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Abstract: Autonomous excavation operation is a major trend in the development of a new generation of intelligent tunnel
boring machines (TBMs). However, existing technologies are limited to supervised machine learning and static optimization,
which cannot outperform human operation and deal with ever changing geological conditions and the long-term performance
measure. The aim of this study is to resolve the problem of dynamic optimization of the shield excavation performance, as well
as to achieve autonomous optimal excavation. In this study, a novel autonomous optimal excavation approach that integrates
deep reinforcement learning and optimal control is proposed for shield machines. Based on a first-principles analysis of the
machine-ground interaction dynamics of the excavation process, a deep neural network model is developed using construction
field data consisting of 1.1 million samples. The multi-system coupling mechanism is revealed by establishing an overall system
model. Based on the overall system analysis, the autonomous optimal excavation problem is decomposed into a multi-objective
dynamic optimization problem and an optimal control problem. Subsequently, a dimensionless multi-objective comprehensive
excavation performance measure is proposed. A deep reinforcement learning method is used to solve for the optimal action
sequence trajectory, and optimal closed-loop feedback controllers are designed to achieve accurate execution. The performance
of the proposed approach is compared to that of human operation by using the construction field data. The simulation results
show that the proposed approach not only has the potential to replace human operation but also can significantly improve the
comprehensive excavation performance.
Key words: Shield machine; Slurry shield; Intelligent tunnel boring machine (TBM); Deep reinforcement learning; Optimal
control; Dynamic optimization; Deep learning

1 Introduction
Tunnel boring machine (TBM) technology has
greatly improved the mechanization and automation
level of the tunnel construction industry. However,
the performance of a TBM still depends heavily on
the operational skill of its operators. Manual opera‐
tion relies on experience and different operators have
different operational skill levels. This not only creates
quality control issues but also causes similar accidents
to happen repeatedly. Specifically, when encountering
stratum changes or complex geological conditions, it
is very difficult for operators to adjust parameters in a
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timely and effective manner. Thus, the empirical oper‐
ation of operators has become one of the main limita‐
tions for the further improvement of the TBM perfor‐
mance. This situation has been deteriorating due to a
decreasing number of skilled TBM operators.
Because of the huge demand for smart construc‐
tion and of the rapid development of supporting tech‐
nologies such as artificial intelligence (AI), big data,
and control theory, the intelligent operation of TBMs
has attracted significant research interest. Researchers
have been working to increase the autonomy in the
operation of TBMs since the 1980s. Clearly, to achieve
partial or full autonomous operation in complex un‐
structured environments is a major trend in the devel‐
opment of TBM intelligent control technology. The
main tasks of the shield machine operators include
face support, excavation, and steering (adjustment
of tunneling direction) operations. To automate these
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three tasks, in-depth studies have been carried out
around the world.
Regarding face support operation, Kuwahara and
Harada (1988) developed a fuzzy controller for sup‐
porting pressure and excavation direction control to
mimic the operation of skilled operators. Yeh (1997)
applied a neural network to automate the earth pres‐
sure balance (EPB) control process. Liu et al. (2011)
presented a predictive EPB control scheme based on a
least squares support vector machine to replace man‐
ual operation. Shao and Lan (2014) developed an opti‐
mal control method that accounts for the tunnel face’s
stability. Zhang P et al. (2019) proposed a randomforest-based method to automatically control the settle‐
ment by regulating the operational parameters. Zhou
et al. (2013) proposed a predictive control system for
air chamber pressure in a slurry shield using Elman
neural network. These studies are only a few examples
of automated face support control methods. Previous
studies have made valuable contributions towards the
realization of autonomous face support pressure control.
In terms of steering operation, Ninić and Meschke
(2015) developed a simulation-supported steering
method for shield machines. Zhou et al. (2019a) de‐
veloped a hybrid model integrating wavelet transform
noise filter, convolutional neural network feature ex‐
tractor, and long short-term memory predictor to real‐
ize the dynamic prediction of attitude and position in
shield tunneling. Wang et al. (2018b) developed an au‐
tomatic control system for shield pose and trajectory
tracking. Xie et al. (2012) developed an automatic
trajectory-tracking control system combining correc‐
tive trajectory planning with thrust cylinder control.
These studies have laid a good foundation for the real‐
ization of autonomous steering.
Another significant aspect of shield operation is
excavation, which is the main concern of this study.
Shield excavation operation involves the decisionmaking and control of the operational parameters, in‐
cluding thrust force, cutterhead torque, advance speed,
and rotational speed of the cutterhead. Numerous stud‐
ies have been conducted to predict the shield opera‐
tional parameters using supervised machine learning
(ML) (Mahdevari et al., 2014; Namli and Bilgin,
2017; Salimi et al., 2018; Zhou et al., 2018, 2019b;
Koopialipoor et al., 2019; Zhang et al., 2020a). These
studies have made preliminary research for the real‐
ization of autonomous excavation. It is very natural to

seek to achieve autonomous excavation by simply re‐
placing the operators with an intelligent agent that can
mimic the human operation. However, such methods
have difficulty in improving excavation performance,
and their potential is limited. Conventional knowledgebased intelligent methods, such as expert systems and
fuzzy logic systems, represent the human experience
as “if-then” rules or fuzzy reasoning rules. Meanwhile,
supervised ML algorithms, such as artificial neural
networks, support vector machine, and decision trees,
learn from the data labeled or preprocessed by human
designers. Essentially, these methods aim to act as hu‐
manly as possible. However, human behavior is often
slow, empirical, and inaccurate, which makes these
methods less likely to grasp the nature and objectives
of the problem being addressed. It is therefore diffi‐
cult for these methods to outperform humans. To fur‐
ther improve the excavation performance, it is neces‐
sary to achieve some kind of optimal excavation while
achieving autonomous excavation, i.e. autonomous
optimal excavation (AOE). Over the years, efforts have
been made to optimize various aspects of TBM per‐
formance. Previous studies (Huo et al., 2010; Sun
et al., 2011; Geng et al., 2015) optimized the cutter‐
head layout parameters, which are valuable in the de‐
sign phase of TBMs. Wang et al. (2018a) developed a
reliability-based multidisciplinary optimization meth‐
od for determining the major structural and operating
parameters of the hard rock TBM. Sun et al. (2018b)
optimized the performance of the hard rock TBM
using a collaborative optimization architecture. These
methods are static optimization approaches that can
only optimize the immediate performance measure
under some fixed geological conditions. It is impor‐
tant to note that the long-term performance of the ex‐
cavation process is significant. For example, the total
energy consumption in a specified time interval is
much more significant than the energy consumption
for a given time step k. However, previous studies are
limited to static optimization, and they cannot deal
with ever-changing geological conditions and the longterm performance measure. The optimization of longterm excavation performance measure is a typical
dynamic optimization problem and has not yet been
dealt with.
Previous studies have provided various contribu‐
tions to intelligent operation of TBMs. However, most
of the related research efforts have achieved partial
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automation for selected tasks and the various technol‐
ogies have not been integrated to meet the require‐
ments of a new generation of intelligent TBMs. To
further advance the development of intelligent opera‐
tion of TBMs, our research group has started a project
to develop an intelligent operation system (IOS) for
shield machines. The long-term goal of the IOS is to
improve the efficiency, quality, safety, and degree of
autonomy of the tunneling process. The development
of the IOS requires significant interdisciplinary re‐
search effort as it integrates concepts and methods from
areas, such as mechatronics, control, AI, ML, commu‐
nication, and cyber-physical systems.
The IOS (version 1.0) is built upon four core
modules, as shown in Fig. 1. The three modules at the
bottom are designed to realize autonomous face sup‐
port, excavation, and steering operations, respectively.
The organizer module is in charge of the cooperation
of the lower-level modules and the human-machine
interaction. Ideally, the operation could be completed
autonomously by the IOS, and the operator would only
take control when the IOS operation is obviously in‐
appropriate. Note that the steering issue is not the con‐
cern of the AOE module but the concern of the auton‐
omous steering module. In addition to the AOE mo‑
dule, the other modules are currently being developed
within our research group and are outside the scope of
this paper. Our previous work (Zhang YK et al., 2020)
has presented the development of the autonomous
face support system for a slurry shield machine. It is
important to point out that the operation of the IOS
involves complex multi-process coupling effects. For
example, the excavation process affects the face
support process via the advance speed. The design of
Human
Shield machine operator

each IOS module must carefully consider these cou‐
pling effects. In the autonomous face support module,
the advance speed was considered as a disturbance
input variable for the slurry face-support control pro‐
cess. Accordingly, an autonomous controller was care‐
fully designed such that the influence of the excava‐
tion process on the face-support process can be actively
compensated (Zhang YK et al., 2020). The idea behind
is that the supporting pressure control process should
adapt to the advance speed, not the other way around.
This paper focuses on the AOE module of IOS. It is
assumed that ground surface settlement can be properly
controlled by the autonomous face support module.
To resolve the problem of dynamic optimization
of the shield excavation performance, as well as to
achieve AOE, the following contributions are made in
this paper:
(1) A high-accuracy hybrid modeling method
that integrates first-principles analysis and a deep neu‐
ral network is proposed for the machine-ground inter‐
action dynamics of the excavation process.
(2) A dimensionless multi-objective comprehen‐
sive excavation performance measure suitable for the
IOS is proposed.
(3) A novel AOE approach that integrates deep
reinforcement learning (DRL) and the optimal control
is proposed for shield machines, and its feasibility and
effectiveness are validated.
The numerical results presented in this paper are
based on the parameters and construction field data of
an actual 6.5 m-diameter slurry shield machine, as
shown in Fig. 2. The main parameters of the reference
machine are shown in Table 1.
The remainder of the paper is organized as fol‐
lows. Section 2 conducts a literature review and sum‐
marizes the technical difficulties. Section 3 presents

Machine
Organizer module

Coordinator 1

Coordinator 2

Coordinator 3

Hardware control 1

Hardware control 2

Hardware control 3

Face support process

Excavation process

Steering process

Autonomous face
support module

Autonomous optimal
excavation module

Autonomous steering
module

Fig. 1 IOS for shield machines

Fig. 2 Slurry shield machine manufactured by the China
Railway Engineering Equipment Group Co., Ltd.
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Table 1 Main parameters of the reference slurry shield
Parameter
Diameter (m)
Cutterhead rotational speed (r/min)
Maximum advance speed (mm/min)
Maximum thrust force (kN)
Maximum torque (kN·m)
Total length (m)
Total weight (t)
Installed power (kW)
Maximum supporting pressure (MPa)

Value
6.5
0–3
90
4.26×104
6.30×103
90
500
1787
0.6

the system modeling and analysis. The design of the
AOE system is presented in Section 4. The perfor‐
mance evaluation and discussion are presented in Sec‐
tion 5, and finally, the main conclusions are presented
in Section 6.

2 Literature review and technical difficulties
Due to the novelty and complexity of the AOE
problem, several key issues need to be properly re‐
solved. In this section, a literature review is con‐
ducted to justify the related research work, based on
which the technical difficulties of achieving AOE are
summarized.
Modeling of the machine-ground interactions of
the excavation process is a key step in developing an
AOE system. However, although operators can adjust
the excavation operating parameters based on their
intuition and experience, the machine-ground interac‐
tion dynamics and the multi-system coupling mecha‐
nism for the excavation process have not been wellunderstood. The existing work related to the modeling
of the machine-ground interactions can be divided
into two categories. The first category covers the firstprinciples modeling methods. To accurately predict the
dynamic response of the machine-ground interaction,
the first-principles modeling methods typically require
a knowledge of the external dynamic load. There have
been significant research efforts with the aim of estab‐
lishing the torque and thrust load model for shield ma‐
chines. The most widely used model in the industry for
predicting installed cutterhead torque and thrust force
is the empirical model suggested by the Japan Society
of Civil Engineers. However, this model provides a
rough estimate over a very wide range. To improve on
this model, Zhang et al. (2010, 2013, 2014, 2015)

developed a static mechanical model for the load act‐
ing on the cutterhead. Shi et al. (2011) presented a cal‐
culation method for the cutterhead torque based on
composition analysis. To further improve accuracy,
Wang et al. (2012) introduced penetration per revolu‐
tion as a dynamic factor in the torque model for EPB
shields. Han et al. (2017) developed a 3D finite ele‐
ment model for the dynamic load on the hard rock
TBM cutterhead. These methods provide insights into
cutterhead load modeling and are beneficial to the
design and analysis of TBMs. However, most of these
models are static models. Because of its complexity
and interdisciplinary nature, it is very difficult to model
the ever-changing dynamic load by using analytical
approaches. The second category of model covers datadriven modeling methods. In recent years, ML and
statistical methods have gradually been used to build
cutterhead load models. Ates et al. (2014) developed
statistical models to determine the design torque and
thrust force for shield machines based on a database
including the design parameters of 262 TBMs. Song
et al. (2010) proposed a torque model for the EPB
shield machine based on nonlinear regression. Sun et al.
(2018a) developed a dynamic load prediction model
for hard rock TBMs using the random forest algorithm.
However, the datasets used to train these models were
very small and consisted of hundreds of samples or
less, and their generalization abilities are yet to be ver‐
ified. Nowadays, advances in the field of ML, espe‐
cially deep learning (DL), have generated new oppor‐
tunities for the development of accurate dynamic mo‑
dels for machine-ground interaction based on the mas‐
sive construction data of shields. DL is a class of ML
algorithms that gain knowledge for a hierarchy of fea‐
tures (Zhang et al., 2018). The powerful function
approximation and representation learning properties
have made DL vastly more successful than previous
approaches to ML. In contrast to first-principles mod‐
eling techniques, DL methods do not rely on the accu‐
rate modeling of the load. A generative black-box
model for machine-ground interaction dynamics can
be directly obtained using DL methods without inter‐
mediate calculation of the external load. In conven‐
tional ML, how to select the input features (also known
as feature engineering) imposes a great challenge
whereas DL completely automates the process of
feature selection. A typical DL method learns all fea‐
tures in one pass rather than having to engineer them
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manually. However, simply passing nearly 1500 vari‐
ables of a shield machine raw dataset (Qin et al.,
2021) as the input features without considering their
physical meanings leads to confusion in the causal
relationship between input and output variables. If the
first-principles analysis could be combined with the
powerful DL method, it would greatly improve inter‐
pretability while maintaining high accuracy. This type
of hybrid modeling method allows the integration of
all available knowledge into one approach. However,
to the best of our knowledge, few hybrid modeling
studies have yet been reported for TBMs. In addition,
the excavation process driven by the operators involves
multi-system coupling interactions, which is a typical
human-cyber-physical system (HCPS) (Zhou J et al.,
2019) and also, a hierarchical human-in-the-loop auton‐
omous system (Antsaklis and Rahnama, 2018). To op‐
timize overall performance, it is necessary to obtain
insight into the effects of each subsystem and their in‐
teractions with each other. However, existing research
has focused only on certain aspects of the system and
the multi-system coupling mechanism for the excava‐
tion process is still unclear.
To achieve optimal excavation, optimization meth‐
ods typically require an objective function to evaluate
the performance of the system. At present, the most
commonly used excavation performance specifications
include the advance speed, rotational speed of the cut‐
terhead, penetration rate, specific energy, and utiliza‐
tion rate. Each of these reflects an aspect of excava‐
tion performance. However, the excavation process
typically involves contradictory multiple optimization
goals that cannot be described using a single existing
performance specification. For example, it is often de‐
sirable to have a high advance speed and utilization
rate, while minimizing energy consumption. In prac‐
tice, it does not make sense to optimize a certain spec‐
ification without considering its constraints and other
related specifications. Thus, a multi-objective perfor‐
mance measure that can evaluate the long-term com‐
prehensive excavation performance needs to be defined.
To optimize the long-term excavation perfor‐
mance measure, dynamic optimization techniques such
as dynamic programming (DP) and reinforcement
learning (RL) are required. The main difference be‐
tween dynamic and static optimization problems is that
in the former, the decision at a current time step affects
the possibilities at future time steps, and the optimizing

agent needs to consider this effect when making a de‐
cision at the current time step (Busoniu et al., 2017).
DP and RL have been widely used in the fields of
robotics, autonomous driving, and adaptive control,
etc. Carreras et al. (2005) presented a hybrid behaviorbased scheme using RL for high-level control of au‐
tonomous underwater vehicles. Ng et al. (2006) accom‐
plished an autonomous helicopter flight via RL. The
recent successes in autonomous driving are fueled
by DRL techniques (Shalev-Shwartz et al., 2016;
Yu et al., 2016; El Sallab et al., 2017; Pan et al., 2017).
However, there are some limitations to applying the
existing DP and RL techniques directly to shield ma‐
chines. Prior to deployment in actual machines, DP
and RL typically need to interact with a high-fidelity
training environment to learn the optimal policy. This
cannot be accomplished without understanding and
modeling the machine-ground interaction dynamics. In
addition, most existing literature uses the RL agent to
directly control the actuators of the system of interest
without using feedback control. In this case, the RL
agent is responsible for both action planning and actua‐
tor control. However, as a complex human-in-the-loop
autonomous control system, the excavation process has
a natural hierarchical structure. This class of system
follows the principle of increasing precision with de‐
creasing intelligence (IPDI) (Saridis, 2001). The prin‐
ciple of IPDI suggests that higher levels are con‐
cerned with slower aspects of the system’s behavior
and with its larger portions, or broader aspects (Ant‐
saklis et al., 1991). There is an increase in the speed
of decision-making with the transition from higher
to lower levels, i.e., the actuator’s control speed is typi‐
cally faster than the action planning speed. Combining
the action planning and actuator control functions
into a single agent will greatly increase the complexi‐
ty and training difficulty of the agent. To address this
issue, a new field called hierarchical reinforcement
learning (HRL) has attracted increasing attention
(Dietterich, 2000). HRL decomposes a complex
problem into sub-problems and then uses multiple
RL agents to solve them individually. However, for a
complex mechatronic system, HRL may not exploit
the advantage of conventional feedback control. Be‐
cause of the barriers between different disciplines,
little attention has been focused on the integration
of RL and conventional control to effectively exploit
both approaches.
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Based on the literature review, it could be sum‐
marized that there are three technical difficulties that
prevent the achievement of AOE:
(1) A high-accuracy modeling method of the
machine-ground interaction dynamics has not yet been
established.
(2) There is still a lack of a comprehensive exca‐
vation performance measure suitable for the IOS.
(3) It is not appropriate to apply the existing dyna‑
mic optimization methods directly to shield machines.
This paper provides our solutions to these pro‑
blems, such that the goal of AOE can be achieved.

3 System modeling and analysis
In this section, the hybrid modeling method for
machine-ground interaction dynamics of the excava‐
tion process is presented. Then the dynamic models
of the electro-hydraulic actuators are developed using
first principles. Based on the overall system analysis,
the multi-system coupling mechanism and the degrees
of freedom (DOFs) for the AOE system design are
revealed. The AOE problem is subsequently decom‐
posed into a multi-objective dynamic optimization
problem and an optimal control problem.
3.1 Hybrid modeling of the machine-ground in‐
teraction dynamics
The equation of rotational motion for the cutter‐
head can be expressed as
T - Tr =

2π
Jṅ 
60 c

(1)

where T is the total driving torque, Tr is the total resis‐
tant torque, J is the rotational inertia, and nc is the cut‐
terhead rotational speed. The equation of linear mo‐
tion for the shield machine can be expressed as
F - F r = mẍ 

(2)

where F is the total thrust force, Fr is the total resis‐
tant force, and m and x are the total mass and the dis‐
placement of the shield, respectively.
Based on the results of the static analysis in
the literature (Zhang et al., 2010, 2013, 2014, 2015;
Shi et al., 2011) and given a fixed set of slurry shield

machine geometric parameters, Tr and Fr can be ex‐
pressed as Eqs. (3) and (4), respectively.

(

)

T r = f n c ẋ FP gw cφt 

(3)

F r = g n c ẋ P gw ct 

(4)

(

)

where f(· ) and g(· ) are unknown non-linear timevariant functions, Pgw is the total pressure of the
ground and water, c is the cohesion of the soil, φ is
the internal friction angle of the soil, and t is the time.
The specific representations of f(· ) and g(· ) are very
difficult to obtain analytically due to their complexity
and interdisciplinary nature. The state vector x is cho‐
sen as follows:
x = [ x1

T

x2 ] = [ nc

T

(5)

ẋ ] .

The input vector u and output vector y are de‐
fined as Eqs. (6) and (7), respectively. It should be
noted that u1 and u2 are taken as manipulated inputs
um, while u3 and u4 are treated as disturbance inputs ud.
u = [ um ud ]
= [ u1

u2

=[T F
y = [ y1

T

T

u3

u4

P gw c

y2 ] = [ nc

T

u5 ]

T

(6)

T

φ] 

ẋ ] = [ x 1

T

x2 ] .

(7)

The non-linear state space representation of the
process can then be expressed as
ẋ = φ( xut) 
1 0 úù
y = êé
x
ë0 1û

(8)
(9)

where φ( · ) is an unknown non-linear time-variant
function related to f(·) and g(·).
This first-principles model applies to both EPB
and slurry shield machines. Due to the unknown func‐
tions, this model cannot be used for quantitative calcu‐
lations, but only for qualitative analysis. Nevertheless,
the input and output variables of the excavation pro‐
cess are fully determined by first-principles analysis.
Note that for a specific tunnel constructed by a shield
machine, the geometric parameters of the shield are
constants. The influence of the geometric parameters
is reflected in the term of m in Eq. (2), and thereby m
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appears as a constant parameter in Eq. (8). The depth
and thickness of the soil stratum are often considered
in the literature (Chen et al., 2019; Zhang P et al.,
2020b). In this study, its depth and thickness are di‐
rectly reflected in the term of Pgw in Eqs. (3) and (4),
and thereby they are implicitly included in Eq. (8).
Using the input and output variables determined
by first-principles analysis, a data-driven model can be
further developed to calculate the dynamic response,
leading to a hybrid model. The power of the proposed
hybrid modeling method lies in the improvement of
the interpretability of the model, which not only leads
to a better understanding of the process, but also helps
overcome the curse of dimensionality. To take advan‐
tage of the powerful function approximation and rep‐
resentation learning properties of DL, a deep neural
network (DNN) with a multi-layer perceptron (MLP)
structure was adopted, as indicated in Fig. 3.
Bias 1

1

1

1

...

1

...

Scaling

...

...

...

Tk

...

Fk

nc, k

...

...

...

Pgw, k
ck

x·k

...

Input layer

...

...

...

φk

...
Hidden layer

Output layer

Fig. 3 Structure of the DNN model of the machine-ground
interaction dynamics. k is the time step

Before being transported to the input layer of the
DNN, the input variables are scaled by dividing them
using their corresponding maximum values. There are
many hyper-parameters for the MLP, including the
number of layers, the number of neurons per layer,
the type of activation function to use in each layer,
and the weight initialization logic. To reduce the num‐
ber of hyper-parameters that have to be tuned, an equal
number of neurons was used in each hidden layer.

The dataset was obtained from the construction
field data of a 6.5 m-diameter slurry shield TBM, in
which the geological data was extracted from the geo‐
logical exploration report. The comprehensive classifi‐
cation of the surrounding rock is grade VI, the work‐
ing face has no self-stability ability, and the surround‐
ing rock is easily collapsed and deformed. According
to the geological exploration report, the soil crosssectional characteristics are relatively uniform, so the
influence of soil layering on the cohesion and internal
friction angle values is ignored.
The excavation of the slurry shield machine is a
periodical process that consists of start-up, stable, and
shutdown phases. Given that the excavation perfor‐
mance is unstable during the start-up and shutdown
phases, the data collected during these two phases were
excluded. On the other hand, the raw construction field
data is not only noisy but also contains outliers. To
improve the data quality, a Savitzky-Golay filter was
used for de-noising, and the isolation forest algorithm
was used to remove outliers. For the Savitzky-Golay
filter, the filter window length and the polynomial
order were set as 1001 and 2, respectively.
After data preprocessing, a total of 1.1 million
samples was used to train, validate, and test the DNN.
Summary statistics of the dataset are presented in
Table 2. The “Mean,” “Min,” and “Max” rows are selfexplanatory, while the “Std” row shows the standard
deviation. The “25%,” “50%,” and “75%” rows show
the corresponding percentiles and a percentile indicates
the value below which a given percentage of observa‐
tions in a group of observations falls. The dataset was
randomly split into a training set, validation set, and
test set in the ratio 70-15-15.
To determine the optimum hyper-parameters,
various DNNs were trained and compared. The mean
squared error (MSE) was used as the cost function.
The “Relu” (rectified linear units) function was used
as the activation function because it does not saturate

Table 2 Summary statistics of the dataset
Item
Mean
Std
Min
25%
50%
75%
Max

T (kN·m)
2.03×103
8.65×102
4.17×102
1.22×103
2.20×103
2.73×103
3.94×103

F (kN)
2.00×104
5.17×103
4.18×103
1.51×104
2.21×104
2.39×104
2.87×104

nc (r/min)
1.35
0.20
0.75
1.21
1.33
1.53
2.02

ẋ (mm/min)
13.23
17.38
1.08
3.27
4.92
12.76
90.85

Pgw (×105 Pa)
3.49
0.56
0.69
3.05
3.28
4.00
4.63

c (×106 Pa)
25.88
2.38
14.90
24.90
27.50
27.50
29.90

φ (°)
12.35
2.35
7.60
9.40
14.30
14.30
16.70
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for positive values and also because it is quite fast to
compute. In addition, the “He” weight initialization
technique (He et al., 2015) was used to prevent the
vanishing gradients problem in the DNN, while the
adaptive moment estimation (Adam) (Kingma and Ba,
2015) optimizer was used to speed up the training pro‐
cess. The early stopping technique was used to prevent
overfitting, i.e., the training process is stopped auto‐
matically if the specified number of epochs with no
improvement on the validation set MSE is reached.
The performance of the DNNs is illustrated in
Table 3 and Fig. 4. It is found that the DNN with four
hidden layers and 200 neurons in each layer has the
best performance, whereas the DNN with five hidden
layers performed poorly. After a comprehensive tradeoff between the performance and complexity, the DNN
with four hidden layers containing 200 neurons in each
layer was finally selected. The performance of the
selected DNN for a randomly extracted 400000 con‐
struction dataset is shown in Fig. 5 with mean relative
error (MRE) and mean absolute error (MAE) values,
which demonstrates that the model can describe the
machine-ground interaction dynamics and so validates
its effectiveness. The definitions of MRE and MAE
are given by Eqs. (10) and (11), respectively.
MRE =

(

)

1 N | y i - ŷ i |
´ 100%
N∑
yi
i=1

MAE =

1 N
| y i - ŷ i | 
N∑
i=1

Fig. 4 Learning curves of various DNNs

The thrust force F is provided by 32 hydraulic
cylinders connected in parallel. Each hydraulic cylin‐
der is controlled by a three-way proportional pressure
reducing valve. Assuming that the load is evenly ap‐
plied to each hydraulic cylinder and considering a sin‐
gle valve-controlled-cylinder as shown in Fig. 6, the
linearized flow equation of the proportional pressure
reducing valve is:

(10)
(11)

where y i is the target value, ŷ i is the prediction value,
and N is the total number of samples considered.
3.2 Modeling of the actuators

Ql = Kq xv - Kc Pl 

(12)

where Ql is the load flow, Kq is the flow gain of the
valve, xv is the displacement of the spool, Kc is the
flow-pressure coefficient of the valve, and Pl is the
load pressure.
The equation of the proportional solenoid coil
terminal voltage can be expressed as:

We now consider the processes in which the ac‐
tuators provide the thrust force and torque.

u c = Lİ + R e I + K e ẋ v 

(13)

Table 3 Performance comparison of various DNNs
DNN
I
II
III
IV
V
VI
VII
VIII

Number of neurons
in each layer
100
200
500
100
200
300
500
500

Number of layers

Training epochs

3
3
3
4
4
4
4
5

33
20
10
17
27
14
15
11

Training set
2.50
3.16
3.71
2.94
2.60
3.47
3.33
4.09

MSE
Validation set
2.74
3.56
3.50
2.61
2.06
2.98
3.01
3.71

Test set
2.74
3.43
3.57
2.62
2.06
2.95
3.07
3.75
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where Fm is the output force of the proportional sole‐
noid, Ks is the spool reset spring stiffness, Bv is the
spool viscous damping coefficient, Av is the effective
area, Kf is the steady-state flow force coefficient, and
mv is the total mass of the spool and the armature.
The output force equation of the proportional so‐
lenoid is:
Fm = KI I - Kx xv 

(a)
100
Target value
DNN prediction
MRE=8.03%
MAE=2.12

x· (mm/min)

80
60

where KI and Kx are respectively the current-force
gain and the displacement-force gain of the propor‐
tional solenoid.
The continuous equation of the hydraulic cylin‐
der is:

40
20
0
5

10

15

20
25
Index (×104)

30

35

40

Q l = A a ẋ +

(b)

Fig. 5 Comparison of the DNN predictions and the target
measurement values: (a) cutterhead rotational speed;
(b) advance speed
· F
x,
1
Thrust cylinder
V0, Aa

F1 = Pl Aa =
Three-way proportional
Tank pressure reducing valve
xv

Av, Ks

Tank
Ps, Qs

V0 ̇
P + Ct Pl 
βe l

uc

F

Nc

(17)

where F1 is the output force for a single thrust cylin‐
der, and Nc is the number of hydraulic cylinders. Tak‐
ing the Laplace transform of Eqs. (12)–(17), and elim‐
inating the intermediate variables, F1 can be expressed
as Eq. (18) using the parameters listed in Table 4,
where s is the Laplace variable.
F 1 ( s) = G 1 u c ( s) - G 2 ẋ ( s) 

Fig. 6 Schematic diagram of the thrust electro-hydraulic
system. Ps and Qs are the supply pressure and flow of the
hydraulic oil, respectively

where uc is the terminal voltage of the proportional so‐
lenoid coil, L is the coil inductance, I is the coil cur‐
rent, Re is the coil resistance, and Ke is the reverse
electromotive force coefficient.
The equation of motion of the armature assem‐
bly (including the valve spool) can be expressed as:
F m - K s x v - B v ẋ v - P l A v - K f x v = m v ẍ v 

(16)

where Aa is the effective area of the piston, V0 is the
volume of the high-pressure chamber of the cylinder
and the connecting line, βe is the effective bulk modu‐
lus of the oil, and Ct is the total leakage coefficient.
The thrust force provided by a single hydraulic
cylinder is:

Pl, Ql

Directional valve

(15)

(14)

(18)

Table 4 Main parameters of the actuators
Parameter
mv (kg)
Bv (N·s/m)
Ks (N/m)
Kf (N/m)
Kx (N/m)
KI (N/A)
L
Re (Ω)
Kq (m2/s)
Av (m2)

Value
7.92×10−3
7.01
300
300
62.25
7.5
1.2×10−3
1.2
64.7
1.77×10−6

Parameter
Kc (m3/(s·Pa))
V0 (m3)
βe (N/m2)
Ct (m3/(s·Pa))
Aa (m2)
Ctm (m3/(s·Pa))
Dm (m3/rad)
kmr
krc
η

Value
1.7×10−7
0.23×10−2
7×108
3×10−11
0.04
3×10−11
7.96×10−5
54.44
7.41
0.75
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where
G 1 = 5.91 ´ 1017 ( s4 + 5.36 ´ 104 s3 +
9.97 ´ 107 s2 + 1.16 ´ 1011 s + 8.73 ´ 1012 ) 

(19)

where kmr and krc are the transmission ratios of the re‐
ducer and gear-ring, respectively.
The relationship between the output torque of
the motor and of the cutterhead can be expressed as

G 2 = ( 4.39 ´ 108 s3 + 8.29 ´ 1011 s2 +

T 1 = ηk mr k rcT m =

9.46 ´ 10 s +3.68 ´ 10 ) ( s + 5.36 ´ 10 s + (20)
14

16

4

4 3

9.97 ´ 107 s2 +1.16 ´ 1011 s + 8.73 ´ 1012 ) .

The driving torque T is provided by seven hy‐
draulic motors via reducers and a gear-ring mecha‐
nism, and each motor is controlled using a three-way
proportional pressure reducing valve. Assuming that
the load is evenly applied to the motors and consider‐
ing a single valve-controlled-motor as shown in Fig. 7,
Eqs. (12)–(15) can also be applied to the cutterhead
drive system.

(23)

where T1 is the output cutterhead torque given by a
single motor, η is the transmission efficiency, Tm is the
torque of a motor, Nm is the number of motors, and Pp1
is the inlet port pressure of the motor. Taking the La‐
place transform of Eqs. (12)–(15) and (21)–(23) and
eliminating the intermediate variables, T1 can be ex‐
pressed as Eq. (24) using the parameters listed in
Table 4.
T 1 ( s) = H 1 u c ( s) - H 2 n c ( s) 

(24)

where

kmr

krc

T
= D m P pl 
Nm

nm
Hydraulic motor

Reducer
Gear-ring

H 1 = 1.51 ´ 1017 ( s4 + 2.21 ´ 104 s3 +

Dm, V0m

4.02 ´ 107 s2 + 4.53 ´ 1010 s + 3.46 ´ 1012 ) 
H2 = (9.61´106 s3 +1.81´1010 s2 +

Pl, Ql
nc
Directional valve

Three-way proportional
Tank pressure reducing valve
xv

Tank

uc

Fig. 7 Schematic diagram of the cutterhead drive electrohydraulic system

The flow equation of the hydraulic motor is:
Ql =

V 0m ̇
2π
D n +
P + C tm P l 
60 m m β e l

(21)

where Dm is the motor displacement, nm is the motor
rotational speed, V0m is the volume of the high-pressure
chamber of the motor and the connecting line, and Ctm
is the total leakage coefficient of the motor.
The relationship between the rotational speed of
the motor and cutterhead can be expressed as
n m = k mr k rc n c 

2.07´1013 s +8.04´1014 ) ( s4 +2.21´104 s3 + (26)
4.02´107 s2 +4.53´1010 s+3.46´1012 ) .

In practice, the actuators can be controlled using
closed-loop feedback controllers. Even open-loop
control could be used when the accuracy requirement
is not critical.

Av, Ks

Ps, Qs

(25)

(22)

3.3 Overall system analysis
Assuming that the actuators are controlled using
closed-loop feedback controllers and, based on the
models obtained in Sections 3.1 and 3.2, the conven‐
tional shield machine excavation process driven by
the operator can be illustrated as the block diagram
shown in Fig. 8. This is a typical HCPS, in which the
operator represents the human part, the actuator feed‐
back controllers represent the cyber part, and the dy‐
namics of the actuators and the machine-ground inter‐
action represent the physical part. This is also a hierar‐
chical human-in-the-loop autonomous control system,
in which the operator represents the coordination
level, the feedback controllers and the dynamics of
the actuators comprise the execution level, and the
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Fig. 8 Block diagram of the conventional excavation process for shield machines

machine-ground interaction is the ultimate process to
be controlled.
The coupling relationships between different parts
of the system and the effect of each part are clearly
illustrated in Fig. 8. The overall effect of the operator
as the coordination level is to provide the desired ref‐
erence inputs of the driving torque T͂ and thrust force
F͂ based on the geological conditions and the value of
the actual cutterhead rotational speed nc and advance
speed ẋ . The geological condition information used
by the operator typically includes the ground type Gt
and the shield burial depth Db. Specifically, there are
three aspects that define the role of the operator. The
first is to perform action sequence planning based on
the geological conditions to provide the reference in‐
puts for the desired cutterhead rotational speed n͂ c and
advance speed ẋ͂ . The second is to compare the error
between the reference inputs and the actual values of
nc and ẋ . The third is to determine T͂ and F͂ via mental
controllers based on the errors. The task of the execu‐
tion level is to accurately execute the commands from
the coordination level to complete the excavation
task. In the case of open-loop control of the actuators,
the decision-making requirements of the operator are
even more onerous, because the operator must adjust
the reference input commands more frequently to deal
with execution errors.
Assuming that the hardware and control soft‐
ware of the system are set up and taking everything
outside the coordination level as the environment, the

conventional excavation process shown in Fig. 4 can
be viewed as interactions between the coordination
level and its environment. We denote the input vari‐
ables to the coordination level at time step k as obser‐
vation ob, k, and the output variables from the coordina‐
tion level at time step k as action ak. Starting at some
initial observation ob, 0, the operator chooses an action
command a0 for the execution level. As a result, the
state of the excavation process transitions to a succes‐
sor state ob,1 according to the dynamics of the execu‐
tion level and the machine-ground interaction. Then
the operator gets to choose another action a1. As a re‐
sult of this action, the state transitions again to a state
ob,2, and so on. The operator makes a sequence of deci‐
sions, one for each period. The goal of the AOE is to
automatically choose the action values at each step
and apply it to its environment, such that some pre‐
defined excavation performance objective can be ach‑
ieved. Supposing that some method has been used to
automatically obtain the optimal action sequence to
replace human decision-making, the effect of the
action execution also depends on the execution accu‐
racy of the execution level. Obviously, the optimal
action sequence trajectory obtained from the coordi‐
nation level must be executed as accurately as pos‐
sible to guarantee optimum performance.
Based on the abovementioned analysis, there are
two equally important DOFs for the AOE system de‐
sign. The first DOF is to design an intelligent agent
for the coordination level to automatically provide the
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optimal action (reference input) sequence concerning
the task goal. The second DOF is to optimize the de‐
sign of the feedback controllers for the actuators such
that the desired actual actions can be applied to the
machine-ground interaction as accurately as possible.
Once the hardware and control software of the system
are set up, the machine-ground interaction output y is
only determined by the reference input commands
from the coordination level. As stated in Section 2, the
optimization of long-term excavation performance is
a typical dynamic optimization problem that involves
contradictory multiple optimization goals. Therefore, in
this study, the AOE problem is decomposed into a
multi-objective dynamic optimization problem and an
optimal control problem.
To obtain the optimal action sequence, the exca‐
vation process driven by the coordination level can be
further modeled as a Markov decision process (MDP).
An MDP model is a five-tuple (Ob, A, h, γ, ρ), where
Ob is the observation space. For the operator, Ob={x,
Gt, Db}. A={T͂ , F͂ } is the action space, h:O b ´ A  O b is
the state transition function of the excavation process.
ρ:O b ´ A  R is the reward function that evaluates the
immediate excavation performance, and γÎ[0, 1] is
the discount factor.
The reward evaluates the immediate effect of
action ak, namely the transition from ob,k to ob,k+1, but it
does not provide any information about its long-term
effects. Starting from the initial observation ob,0, the
long-term performance of the action sequence can be
measured by a value function, i.e., the discounted
total reward accumulated over the course of interac‐
tions, as indicated in Eq. (27).

( )

( ( ))

V h o b0 = ∑γ k r k + 1 = ∑γ k ρ o bk h o bk . (27)
N

N

k=0

k=0

The optimal action sequence trajectory (also
called the policy) can be found by solving the con‐
strained discrete dynamic optimization problem de‐
fined in Eq. (28).

( )

π * o b = arg max
aÎA

( )
∑γ r
N

k

k+1

.

(28)

k=0

Typically, this class of problems can be solved
using DP and RL techniques. It should be noted that
the discount factor γ represents the importance of

future rewards. If γ<1, the value function will converge
to a finite value. If γ=0, the optimization algorithm
will have no interest in future rewards but will try to
maximize the reward only for the current state. If γ=1,
the optimization algorithm will try to increase future
rewards even at the expense of the immediate ones.
In this study, a DRL method is used to solve for
the optimal action sequence trajectory, and optimal
closed-loop feedback controllers are developed to
achieve accurate execution.

4 Design of the autonomous optimal excavation system
4.1 Autonomous optimal excavation scheme overview
Based on the two DOFs for the AOE system de‐
sign revealed in Section 3.3, we propose a hierarchi‐
cal AOE system scheme that integrates DRL and opti‐
mal control to effectively exploit both AI and closedloop feedback control, as shown in Fig. 9. At the coor‐
dination level, the deep deterministic policy gradient
(DDPG) algorithm is used as the DRL agent because
it can work with continuous action space. The digital
optimal feedback controllers are used at the execution
level to achieve accurate execution. It should be noted
that to simplify the block diagram, Fig. 9 uses a single
closed-loop to represent the execution level because
the block diagrams of the actuators have the same
structure. In particular, N represents Nc and Nm, TF1
represents G1 and H1, and TF2 represents G2 and H2.
The working frequencies of the DRL agent and the
execution level are set as 1 and 100 Hz, respectively.
The DRL agent learns by interacting with its en‐
vironment via action, observation, and reward. The
observation and reward are the results of the action.
Based on the analysis in Section 3.3, the action space
is set as A= {T͂ , F͂ } for the DRL agent. To effectively
utilize the geological information and the machineground interaction states, the observation space is set
as Ob={x, ud}={nc, ẋ , Pgw, c, φ}. At each time step, the
DRL agent performs an action on the environment and
obtains feedback in terms of observation and reward.
To train the DRL agent, a high-fidelity training
environment is required. For the DRL agent, the
environment comprises four different components: the
execution level, information on the geological condi‐
tion, the machine-ground interaction dynamics, and
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Fig. 9 Autonomous optimal excavation system that integrates deep reinforcement learning and closed-loop feedback
optimal control

the reward function. The geological condition infor‐
mation can be implemented as a look-up table using
data extracted from the geological exploration report.
A high-accuracy DNN model has been developed for
the machine-ground interaction dynamics in Section
3.1. The reward function will be defined in Section
4.2. Based on the models of the actuators obtained in
Section 3.2, digital optimal controllers can be designed
using control theory. The execution level can then be
implemented as transfer functions.
After training, the proposed AOE system can be
deployed in an actual shield machine, and the ma‐
chine-ground interaction dynamics block is replaced
with the actual machine-ground interaction data ob‐
tained from the sensors.

in consideration of normal excavation constraints.
Obviously, the goals of increasing the advance speed
and reducing the energy consumption are contradic‐
tory. In this study, we propose a multi-objective exca‐
vation performance measure suitable for the IOS as
follows:
J k = k 1 ẋˉk - k 2 Eˉk 

where

4.2 Definition of the multi-objective comprehensive
excavation performance measure
In practice, the advance speed is the most impor‐
tant excavation performance specification because it
directly determines the construction time. In addition,
a good performance in terms of energy efficiency is
also desirable. Excavation energy consumption not
only determines the cost of electricity consumption
but also is an important indicator of the state of exca‐
vation. For example, abnormal conditions such as en‐
countering difficult grounds and a stuck of the cutter‐
head are often accompanied by abnormally high energy
consumption. From the perspective of improving ex‐
cavation quality, low energy consumption is preferred,
however, it should be maintained at a reasonable level

(() )
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where ẋˉk nˉ ck, Tˉk, and Fˉk are the dimensionless advance
speed, cutterhead rotational speed, total torque, and
total thrust force at time step k, respectively. These
variables are scaled to the interval (0, 1] by dividing
by their corresponding maximum values as shown in

J Zhejiang Univ-Sci A (Appl Phys & Eng) 2022 23(6):458-478 | 471

( ) ( ) ( )
( ) (
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P sgn k = N Tˉk + N Fˉk + 10N nˉ ck 
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C T ( z) = (6.49 ´ 10-4 z 3 + 3.15 ´ 10-4 z 2 +
1.11 ´ 10-4 z - 1.63 ´ 10-4 ) {( z - 1) ( z 3 +

(39)

1.37 ´ 10-5 z 2 + 5.12 ´ 10-5 z + 5.33 ´ 10-5 ) } 
C D ( z) = (8.36 ´ 10-4 z 3 + 4.86 ´ 10-4 z 2 +
9.77 ´ 10-5 z -1.91 ´ 10-4 ) {( z - 1) ( z 3 +

(40)

4.38 ´ 10-6 z 2 + 2.25 ´ 10-6 z + 8.32 ´ 10-7 ) }.

Fig. 10 shows the closed-loop step responses of
the actuators. The DAT method yields robust and fast
controllers without steady-state errors. Meanwhile,
noting that the response speed of the execution level
is much higher than that of the coordination level.
Based on these facts, the implementation of the execu‐
tion level can be further simplified by setting T͂ k=T k
and F͂ k=F k.
1500
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where Psgn,k, Pmin,k, and Pmax,k represent the sign, mini‐
mum value, and maximum value penalty terms, respec‐
tively, as defined in Eqs. (34)–(38).

The digital optimal controllers of the actuators
were designed and automatically tuned using the
direct automatic tuning (DAT) method (Zhang YK
et al., 2019). The resulting digital optimal controller
of the thrust system and the cutterhead drive system is
given in Eqs. (39) and (40), respectively.

nc (r/min)

(33)

4.3 Design of the optimal controllers for the actuators

F1 (kN)

r k = J k + P sgn k + P min k + P max k 

can be measured by the discounted cumulative reward
defined in Eq. (27).

T1 (kN·m)

Eq. (32). D is the diameter of the shield. Taking 4/(πD2)
as a weighting constant, Eˉk is the dimensionless spe‐
cific energy consumption. The physical meaning of
Eˉk is the energy consumption per meter weighted by
4/(πD2). To prevent the problem of dividing by zero, a
piecewise function L(x) is used to restrict the minimum
value of the denominator of Eq. (30). The parameters
k1 and k2 are the relative importance weights.
The value of Jk is in the open interval of (−1, 1).
The closer the Jk value is to −1, the worse the excava‐
tion quality. By contrast, the closer the value is to 1,
the higher the excavation quality. Such a definition of
excavation performance measure is not only simple
and easy to understand but also has a clear physical
meaning. The trade-off between the advance speed
and specific energy consumption can be achieved by
changing the relative sizes of k1 and k2.
In practice, the actual action values applied to
the machine-ground interaction, and the resulting state
values obtained, are bounded by their corresponding
minimum and maximum values. By adding penaliza‐
tion terms to the objective function defined in Eq. (29),
the constrained optimization problem defined in
Eq. (28) can be reformulated as an unconstrained
optimization problem and subsequently solved. This
is because the penalization terms have the effect of
discouraging constraint violations. Thus, the reward
function is defined as:

0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
Time (s)

Fig. 10 Closed-loop responses of the actuators

(36)
4.4 Implementation of the training environment
(37)
(38)

Based on the definition of the reward function,
the long-term comprehensive excavation performance

The pseudo-code for the implementation of the
training environment is given in the electronic supple‐
mentary material. During the training of the DRL
agent, the flow of execution first goes into the initial‐
ization part. The “step” function is then continuously
called in a “for” iteration loop until the specified num‐
ber of training steps is reached. Based on the result
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obtained in Section 4.3, the program first assigns the
action (T͂ k  F͂ k) given by the DRL agent to the actual
action (Tk, Fk) applied to the machine-ground interac‐
tion. The program then determines whether the speci‐
fied number of training steps is reached; if not, the
program reads geological data from the look-up table
using the current step number. After data scaling, the
action and geological data are sent to the DNN model
to predict the corresponding rotational speed nc,k and
advance speed ẋ k. The reward value rk can then be cal‐
culated using Eq. (33). The obtained observation and
reward information is then sent to the “Is_done” func‐
tion to determine if there is a severe constraint viola‐
tion, and it returns a logical variable: “True” or “False”.
Finally, the information of the calculated observation,
reward value, and “Done” value is returned to the
DRL agent. Inside the DRL agent, the “Done” infor‐
mation is a logical flag that indicates that the training
episode is complete. When the number of iterations
reaches a specified number, the flow of execution ex‐
its the iteration loop.
4.5 Design of the deep reinforcement learning
agent
The DDPG algorithm is a model-free, online, offpolicy, actor-critic RL method proposed by the Deep‐
mind team of Google in 2015 (Lillicrap et al., 2016).
A DDPG agent uses an actor to decide which action
should be taken and uses a critic to approximate the
long-term reward. Typically, the actor and critic are
implemented as artificial neural networks. As shown
in Fig. 9, the actor takes observation as input and out‐
puts the corresponding action that maximizes the longterm reward. The critic takes observation and action
as inputs and outputs the corresponding long-term
reward. It is used to assist in training the actor.
A brief description of the DDPG algorithm is as
follows. During training, a DDPG agent first utilizes
the current observation as an input, selects an action,
and perturbs the action using a stochastic noise model
at each training step. Then the agent executes the
action and observes the reward and the next observa‐
tion. Subsequently, the agent stores the past experience
using a circular experience buffer. Finally, the agent
updates the actor and critic using a mini-batch of ex‐
periences that are randomly sampled from the buffer.
This process is repeated until the specified number of
the training steps is achieved.

In this study, the actor and critic were imple‐
mented as DNNs using a similar MLP structure as
shown in Fig. 3. These DNNs were both designed to
have three hidden layers and 200 neurons in each layer.
It is widely appreciated that DRL agents are
prone to overfitting (Cobbe et al., 2019). As such, it
is a common practice to train and test the DRL
agent using the same set of environments. However,
the complexity of geological conditions and the high
cost of training requires that the DRL agent, as the
coordination level, must have a good generalization
ability to cope with situations that have not been pre‐
viously encountered. To overcome this problem, L2
regularization with a factor of 0.01 was used in each
layer of the actor and critic DNNs.

5 Performance evaluation and discussion
5.1 Performance evaluation
The performance of the proposed AOE system
was compared to that of the human operation by using
the construction field data. To facilitate comparisons,
the allowed action values for the DRL agent were
strictly constrained in the range obtained by the human
operators for the same segment of construction field
data. In this setting, we trained three DRL agents by
using three reward functions with different k1 and k2
values to investigate their action characteristics and
the resulting excavation performances. Denote these
three reward functions as reward I, reward II, and re‐
ward III, respectively. The relative importance weights
were set as follows: k1=0.8 and k2=0.2 for reward I, k1=
0.6 and k2=0.4 for reward II, and k1=0.5 and k2=0.5 for
reward III. Denote the resulting AOE systems as AOE
system I, AOE system II, and AOE system III, respec‐
tively. The same execution level was used for these
three AOE systems. The discount factor γ was set
as 0.9.
Training a DRL agent is very time-consuming.
Thus, the DRL agents were trained on a dataset con‐
sisting of a selected representative 150000 samples.
The data from the index of 150000 to 300000 shown
in Fig. 5 was selected as the training set because it in‐
cludes both high-speed and low-speed excavation seg‐
ments. The data from the index of 300000 to 450000
was selected as the test set containing data that had
not been previously examined by the DRL agents.
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Each of the DRL agents was trained on the training
set for four epochs in total.
The reward value comparison results are shown
in Fig. 11. For the training set, compared to human
operation, the AOE system I results in higher reward
values, while the AOE system II results in very similar
reward values, and the AOE system III yields a lower
reward value. It can be observed that the reward value
of the AOE systems on the training set are all within
the open interval of (−1, 1). Referring to Eq. (33), pe‐
nalization terms are added to discourage constraint vi‐
olations. If the training process of the DRL agents is
not convergent, the absolute reward value could be
much higher than 1. Thus, from the performance of
the AOE system on the training set, it can be inferred
that the corresponding agents training processes are
convergent. On the test set, the average reward values
Training set

Test set

Reward I

1.0

Human operation (k1=0.8, k2=0.2)
AOE system I (k1=0.8, k2=0.2)

0.5
0.0
−0.5
1.0

Reward II

of these three AOE systems are all higher than that
of the human operation, which means that the DRL
agents have good generalization ability. The same
phenomenon can be observed for the accumulative re‐
ward, as shown in Table 5. It turns out that the tradeoff between ẋˉ and Eˉ of the AOE system II is very
close to that of human operation, because it yields the
closest average reward value to the human operation
on the training set. This indicates that the proposed
multi-objective comprehensive excavation performance
measure is appropriate for shield excavation. On the
other hand, it also turns out that when the human op‐
erators make decisions on the excavation operating
parameters, the relative weight ratio of the excavation
speed and the specific energy consumption is close to
6 to 4.
To investigate which AOE system performs
better, a performance comparison of the AOE sys‐
tems should be conducted. However, the reward val‐
ue cannot be used for this purpose. Because these
AOE systems use different reward functions, and dif‐
ferent reward functions represent different perfor‐
mance evaluation criteria. It only makes sense to un‐
dertake a comparison under the same performance
measure. Thus, the performance comparison of the
AOE systems was performed from three different per‐
spectives: the dimensionless advance speed ẋˉ, specific
energy consumption Eˉ and their combination ẋˉ Eˉ  as
shown in Fig. 12. It should be noted that ẋˉ Eˉ is a com‐
prehensive performance measure similar to the reward
function, but the effects of k1 and k2 are eliminated.
It is evident from Figs. 11 and 12 that both the
reward value and advance speed sharply reduced after
the index of 250000, which reflects the deterioration
of geological conditions. Thus, in Fig. 12, the trans‐
verse axis indices between 150000 and 250000 are
classified as normal grounds, whereas the indices after

Human operation (k1=0.6, k2=0.4)
AOE system II (k1=0.6, k2=0.4)

0.5
0.0

Reward III

−0.5
1.0
Human operation (k1=0.5, k2=0.5)
AOE system III (k1=0.5, k2=0.5)

0.5
0.0
−0.5
15

20

25

30
35
Index (×104)

40

45

Fig. 11 Reward value comparison of various AOE systems
and human operation

Table 5 Comparison of performance for different datasets
Specification
k1=0.8, k2=0.2
k1=0.6, k2=0.4
k1=0.5, k2=0.5

Training set

Test set

Average reward

Accumulative reward

Average reward

Accumulative reward

Human operation

0.360

54001.950

0.022

3285.268

AOE system I

0.397

59498.580

0.097

14597.046

Human operation

0.265

39766.781

AOE system II

0.236

35384.536

−0.016

−2451.870

Human operation

0.218

32649.199

AOE system III

0.094

14086.584

−0.035

−5320.527

0.087
0.088

13046.381
13228.602
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Normal grounds

Difficult grounds

1.00

Human operation
AOE system I (k1=0.8, k2=0.2)
AOE system II (k1=0.6, k2=0.4)
AOE system III (k1=0.5, k2=0.5)

x·

0.75
0.50
0.25
0.00
0.300

20

E

25

30

35

40

35

40

Human operation
AOE system I (k1=0.8, k2=0.2)
AOE system II (k1=0.6, k2=0.4)
AOE system III (k1=0.5, k2=0.5)
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Fig. 12 Performance comparison of various AOE systems
and human operation

250000 are classified as difficult grounds. According
to the geological exploration report, the normal
ground conditions are mainly silty clay and fine sand,
with low bearing capacity, high compressibility, low
water permeability, and normal engineering perfor‐
mance. In contrast, the difficult ground conditions are
mainly silt and fine sand, with low compressibility,
high water permeability, and poor engineering perfor‐
mance. Under difficult ground conditions, quicksand
damage occurs easily, and the surrounding rock can
collapse and deform. Fig. 12 shows that in normal
grounds, the specific energy consumption levels of the
AOE systems are similar, whereas the AOE system with
a higher value of k1 achieves a higher advance speed.
In contrast, in difficult grounds, the advance speed
levels of the three AOE systems are similar, where‐
as the AOE system with a higher value of k2 shows
lower specific energy consumption. Table 6 sum‐
marizes the average values of ẋˉ, Eˉ, and ẋˉ Eˉ for the
human operation and the AOE systems. It is evident
from Table 6 that under normal geological conditions,

AOE system I has the highest average ẋˉ Eˉ value and
therefore yields the best comprehensive performance.
In comparison, under difficult geological conditions,
AOE system III has the highest average ẋˉ Eˉ value,
and yields the best comprehensive performance.
Compared to human operation, in normal gro‑
unds, the best performing AOE system increased the
average excavation speed by 17.33% and the average
ẋˉ Eˉ value by 9.91%. In difficult grounds, the best per‐
forming AOE system increased the average excava‐
tion speed by 41.91% and the average ẋˉ Eˉ value by
129%.
To further investigate the decision-making differ‐
ence between the AOE systems and human operation,
the actual actions of the two were compared, as shown
in Fig. 13. The AOE system II is considered because
it gives the closest comprehensive performance rela‐
tive to the human operation on the training set. The
magnitude of change in the human operator’s actual
actions is much larger than that in the AOE system.
To better observe these respective trends, the first two
figures in Fig. 12 use double y coordinates. It turns
out that there is a strong correspondence between the
actual actions of the AOE system II and geological pa‐
rameters, whereas human operation does not exhibit
the same relationship. This is an important reason
why AOE systems can outperform human operation.
As stated in Section 3.1, the excavation loads Tr and
Fr are complex functions of the machine-ground inter‐
action states (nc and ẋ ) and the geological parameters
(Pgw, c, and φ). These variables are provided to the
DRL agents for effective utilization. Thus, the DRL
agent can explicitly exploit the geological parameters
while considering the long-term performance objec‐
tive for decision-making. In contrast, as stated in Sec‐
tion 3.3, the actual actions of the human operation are
mainly dependent on the current nc and ẋ . In practice,
the main operation strategy of the human operator is
to maintain nc and ẋ within their respective allowable
ranges. The geological condition information used by

Table 6 Comparison of performance for different geological conditions
Specification
Human operation

Average ẋˉ
0.606

Normal grounds
Average Eˉ
Average ẋˉ Eˉ
0.014

44.299

Average ẋˉ
0.136

Difficult grounds
Average Eˉ
Average ẋˉ Eˉ
0.054

3.813

AOE system I (k1=0.8, k2=0.2)

0.711

0.018

48.692

0.122

0.048

3.548

AOE system II (k1=0.6, k2=0.4)

0.554

0.014

46.763

0.150

0.028

6.244

AOE system III (k1=0.5, k2=0.5)

0.273

0.021

18.564

0.193

0.022

8.738
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The first key issue is how to validate the applica‐
bility of the AOE approach in real projects. Reliability
and safety are the main factors restricting the develop‐
ment of TBM intelligent operation technology, and
the AOE approach is no exception. Although the AOE
approach has shown excellent performance and gener‐
alization ability in the simulated environment, it still
has a long way to go before it can be applied to practi‐
cal engineering. The AOE system needs to complete
an excavation test on a real shield machine under the
supervision of human operators. Nevertheless, we be‐
lieve that the AOE approach creates new possibilities
for the intelligent operation of shield machines. From
the perspective of the development of a new genera‐
tion of intelligent TBMs, the AOE approach has great
potential.
Another key issue is how to generalize the capa‐
bility of the AOE approach in different tunnel proj‐
ects. Obviously, one method is to train a DRL agent
on the construction field data extracted from different
tunnel projects, however, this method is not only very
time-consuming, but also has limited potential. A fea‐
sible method is to retrain the actor and critic networks
of the DRL agent using transfer learning technology.
In addition, fusing the similarity theory to improve
the generalization ability of the AOE approach is also
a method worth considering.

30.0

Fig. 13 Correspondence between the actual actions of the
AOE system II and the geological parameters (1 bar=1×
105 Pa)

the human operator (Gt and Db) is not directly related
to the cutterhead load and machine-ground interactions,
and thus the correspondence between the actual actions
in the human operation and the geological parameters
is weak. Moreover, it is very difficult for the human
operator to consider the long-term effects of a current
action.
5.2 Discussion
Although the AOE system presented in this
paper is developed using the construction field data
of a selected shield machine, the approach established
can be applied to all shield machines. Before its prac‐
tical application, there are two key issues that need to
be further studied.

6 Conclusions
In this paper, a novel AOE approach that inte‐
grates DRL and optimal control is proposed for shield
machines. A hybrid modeling method that integrates
the first-principles analysis and DNN is proposed for
the machine-ground interaction dynamics of the exca‐
vation process, which improves the interpretability of
the model and simplifies the feature selection proce‐
dure. The mean MRE of the best performing DNN
model is less than 8.5%, which validates its effective‐
ness. By analyzing the overall system, the multi-system
coupling mechanism is revealed. The overall system
analysis suggests that there are two equally important
DOF for the AOE system design, namely the coordi‐
nation level decision-maker and the execution level
closed-loop controller.
The proposed dimensionless multi-objective com‐
prehensive excavation performance measure that
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combines the dimensionless advance speed and the
specific energy consumption is found to be appropri‐
ate for the IOS. By comparison, it is found that the
relative weight ratio of the excavation speed and the
specific energy consumption is close to 6 to 4 when
human operators make decisions on the excavation
operating parameters.
The proposed AOE approach not only has the
potential to replace human operation, but also can
greatly improve the long-term comprehensive excava‐
tion performance. In addition, it is found that different
decision-making strategies should be used for differ‐
ent geological conditions. To obtain superior compre‐
hensive performance, the AOE system with a higher
value of k1 should be used in normal grounds, where‐
as the AOE system with a higher value of k2 should be
used in difficult grounds where the reward value and
advance speed reduce significantly. Furthermore, there
is a strong correspondence between the actual actions
of the AOE system and geological parameters, where‐
as human operation does not exhibit the same relation‐
ship. An important reason why AOE systems can out‐
perform human operation is that the AOE systems can
make better use of the machine-ground interaction
states and geological information while considering
the long-term performance objective.
Although training a DRL agent is very time con‐
suming relative to other ML algorithms, it still has
a huge advantage over training a skilled operator. In
this study, the DRL agent outperforms humans after
conducting a total of 7 d of excavation training in the
simulated environment. The training process takes
about 5 h for each DRL agent. In contrast, training a
skilled operator typically requires 15 to 18 months.
In addition, the DDPG agent can be continuously
improved after deployment by using its online learn‐
ing ability. In this study, the grounds with significant‐
ly reduced reward value and advance speed are classi‐
fied as difficult grounds, and the remaining grounds
are classified as normal grounds. This empirical and
rough classification may pose some difficulties in fur‐
ther determining the switching conditions of different
AOE systems, which is also the main limitation of this
study. Future work will be focused on the improve‐
ment of the proposed approach and industrial testing.
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