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Abstract Large-scale complex components such as aircraft skin, ship cabin body, and high-speed rail body are
manufactured with high-efficiency and high-quality, which is the foundation for developing major equipment such as
aerospace, marine vessels, and rail transportation. Large-scale complex components have the characteristics of large
size, complex shapes, traditional manual and single-robot manufacturing are faced with the problems of low effi-
ciency, poor consistency, limited space, etc., multi-robot has the advantages of high robustness and efficiency and is
widely used in large-scale complex components. Task allocation and motion planning constitute the decision center
of multi-robot systems, whose performance affects the whole system’s efficiency. Firstly, considering the challenges
in task allocation and motion planning of major equipment components manufacturing, such as multiple task pro-
cesses, multiple conflict interference, and high precision requirements, the importance of task allocation and motion
planning of multiple robots in complex environments is explained. Then the existing main methods task allocation
and motion planning methods are described, including their applications in intelligent manufacturing. On this basis,
the existing problems affecting task allocation and motion planning in complex scenarios are analyzed. The solution
is proposed using reinforcement learning and a hybrid optimization algorithm. Finally, the development of task al-
location and dynamic planning technology and the application of multi-robot in the large-scale complex compon-
ents manufacturing processes prospect.
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Task allocation problem of multi-robot
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