategies. By designing appropriate reward functions, reinforcement learning algorithms can
continuously optimize through experimentation and practice, improving the overall efficiency and
stability of the system. For example, in autonomous driving vehicles, reinforcement learning can be
used to learn the optimal driving strategies to ensure safety and efficiency. The advantage of
reinforcement learning is that it can learn from continuous interaction with the environment, enabling
robots to dynamically adjust their behavior according to actual situations and adapt to complex and
changing environments. This learning method enables robots to execute tasks more intelligently,
enhances their autonomous decision-making ability, and injects new vitality into intelligent
manufacturing and automation.

4.2.3 Application of Unsupervised Learning

Unsupervised learning is suitable for situations where there is no labeled data, and can help robots
identify patterns and structures in the environment. For example, by clustering analysis to discover the
distribution characteristics of obstacles in the workspace, obstacle avoidance strategies can be
optimized. The application of unsupervised learning enables robots to adapt to unknown environments
more intelligently and improve work efficiency. These applications of machine learning methods not
only enhance the intelligence level of robots but also enable them to adapt more flexibly to different
work scenarios and task requirements, driving the development of the intelligent manufacturing field.
Through continuous optimization and improvement, the collaborative capabilities of robots in various
complex environments will be further enhanced, bringing greater benefits and development space to
future industrial production.

4.3 Experimental Results and Analysis

To verify the effectiveness of intelligent control strategies, we conducted a series of experiments in
an actual assembly production line. The experimental design aimed to evaluate the impact of the
proposed intelligent control strategies on production efficiency, quality control, and system stability. In
the experiments, by introducing different task allocation, path planning, and obstacle avoidance
strategies, we observed changes in the performance of robot collaboration. Compared with traditional
control strategies, we found that intelligent control strategies significantly improved production
efficiency, reduced task completion time, and demonstrated better adaptability in dynamically changing
production environments. In terms of quality control, the control strategies optimized using machine
learning methods enabled robots to execute tasks more accurately, reducing errors and defect rates.

Additionally, system stability was significantly improved, with a greatly reduced probability of
failure during robot collaboration. The experimental results indicate that intelligent control strategies
not only improve the operational efficiency and quality of the production line but also enhance the
robustness and flexibility of the system. These results validate the application potential of intelligent
control strategies in actual assembly production lines and demonstrate the important role of machine
learning technology in advancing industrial automation and robot collaboration.

5. Conclusion

This paper studies the intelligent collaboration and control technology of robots in assembly lines,
proposes a hybrid collaboration architecture combining cloud computing and edge computing, and a
series of intelligent control algorithms based on machine learning. The experimental results verify the
effectiveness of the proposed strategy and algorithm, and provide a strong technical support for the
realization of an efficient and flexible automatic assembly line. Future work will further explore
optimization approaches for robot collaboration, as well as adaptability and scalability issues in
different production environments.
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