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Introduction

Motivations:

U Intelligent TBM is considered as an inexorable development trend.
 Dynamic optimization of a long-term excavation performance is central to
intelligent TBM operation.

Long-term research goal:

d Autonomous and optimal excavation of TBMs

Technical challenges:

( )

O A high-accuracy modeling method of the machine-ground interaction
dynamics has not yet been established.

O There is still a lack of a comprehensive excavation performance measure
suitable for the IOS.

[ It is not appropriate to apply the existing dynamic optimization methods
directly to shield machines
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System Analysis and Problem Formulation

Modeling of the Machine-ground Interaction Dynamics

O Developed based on the existing static models.
O The input and output variables of the process were fully determined.
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Modeling of the actuators
O Developed using first principles.
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System Analysis and Problem Formulation

O Multi-system coupling mechanism
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O The goal of the optimal excavation
To choose the action values at each step and apply it to its environment, such that the
accumulated reward value can be maximized.
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0 The 2 degrees of freedom for the overall system design
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Autonomous Optimal Excavation Scheme

O The coordination level was implemented as a deep Dimensionless
. . comprehensive excavation
reinforcement learning agent.
) . ) performance measure
O The execution level digital optimal controllers was
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Performance Evaluation and Discussion

Numerical experiment setup
'O The allowed action values for the [ AOE system V.S. Human operator ]
DRL agent were strictly constrained

in the range obtained by the human
operators for the same segment of
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Performance Evaluation and Discussion

[ Comparison of AOE systems ]
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Decision characteristics

O In normal grounds, 17.33 % increase in average
excavation speed and 9.91% increase in average )?/E

O |In difficult grounds, 41.91 % increase in average
excavation speed and 129 % increase in average x/E .
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