
 
 

 

 

 

 

 

 

 

 

 

 

USING TBM-GENERATED DATA FOR PRESSURE MODELING, GROUND 

CHARACTERIZATION AND OPTIMAL CONTROL IN  

EARTH PRESSURE BALANCE TUNNELING 

 

 

 

 

 

 

 

 

 

 

 

by 

Hongjie Yu  



 
 

 

 

 

 

 

 

 

 

 

 

 

Copyright by Hongjie Yu 2021 

All Rights Reserved 

 

 



ii 
 

 

A thesis submitted to the Faculty and the Board of Trustee of the Colorado School of Mines in partial 

fulfillment of the requirements for the degree of Doctor of Philosophy (Civil and Environmental 

Engineering). 

 

Golden, Colorado  

Date: ____________________ 

Signed:  __________________________ 

Hongjie Yu 

 

Signed:  __________________________ 

Dr. Michael A. Mooney 

Thesis Advisor 

 

Signed:  __________________________ 

Dr. Xiaoli Zhang 

Thesis Co-advisor 

Golden, Colorado 

Date:  _____________________ 

Signed:  __________________________ 

Dr. Junko Marr 

Professor and Head 

Department of Civil and Environmental Engineering



iii 
 

 

ABSTRACT 

Modern earth pressure balance tunnel boring machines (EPBMs) are extensively instrumented to 

gather data about human operations, machine reactions and construction logistics. These readily available 

data are the most direct, high resolution and unbiased description of the tunneling process, containing rich 

information on the physics of tunneling and the human aspect of operation. However, these data are 

underutilized in current tunneling practice, motivating the development of new approaches to make use of 

EPBM data. This thesis addresses this challenge by proposing three applications to achieve improved 

understanding and control of EPBM tunneling based on EPBM data. 

First, using the EPBM data recorded at an active tunnel site, a simplified chamber pressure model 

is developed, where two physical processes are considered and modeled: compressible material flow and 

chamber fluid seepage. The former treats the muck as a three-phase mixture whose behavior is void (and 

hence pressure) dependent and changes with the applied EPBM operations (i.e., screw conveyor rotation, 

soil conditioning and EPBM advancement), while the latter models the pressure dissipation during 

standstill using Darcian flow. A case study of the N125 tunneling project suggests the model is capable of 

tracing the chamber pressure variation in tunneling. However, with the increase of simulation duration, its 

accuracy degrades due to the accumulation of error. A model sensitivity study also suggests that the screw 

conveyor efficiency is a critical model parameter, whose value is shown to correlate with the formation 

soil water content and soil conditioning agent volume used. 

Second, using EPBM data and limited borehole logs, a framework is developed to characterize the 

as-encountered ground condition to allow for improved awareness of ground conditions while tunneling. 

Each ring is represented by features developed from the EPBM data to predict the ground condition, 

which is simplified to engineering soil unit (ESU) fractions inside the tunneling envelope, encoded 

probabilistically from borehole logs. Applying both supervised learning (SL, with multinomial logistic 

regression) and semi-supervised learning (SSL, with label propagation), the results suggest the major 

ESUs can be successfully identified, with the average Kullback-Leibler divergence (DKL) of the SL and 
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SSL methods being 0.64 and 0.51, respectively. The average precision/recall are 0.62/0.60 for the SL 

method and 0.66/0.63 for the SSL method. The average F1-scores are 0.61 for the SL method and 0.64 for 

the SSL method. Compared to the inference made by the geologists using borehole logs alone, the ESUs 

detected by data-driven approaches are more heterogeneous and can locate the boundaries between ESUs 

with finer resolution. Besides, the comparison between SL and SSL results conveys that while their 

performances are similar given sufficient borehole logs for training, SSL performs significantly better 

than SL when limited borehole logs are available for training. The study also shows that visualizing the 

similarity graph, the byproduct of the SSL method, offers an intuitive way for model interpretation. 

Third, this thesis also presents an effort of applying data-driven optimal control to enhance the 

EPBM tunneling performance. Using support vector regression, two coupled physical processes are 

modeled: EPBM advancement and cutterhead rotation torque. These models are incorporated into an 

optimal control framework and are optimized to determine the operations yielding the maximal 

instantaneous tunneling advance rate (AR). The results suggest an average AR increase by 8.6% and an 

average cutterhead torque reduction by 4.6% can be achieved. It is also found that the optimal thrust force 

and the resulting AR improvement are influenced by the chamber pressure, with a lower pressure 

magnitude requiring a smaller thrust force and thus making a higher AR achievable. The optimal 

cutterhead rotation speed, however, is found to be independent of the chamber pressure, and faster 

cutterhead rotation always contributes to more rapid EPBM advancement. 
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1.1 Motivation 

Mechanized tunneling using a tunnel boring machine (TBM) is a popular method of tunnel 

construction. Compared to conventional methods, TBM tunneling is more efficient, safer and less 

environmental disturbing (Maidl, Herrenknecht, et al. 2013), making it suitable for excavation in difficult 

ground (e.g., urban areas, mixed-face condition, or with high-water pressure). There are two major types 

of TBMs that are used in soft ground, with the main difference being the way excavation face is 

supported: earth pressure balance TBM (EPBM) and slurry pressure balance TBM (SPBM). For SPBM, it 

supports the face with bentonite slurry, while for EPBM, muck, an air-water-soil mixture, is used instead. 

Due to data availability, this thesis will focus on tunneling with EPBM. 

A typical EPBM tunneling cycle operates as follows. During excavation, with the rotation of 

cutterhead, the formation soil is cut loose by the cutter tools and enters the excavation chamber. The 

pressurized muck is further mixed with injected foam and additives, and this mix is used to the support 

the excavation face. To minimize ground deformation, a proper pressure must be maintained in the 

chamber, and this is achieved by adapting material injection and screw conveyor discharge to EPBM 

advancement. To move the EPBM forward, a series of hydraulic jacks distributed along the circumference 

of the machine are synchronized to push against the installed lining segments of the previous ring, 

advancing the EPBM along the designed tunnel alignment following the guidance of a navigation survey. 

Once a ring’s width is excavated, the EPBM advancement is halted, and precast segments are installed to 

form a whole ring as the permanent support. Such tunneling cycles will be repeated until the completion 

of the whole tunnel. 

To assist operation and diagnosis, modern EPBMs are well instrumented to include measurements 

of human operational input parameters (e.g. thrust force, cutterhead rotation speed, screw conveyor speed, 

CHAPTER 1 INTRODUCTION 
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injection rates of conditioner, etc.), EPBM reactions (e.g. chamber pressure, torque, navigation deviations, 

etc.), and construction logistics (e.g. power consumption, crew shift, etc.). These data are reported in real-

time and stored automatically by the programmable logic controller, typically every 5–10 seconds. They 

provide a direct, high resolution, and unbiased description of the tunneling process, containing rich 

information on the physics of tunneling and the human aspect of machine operation. Valuable as they are, 

such EPBM generated data are only used for routine purposes (e.g., checking for face pressure, cutterhead 

torque, navigation deviation, etc.), and are discarded upon the completion of tunneling. This 

underutilization motivates a reflection on current data handling and calls for the development of novel 

data utilizations. Specifically, this thesis explored three novel utilizations based on the EPBM generated 

data. 

(1) Using EPBM data for chamber pressure modeling 

Keeping a proper chamber pressure to counterbalance the lateral earth and water pressure from the 

face is critical to successful tunneling. However, as the relationship between chamber pressure and EPBM 

operation is unclear, operator experience is still relied upon for pressure regulation. While chamber 

pressure models exist, they are either developed with computational fluid dynamics intended for muck 

flow simulation (Dobashi, Matsuda, et al. 2013; Dang, Meschke, et al. 2014), which are slow to run, or 

are built using data-driven techniques that do not scale well due to their non-physical nature (Yeh 1997; 

Shao and Lan 2014). Other phenomenological models (Mosavat and Mooney 2015) relying on the 

concept of “muck compressibility” for pressure prediction failed to elaborate on the connections between 

muck compressibility and various EPBM operations. It is therefore of great interest, both from practical 

and physical perspectives, to design a physics-based chamber pressure model capable of running in real 

time to assist in chamber pressure regulation during EPBM tunneling. 

(2) Using EPBM data for ground condition characterization 

Geological uncertainty remains a major source of risk for EPBM tunneling and is the origin of 

many contractual disputes concerning differing site condition clauses. Traditional geological surveys rely 

on limited borehole logs to estimate the ground condition and hence require significant interpretation/ 
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interpolation for the generation of complete geological models. Previous research in both hard rock 

tunneling (Exadaktylos, Stavropoulou, et al. 2008; Bieniawski, Celada, et al. 2012) and drilling (Teale 

1965; Nelson and O’Rourke 1983; Acaroglu, Ozdemir, et al. 2008) have shown that changes in rock 

properties (e.g., rock type, strength, etc.) can alter the machine behaviors captured in the operational data. 

It is therefore possible to utilize the readily available EPBM generated data to detect the as-encountered 

ground condition in tunneling to achieve an improved ground awareness and reduce the risk in tunneling, 

which is in the best interest of all tunneling parties. 

(3) Using EPBM data to enhance tunneling performance 

Modern EPBMs are increasingly complex with tens of measurements to evaluate and control 

during operation. Yet they are still manually operated, relying on human operator experience. However, 

as it is known that human beings start to struggle when trying to control over four parameters 

simultaneously (Halford, Baker, et al. 2005), the current manner of EPBM operation likely leads to 

suboptimal tunneling performance. As all committed operations and the observed EPBM reactions are 

recorded in project data, it is possible to train a computer agent to learn from past tunneling experience 

and behave optimally to maximize the tunneling performance. While such data-driven optimal control 

practice has been reported, either to improve the rate of penetration in rock drilling (Hegde and Gray 

2017), or to regulate chamber pressure in EPBM tunneling (Liu, Shao, et al. 2011), no attempt has been 

made so far to enhance the EPBM advance rate (AR). Therefore, it is worthwhile to learn from the EPBM 

data and apply data-driven optimal control to improve tunneling performance with EPBM. 

1.2 Research Objective 

To achieve the data utilization cases described above, the following research objectives were 

pursued. 

(1) Investigate the physical processes governing the chamber pressure fluctuations in EPBM 

tunneling; Develop a physics-based chamber pressure model that considers the major EPBM 

operations such as screw conveyor rotation speed, soil conditioning agent injection, EPBM AR 



4 
 

and relevant geotechnical parameters such as ground hydraulic conductivity, in-situ pore water 

pressure, soil phrase fractions, etc.; Apply and demonstrate the model to verify its validity using 

real tunneling project data. 

(2) Study the potential correlations between the ground condition and the recorded EPBM data; 

Develop methods to utilize the EPBM-generated data and borehole logs to characterize the as-

encountered ground condition while tunneling; Evaluate and compare the performances of 

different methods when applied to a real tunneling project, especially in terms of their 

performances with limited borehole logs for training, a common challenge in tunneling projects. 

(3) Apply data-driven techniques to model the EPBM AR from the recorded data; Interpret the 

obtained data-driven models to verify their validity; Establish an optimal control framework for 

the enhancement of tunneling performance; Apply the developed optimal control framework to a 

real tunneling project to demonstrate the potential improvement in AR when utilizing the method 

developed in this thesis. 

1.3 Thesis Organization 

The thesis is divided into six chapters. Besides this introduction chapter, the remaining five are 

organized as follows: 

Chapter 2 provides a literature review about previous researches on chamber pressure simulation in 

EPBM tunneling. In addition, existing methods/systems developed for ground characterization, either in 

tunnel or rock drilling, are presented. Finally, data-driven optimal control applications for both rock 

drilling and EPBM AR are discussed. 

Chapter 3 presents a physics-based model for the simulation of chamber pressure in EPBM 

tunneling, in which the details of model formulation, implementation and parameter calibration are 

provided. The model is demonstrated using data from the Northgate Link Extension tunneling project as a 

case study. 
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Chapter 4 introduces methods to use EPBM-generated data for as-encountered ground condition 

characterization while tunneling. Two learning methods, namely supervised learning (with multinomial 

logistic regression) and semi-supervised learning (with label propagation), are applied and their results are 

compared. The proposed methods are applied to the Northgate Link Extension tunneling project and their 

results are compared against the prediction made by the geologists. 

Chapter 5 presents an effort to apply data-driven optimal control to enhance the EPBM tunneling 

performance (i.e., AR). Like above, data from the Northgate Link Extension tunneling project is used for 

demonstration. 

Chapter 6 summarizes the conclusions and outlook for future research. 
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This chapter provides the background and literature review of the research. Previous work on muck 

behavior and existing models for EPBM chamber pressure modeling are first presented. Ground condition 

characterization, mainly performed to date in rock drilling using measurement-while-drilling (MWD) 

data, or in tunneling with TBM-generated data, are reviewed. This chapter also summarized previous 

efforts in modeling the AR in drilling and tunneling, as well as literatures on applying data-driven optimal 

control to improve their performance. 

2.1 Chamber Pressure Modeling in EPBM Tunneling 

Maintaining a proper chamber pressure is essential for EPBM tunneling. Chamber pressure is 

measured with total pressure sensors installed on the chamber bulkhead, typically oriented in the 

horizontal direction. In addition to geological and geotechnical factors, during excavation, the chamber 

pressure is mainly influenced by the various EPBM operations taken, such as soil conditioning, 

cutterhead rotation, screw conveyor rotation and machine advancement. During standstill, chamber 

pressure will dissipate, gradually approaching the in-situ pore pressure (Cording, Nakagawa, et al. 2015). 

As the behaviour of muck will impact the observed chamber pressure variation, before discussing 

chamber pressure models, a review on muck properties and behavior will be given first. 

2.1.1 Muck Behavior 

Muck is a term used by the EPBM tunneling community to refer to the mixture of excavated 

formation soil, water and injected soil conditioner, typically foam and polymers. By adding soil 

conditioner to the formation soil, the mixture is modified into a material that is high in flowability and 

compressibility, low in friction and hydraulic conductivity, as are discussed in detail below. 

(1) Flowability 

CHAPTER 2 BACKGROUND AND LITERATURE REVIEW 
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Sufficient flowability is of great importance to the smooth flow of muck in and out of the 

excavation chamber. Muck with good flowability behaves fluid-like and yields a close to linear pressure 

distribution over the height of the face. However, muck with too high flowability is undesired: a complete 

loss of internal friction stress could make it hard to regulate by the screw conveyor. According to Maidl 

and Herrenknecht (2013), cohesive soil with a consistency index between 0.4-0.75 has enough flowability 

without further conditioning. For cohesionless soil, conditioning is generally required. Due to the 

existence of standardized testing procedure, the slump test (as widely used in concrete industry) is 

employed to evaluate muck flowability at atmospheric condition (Peila, Oggeri, et al. 2009). Generally, a 

slump test result between 15-20 cm indicates muck achieving good flowability. 

(2) Compressibility 

When mixed with abundant foam (in the form of gas bubbles), the muck’s compressibility 

increases. Highly compressible muck acts as a buffer to tolerate temporary imbalance of material flow 

into and out of the chamber, yielding a smoother pressure variation. 

Using a modified Rowe cell, Duarte (2007) performed muck compression test which 

simultaneously measures the pore pressure, gas and water volume expelled during one dimensional 

loading. The author observed that with foam added, the sand tested could achieve a void ratio greater than 

the maximum void ratio, emax, achievable without foam. In addition, even when subjected to high vertical 

compressive stress, the foam in the mixture remains stable as less than 4% of volumetric strain is caused 

by gas expulsion. 

Mori (2016) conducted one-dimensional muck compression tests with a pressurized testing 

chamber capable of measuring both pore pressure and total stress, and reported that when the foam 

injection ratio (FIR) is sufficiently high, the compressibility of the muck is almost fully determined by the 

compressibility of the gas, and can be predicted using the ideal gas law. Only when the applied stress is 

large enough to compress the muck to a void ratio below roughly 1.2emax does the effective stress start to 

develop. Besides, it seems the gas bubble is very stable and highly elastic, and hence completely 

recoverable when unloaded. The latter was later confirmed by Wu (2018), with additional observations 
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gained from a “foam generation – pressure chamber – foam capture” testing system to explain the soil-

bubble interaction mechanism at the micro scale.  

(3) Friction 

Muck friction is significantly reduced with soil conditioning applied. As EPBM is typically torque-

limited, muck of lower friction makes cutterhead rotation easier. Besides, it also reduces cutter wear and 

elongates the maintenance interval (Köppl, Thuro, et al. 2015). 

Langmaack and Feng (2005) attributed the friction reduction of soil conditioning to two 

mechanisms: (1) fluidizing effect by reducing liquid surface tension, and hence weakening the inter-

particle liquid bridge bonding; (2) introducing electrostatic repulsion between soil particles. Their 

explanation seems to align with the shear test result by Jancsecz et al. (1999), who showed that merely 

adding surfactant (not foam) can already reduce both interface friction and muck cohesion. 

By performing a series of direct shear tests on foam conditioned soil, Duarte (2007) explicitly 

related muck friction with void ratio. He found the soil friction angle will be effectively reduced when 

conditioned optimally. However, the optimal conditioning parameter is soil-specific: there are cases 

where too high a water content in turn reduces the foam effectiveness. The author also suggested using 

the Bolton’s empirical relation between frictional angle and relative density to estimate the muck strength 

(Bolton 1986). 

Using a device modified from that in Zumsteg et al. (2012), Mori (2016) conducted muck vane 

shear tests found the muck shear strength is negligible when its void ratio is over 1.2emax, consistent with 

findings on muck effective strength. 

In contrast to the work above that use the traditional soil mechanics framework in describing muck 

strength, muck strength is also studied and described within the rheology framework. For instance, using 

a pressurized vane shear test instrument, Meng et al. (2011) obtained the shear stress-shear rate curves of 

muck samples at various FIRs, pressure and water contents. They concluded that the muck can be 

modeled as a Bingham fluid (with mild shear-thinning), and for the specific sand tested, with the 
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increasing pressure, both viscosity and yield stress increases, while the increase of water content will 

decrease its yield strength.  

More recently, Galli (2016) conducted muck shear test at multiple scales, ranging from glass 

beads-shaving foam mixture at the micro scale, to foam-conditioned muck at the macro scale. The micro 

scale sample tested on a rheometer revealed a shear-thinning behavior, which can be described by the 

Herschel-Bulkley rheology model. For the macro scale sample tested with a ball measure system, its flow 

behavior can be described with a Bingham rheology model. 

(4) Hydraulic conductivity 

When tunneling below the ground water table, it is desirable to reduce the muck hydraulic 

conductivity to prevent uncontrolled water inflow. According to the preliminary researches by Psomas 

and Houlsby (2002), foam treatment can reduce hydraulic conductivity by one order of magnitude. Their 

latter tests (Duarte 2007) further suggested the muck permeability could be estimated using Kozeny-

Carman equation. 

Bezuijen (2006) proposed to estimate the muck permeability with Blake-Kozeny equation, which 

takes as input the fluid viscosity, density, soil porosity and particle size distribution. Bezuijen et al. (2012) 

showed that due to ground permeability, liquid in the chamber could seep into the formation soil and 

replace the in-situ water, reducing the de facto FIR in the chamber muck.  

2.1.2 Modeling Chamber Pressure in EPBM Tunneling 

In an attempt to develop an excavation control system for EPBM tunneling, Dobashi et al. (2013) 

proposed to deploy flappers inside the excavation chamber for the evaluation of muck properties. The 

idea is to first build a muck flow model using computational fluid dynamic (CFD), and to calibrate the 

model using the rotational torque measured by flappers installed in the chamber, from which the muck 

yield stress and dynamic viscosity (modeled as Casson plastic) can be back-calculated. Applying the 

system to a tunneling project in Tokyo, they showed the flapper-measured torque changes with the ground 

type, as well as operational parameters such as chamber pressure, advance rate, thrust force, and 
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particularly foam injection and expansion ratios. In addition, using the model simulated muck flow rate 

and shear rate in the chamber, one can quantitatively analyze the flow state of muck to decide whether it 

is subjected to the risk of blowout or clogging, and to react accordingly. 

To simulate the soil excavation and muck mixing process inside the chamber, Dang et al. (2014) 

combined the use of discrete element method (DEM) and finite element method (FEM). The DEM was 

employed in the modeling of formation soil cutting at the tool gap, whose output was used as the 

upstream inflow boundary into the mixing model. In their model, the muck was treated as a two-phase 

material, soil-water and foam-water mixtures, due to their significant viscosity contrast. For each phase, 

continuity, force and momentum equilibrium conservation were imposed. Using artificial data in 2D 

simulation, they showed that this hybrid modeling approach can simulate the excavation and mixing 

process in EPBM tunneling, enabling the inference of muck flow rate, composition and pressure 

anywhere in the chamber and screw conveyor.  

Recently, they (Dang and Meschke 2020) have conducted a more realistic 3D simulation  to 

systematically study the influence of muck consistency, compressibility, chamber and screw conveyor 

design on the pressure spatial and temporal distribution. Their simulation confirmed the existence of the 

horizontal chamber pressure gradient reported by previous researchers (Bezuijen, Joustra, et al. 2005; 

Mosavat and Mooney 2015), and found this gradient decreases at lower muck compressibility, and 

increases with higher muck yield strength and viscosity. In addition, the geometry of chamber (e.g., 

agitator and rotator location) and screw conveyor (i.e., shaft or ribbon style) was also shown to impact the 

pressure distribution. In contrast, the pressure difference along the chamber axis (e.g., from cutterhead to 

bulkhead) was always small, with the only exception at the screw conveyor inlet, where the pressure 

drops locally. 

Like other CFD simulations, while it is helpful to the study of chamber muck flow and how it is 

influenced by various muck properties, the exhaustive computational cost makes it impractical for the 

assistance of chamber pressure regulation in real time, where the varying EPBM parameters (e.g., 

advancer rate, soil conditioning, and screw conveyor rotation speed, etc.) should be considered. 
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Li et al. (2014) compared the performance of physics-based and data-driven approaches for 

modeling the chamber pressure in EPBM tunneling. In their physics-based model, the muck was assumed 

to behave like a linear elastic, homogeneous material, whose elastic modulus can be obtained via fitting 

from previous data. The chamber pressure fluctuation is modeled as the result of muck compression in the 

chamber’s longitudinal direction, with the shield AR and screw conveyor speed determining the 

volumetric strain. For the data-driven approach, a neural network is trained and the screw conveyor 

rotation speed and chamber pressure (both the current and previous step) are used as inputs. Applying 

both models to the prediction of pressure observed from a mini-TBM test and having their performance 

compared, Li et al. (2014) concluded that the physics-based approach is insufficient in accuracy. 

By analyzing the chamber pressure measurement from a 17.45 m TBM used for the SR99 

tunneling project in Seattle, the then world’s largest EPBM, Mosavat and Mooney (2015) found and 

established a linear relationship between volumetric flow rate of muck through the chamber (based on AR 

and screw conveyor speed) and the observed chamber pressure changes. Such a relationship was framed 

as muck compressibility and was used to estimate the state of soil conditioning along the tunnel 

alignment. 

In contrast to the models above that focus on the chamber pressure fluctuations during excavation, 

Bezuijen  proposed an analytical model to quantify the liquid loss to the formation soil due to liquid 

seepage from the chamber driven by the pressure gradient between the chamber and the ground (Bezuijen 

2006; Bezuijen and Dias 2017). This liquid loss process turned out to be critical for the explanation of 

chamber pressure dissipation during standstill period, when all the operations are halted. This model 

assumed quasi static condition and Darcian flow, and most importantly, foam bubbles does not migrate to 

the ground. The latter assumption, however, is in conflict with the finding of Galli (2016), who showed 

that foam bubbles could indeed move out of the chamber to the ground under certain conditions, and the 

bubble instant penetrate depth is influenced by the formation soil-specific surface and particle size 

distribution. However, comparison with the field pressure measurement (Bezuijen, Pruiksma, et al. 2005), 

either from SPBM or EPBM tunneling projects, seems to suggest the model’s prediction is reasonably 
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accurate. Moreover, Bezuijen et al. (2005) also reported the existence of horizontal pressure gradient in 

the chamber (also confirmed by Mosavat and Mooney (2015)), which Bezuijen attributed to the unleveled 

muck surface due to cutterhead rotation. 

2.2 Ground Condition Characterization 

2.2.1 Current Practice of Ground Condition Characterization 

Geological investigation is conducted prior to tunnel excavation, during which the ground 

geological, hydrogeological and geotechnical properties are obtained. Typical investigation methods 

include surface survey and mapping, drilling (or boring), well tests and geophysics such as seismic 

prospecting refraction and electrical exploration. These obtained data will be used to create a simplified 

geological profile, typically in 2D, for design and construction reference (de Vallejo and Ferrer 2011), by 

either engineering geologist or geotechnical engineer based on his/her engineering judgment. 

Geostatistical methods such as kriging are also used occasionally (Suro-Perez, Journel, et al. 1991; Remy, 

Boucher, et al. 2009; Ozturk and Simdi 2014). 

Due to various limitations, geological survey before excavation usually falls short in accuracy and 

cannot predict the detailed geological variation along the tunnel alignment. To this end, many TBM look-

ahead techniques have been developed to allow for geology characterization in the near front of TBM. 

Among them, some rely on passive monitoring. For example, Petronio and Poletto (2002) proposed a 

system for geology characterization based on receiving and analyzing the elastic waves generated during 

cutterhead rotation. However, as the spatial resolution of passive monitoring is limited by the frequency 

of acoustic signal involved in tunneling, passive monitoring is considered only suitable for identifying 

major anomalies in the ground. 

In contrast to passive monitoring, active look-ahead techniques emit signals to the ground in front 

when operating. For example, Herrenknecht AG (2010) developed an acoustic reflection-based technique 

called sonic soft ground probing (SSP) that transmits and receives P-wave between 500-2500 Hz from the 

cutterhead to map the ground in front. The system is reported as capable of detecting geology changes, 
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boulders or other anomalies up to 40 m ahead of the face, with a spatial resolution of 0.5-1 m depending 

on the range and resolution tradeoff (Mooney, Walter, et al. 2012). Besides mechanical waves, active 

monitoring can also rely on EM waves, for instance by using ground penetrating radar (Liu, Li, et al. 

2009; Hinton 2019). 

A shared drawback of active and passive look-ahead techniques is that they all call for dedicated 

instrumentation, either deployed on the TBM or in the field, to obtain data necessary for ground condition 

characterization. While doing so could increase the detection range and accuracy, it requires extra 

investment in hardware and software. In addition, to perform certain characterization operations (such as 

borehole ground penetrating radar), the scheduled tunneling progress might be delayed (Shirlaw 2016a), 

which makes such techniques less attractive to the contractor in practice. 

2.2.2 Ground Condition Characterization Based on Physics 

Many physics-based metrics have also been used to characterize the ground condition. These 

metrics relate machine data, either MWD data of the drilling rigs, or the construction data generated by 

TBMs, with the properties of the encountered ground. 

For instance, Radoncic et al. (2014) reported a simple empirical metric call the torque factor, which 

is defined as the ratio of the measured cutterhead torque to that estimated by some theoretical torque 

model (e.g., CSM model (Rostami, Ozdemir, et al. 1996)), can be indicators of the rock conditions 

presented at the tunneling face. In general, they reported this ratio should be within 0.7-0.9, but when 

advancing in more frictional ground, this is ratio will drop due to the thrust loss at the side of TBM. On 

the contrary, when the rock at the face is too weak to maintain stability, this torque ratio will increase 

significantly due to the friction caused by chips at the cutterhead. 

To characterize the rock in blast hole drilling, Zhou (2010, 2011) designed a metric called adjusted 

penetration rate (APR), calculated as Eq.(2.1), where PR is the penetration rate, PP is the pulldown 

pressure and RP is the rotation pressure, all readily available in the drilling rig MWD data. 

 ( )0.5
APR PR PP RP=   (2.1) 
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APR adjusted some PR variability caused by PP and RP, and was shown to give a good indication 

of the rock strength which in turn bears connections with different lithology.  

Perhaps the best-known metric for ground condition characterization is the specific energy of 

excavation (SEE). Dating back to as early as 1965, Teale (1965) first reported the concept of SEE in the 

context of drilling. SEE is defined as the energy required to excavate a unit volume of material and is 

directly calculable from the drilling rig MWD data in real time. Teale (1965) calculated SEE as 
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 (2.2) 

where F is the thrust force, A the area of the hole, u the penetration rate, N the rotation speed and T is 

rotation torque. Subscripts t and r denote the thrust and rotary components of SEE, respectively. Among 

the thrust and rotary components, SEE is dominated by the latter. As SEE is shown to be correlated with 

the rock strength like the uniaxial compressive strength and Brazilian tensile strength (Acaroglu, 

Ozdemir, et al. 2008), it can therefore be used to tell the difference between different geological 

formations. 

Bieniawski et al. (2012) extended the use of SEE beyond drilling to tunneling. He demonstrated 

that SEEr, the rotation induced specific energy component, is related to the rock RMR index, and it can be 

used to effectively detect the changes of ground conditions in several tunneling projects in Spain. 

Shirlaw (2016b) latter explored using SEE to TBM data obtained when tunneling in mixed ground 

conditions. Using EPBM and SPBM generated data obtained from projects in Singapore, he showed that 

SEE is also effective in locating the interface of different geological formations. In addition to SEE, 

Shirlaw (2016b) also calculated the penetration index (PInd) from TBM data and showed PInd is another 

sensitive metric that changes with ground condition variations. PInd is calculated using Eq.(2.3) 

 
CF

PInd
PRev

=  (2.3) 

where CF is the average normal force on the disc cutter, and PRev is the penetration rate per revolution. 

Culí et al. (2016) reported a recent effort of using the EPBM data to characterize the hydrological 

properties of ground during an EPBM tunneling project in Barcelona. In their work, a coupled hydro-
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mechanical FEA model was built to consider the EPBM operations (e.g., penetration, chamber pressure). 

It serves as a forward model and was calibrated using the ground water piezometer readings. With the 

model, the author could verify the location of the fault predict by the boreholes and estimate the hydraulic 

conductivity of the ground. 

2.2.3 Ground Condition Characterization with Data-driven Techniques 

Instead of having to manually craft metrics sensitive to the change of ground conditions for 

geology characterization, the recent advancement in data-driven techniques enables direct and automatic 

mapping from raw machine data to the desired geological labels (e.g., rock types, rockmass grading, or 

soil units), which is more flexible and usually performs better. Much work has been performed on this 

topic, either using MWD data during rock drilling, or using TBM-generated data during tunneling. 

In order to use the MWD data to identify the ground condition at the drilling bit (which is typically 

50 m ahead of the MWD sensors) so as to better guide the bit to maneuver in the thin oil bearing 

formation, Klyuchnikov et al. (2019) used machine learning to classify the rock type hit by the drilling bit 

with real-time MWD data. In their model, the raw sensor measurements such as weight-on-bit, torque-on-

bit, rate of penetration, bit rotary speed are used as input features. In addition, two common empirical 

metrics, namely the SEE and APR described above, were also included. Using the supervised learning 

methods of logistic regression, decision tree, gradient boosting and feedforward neural network, their 

models were trained to predict the lithotypes labeled independently by petrophysical interpretation based 

on logging while drilling measurements. The results suggested that while the performance of gradient 

boosting and feedforward NN were superior than the other two, gradient boosting is much faster to train 

and is therefore a better choice overall. On the dataset they used, the gradient boosting reported a 

classification error of <10%, and a ROC AUC of 0.88 and PR AUC of 0.625. 

Zhang et al. (2019) applied three supervised learning methods, namely support vector classification 

(SVC), k nearest neighbor and random forest, to predict the geological condition in hard rock tunneling 

from TBM data. In their model, the raw measurements of cutterhead rotation speed, thrust force, 
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cutterhead torque and TBM AR are treated as input features, and the rock mass classification is the 

output, which itself is labeled by another k-means model. By comparing the three methods’ performance, 

the author concluded that the SVC performs the best, with an average prevision of 98.6%.  

Zhao et al. (2019) used supervised learning for the prediction of soil types from EPBM generated 

data while tunneling. Their model takes as inputs the raw EPBM operational measurements and outputs 

the soil type, denoted as a vector consisting of each soil type’s thickness in the tunneling envelope, 

revealed by boreholes. The authors applied a range of supervised learning methods including artificial 

neural network (ANN), XGBoost, CatBoost, random forest, decision tree, SVR, KNN and Bayesian liner 

regression, and their performance were compared on a tunneling project of 1364 rings and 88 boreholes. 

The results suggested that ANN is the best performing method with its mean square error on the test set 

(30% of the total data) to be less than 5%. 

2.3 Data-driven Models for Advance Rate Modeling and Control 

2.3.1 Estimating Rate of Penetration in Hard Rock Tunneling 

The rate of penetration (ROP) is an important performance indicator for tunneling, as it influences 

the project time, and ultimately the cost. For hard rock tunneling, both empirical models and data-driven 

models have been used for ROP estimation, as are reviewed below. 

The most commonly applied empirical model for ROP estimation is the CSM model. CSM model 

(Rostami, Ozdemir, et al. 1996) begin by estimating individual cutter force, which, preferably, shall be 

obtained from full size test when condition allows, or estimated using empirical formula, for example, as 

shown in Eq.(2.4) 
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where Ft is the total cutter force, R is the cutter radius, T is the cutter tip width, ψ is a constant related to 

pressure distribution. P0 is the pressure in the crush zone, and is a fitted function of the following form 
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where C is a fitted coefficient around 2.12, and S is the spacing between cuts. σc and σt are rock’s uniaxial 

compressive strength (UCS) and tensile strength, respectively. Φ is the angle of contact between rock and 

disc cutter, and it is influenced by the ROP as, where p is the penetration per revolution. 

 1cos
R p

R

− −  =  
 

 (2.6) 

Once the individual cutter force is obtained, they can be added up to obtain the overall thrust force, 

rotation torque and power consumption requirement at various ROPs. Comparing them further with the 

TBM capacity, the maximum ROP achievable can be determined.  

The description above suggests that the prediction of the CSM model is a function of rock strength 

(e.g., compressive and tensile strength), cutterhead design (e.g., cutter spacing, dimension, etc.) and TBM 

capacities. As the CSM model is intended for massive rock without significant fracturing, its performance 

suffered in highly fractured rock (Hassanpour, Vanani, et al. 2016), and some modifications were later 

proposed to take into account joints in rock masses (Yagiz 2003). 

Similar to CSM model, NTNU model and the FPI model are also empirical models that predict the 

ROP mainly using rock properties, with the main differences being the specific functional form assumed. 

For example, NTNU predicts the penetration p as (Bruland 1999) 
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where p is the penetration (mm/rev), MB is the gross average cutter thrust, kd and ka are correction factors. 

M1 is the so-called critical cutter thrust required to achieve 1 mm/rev, and the coefficient b is related to a 

fracturing factor. While for the FPI model (Hassanpour, Rostami, et al. 2009), p is estimated as  
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where Fn is the cutter force, and a, b, and c are all fitting parameters. 

In addition to empirical models, data-driven techniques have also been used extensively to predict 

ROP in hard rock tunneling. Benardos and Kaliampakos (2004) applied a neural network for the 

prediction of a hard rock TBM in Athens. In their model, only the geological parameters, namely the 
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RQD designation, degree of weathering, overload factor, RMR classification, uniaxial compressive 

strength (UCS), tunnel overburden, ground water table and rock permeability, were taken as inputs, while 

TBM operations were assumed unchanged. Using only 11 data points to train a four-layer perceptron with 

eight, nine, four and one neurons included in each layer, the reported relative error is around 8% on the 

testing set.  From modern machine learning’s perspective, using such a small dataset to train a neural 

network is almost guaranteed to result in overfitting, and hence the result is less reliable. 

Based on a dataset collected from the Queen’s water tunnel #3 in New York City, a wide range of 

data-driven techniques have been applied to predict the TBM ROP. For example, using the rock UCS, 

Brazilian tensile strength (BTS), brittleness index (BI) and the distance (DPW) and angle (α) between 

weak plane and the tunneling direction, Yagiz (2009) reported to have used artificial neural network 

(ANN) and non-linear multiple regression for ROP prediction. His result suggested that, while either 

method can predict ROP reasonably well (with R2 all above 0.8), ANN performs slightly better than the 

other methods.  

Later, using the same dataset, Mahdevari et al. (2014) applied support vector regression (SVR) for 

ROP prediction. In addition to the five inputs used by Yagiz (2009), additional features related to TBM 

operations such as the thrust force, cutterhead power and torque, specific energy, were included as model 

input as well. Their result suggested the SVR model could predict the ROP accurately, yielding a R2 of 

94.9% on the testing set. The authors additional commented that besides rock properties, TBM operations 

also impact the ROP of tunneling, even though it is not clear how they arrive at this conclusion as no 

comparison was made to models trained using geological inputs only.  

Other ROP modeling efforts using this dataset (Yagiz and Karahan 2011, 2015; Shao, Li, et al. 

2013) also exist, with the main difference between them the specific supervised learning method chosen, 

or with some minor variations in model inputs. 
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2.3.2 Modeling Advance Rate for Soft Ground Tunneling 

An interesting observation from the ROP models for hard rock tunneling is that, most models could 

yield decent performance when only rock/rockmass properties are used as inputs, while operational 

parameters seem to be less important. This is likely because the rock cutting is the most challenging 

process in hard rock tunneling and is almost exclusively determined by the rock strength, while the way 

of TBM operation makes less difference (Rostami 2016). 

This is, however, not the case for soft ground tunneling, where proper machine operation is 

essential to keep a suitable face pressure and smooth muck (slurry) flow into and out of the chamber. No 

empirical model has been developed to estimate AR considering both geological and operational 

parameters. Some qualitative conclusions did exist. For example, by comparing the performance of 46 

EPBMs worldwide, Roby and Willis (2014) concluded that soil conditioning is the most influential to 

EPBM performance, with the experience of the contractor a far second, while face pressure, machine 

diameter, driving and mucking system design shows no obvious correlation. It is worth noting that in their 

summary, tunneling performance is defined as the progress per unit time, which has accounted for 

machine utilization and is therefore not purely determined by EPBM AR. 

Most existing research on AR modeling in soft ground tunneling relies on data-driven techniques. 

For instance, in Mooney et al.(2018), the EPBM AR when advancing in granular soil was modeled with 

SVR method, using 12 features as model inputs, including the total thrust force, cutterhead torque, the 

rotation speed and torque of the two screw conveyors, the injection rates of foam, solution and water, as 

well as the tunnel cover depth and ground water table. Their model reported a coefficient of determination 

(R2) of 0.89, and root mean square error (RMSE) of less than 9 mm/min (w.r.t. measured AR between 80-

100 mm/min). In addition to AR prediction, with the help of partial dependency plot (PDP) and individual 

conditional expectation (ICE) plots, they managed to interpret the contribution of each model input to the 

resulted AR to allow for a manual comparison with the physics of tunneling to verify their validity. Their 

work and the subsequent elastic net regression modeling by Mokhtari and Mooney (2020) further showed 

the importance of soil type on the EPBM AR. While keeping the same set of input parameters for AR 
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modeling, their research showed that the contribution of each model input to the AR were significantly 

changed when data from sand, silt, and clay were used for model training. 

Using data collected from a metro line tunneling project in China, Elbaz et al. (Elbaz, Shen, et al. 

2019) proposed using a neuro-fuzzy inference system for EPBM AR estimation. Using only three 

operational inputs, namely the cutterhead rotation speed, torque, and the screw conveyor rotation speed, 

Elbaz et al. reported a R2 of 0.85 and a relative deviation of 15%. However, due to the fact that their 

dataset is rather small with only 200 measurements, the reported performance is questionable. 

To predict the EPBM AR of a subway tunnel project, together with other machine reactions, Gao et 

al. (2019) applied and compared a series of supervised learning methods. Their model used the cutterhead 

torque, AR, thrust force and chamber pressure at three difference locations as inputs, and each input 

value’s history in the previous six timesteps were accounted for as the “memory”. Their results suggest, in 

terms of AR prediction, the gated recurrent unit performed the best, with a RMSE of 1.2 mm/min and 

mean absolute percentage error of 6.2%. 

2.3.3 Optimal Control for Tunneling and Drilling 

Optimal control has been applied in tunneling for chamber pressure regulation, instead of for AR 

improvement. Yeh (1997) was the first to report chamber pressure control in EPBM tunneling. In his 

work, the chamber pressure was modeled with ANN trained using EPBM data, with its inputs consisting 

of previous chamber pressure, previous and current thrust jack speed and screw conveyor speed. By 

minimizing the difference between the predicted and desired chamber pressure with respect to AR and 

screw conveyor speed, the optimal operations for chamber pressure can be determined.  

Liu et al. (2011) applied a predictive control strategy to automatically control the chamber pressure 

in EPBM tunneling. The chamber pressure was first modeled using LS-SVM method with inputs of the 

EPBM AR, screw conveyor rotation speed, thrust force, cutterhead rotation speed and chamber pressure 

(the previous two used both the current and previous step values while the others used only the previous 

values). Using the obtained chamber pressure model, they formulated the optimal pressure regulation task 
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as minimization of the deviation between the predicted and desired chamber pressures, which was then 

solved using particle swarm optimization (PSO). When tested with data from a toy example using 

artificial chamber pressure dynamics, they showed the optimal control strategy could yield a smoother 

variation of chamber pressure when compared to other control strategies (e.g., using ANN). In the 

authors’ most recent effort (Liu, Xu, et al. 2020), a more sophisticated pressure control strategy using 

dual-heuristic programming was proposed, where in addition to the controllables above, cutterhead torque 

was also included. 

One prominent problem in the work of Yeh (1997) and Liu et al. (2011) is their definition of 

controllable variables. In their work, the AR and thrust force were both considered as controllables, while 

in reality, the operator can only specify the thrust force and the AR is a reaction determined by the 

excavation physics. This makes their work less realistic if to be applied in tunneling practice. Another 

issue shared by the research above is that they all failed to consider some concurrent changes in EPBM 

reaction. For example, an adjustment in thrust force and screw conveyor rotation speed will certainly 

cause change in cutterhead torque, which is limited due to motor capacity. Considering realistic 

constraints as such is critical to ensure the obtained solution is executable. 

As a closely related field, rock drilling also embraced the idea of optimal control, mostly to reduce 

the cost of drilling and improve drilling efficiency. Self et al. (2016) considered the optimization in the 

drilling of extended reach wells. Using the WOB, ROP and RPM recorded during several drilloff tests, 

they first best fitted a physics-based ROP model by Kerkar et al. (2014). Using this fitted model adapted 

to specific well data, optimization was performed to minimize the drilling cost per unit length, which is a 

function of rig cost, rotating time and tripping time. Their optimized results suggested a 10% reduction in 

cost can be obtained. In addition, they found that rock strength has a significant influence on the 

identified optimal drilling parameters (i.e., WOB and RPM). In order to make the optimization adapt to 

the changing geology, the author suggested the model fitting shall be performed using data from a smaller 

drilling interval. 
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Using the weight-on-bit, flow-rate, rotary speed measurement reported in the drilling rig MWD 

data, together with the rock properties, Hegde and Gray (2017) showed that ROP can be successfully 

modeled with purely data-driven techniques like the random forest method. In addition, they treated the 

obtained data-driven ROP model as a surrogate of the unknown drilling dynamics and maximized the 

instantaneous ROP with respect to drilling operations to determine the optimal drilling rig operation. The 

optimization was solved with PSO. In their following work (Hegde and Gray 2018), alternative 

optimization objectives such as torque-on-bit and mechanical specific energy were chosen and optimized. 

Their results suggest that minimizing the mechanical specific energy yielded a more balanced 

performance improvement than the other two. With optimal control, the drilling ROP can be increased by 

20%, together with a decrease of torque-on-bit and mechanical specific energy by 7% and 15%, 

respectively. 

Besides ROP, using a similar idea and following the same procedure, Gidh et al. (2011; 2012) have 

also used ANN to predict bit wear besides ROP to extend the bit life of drilling. However, since the 

assessment of bit dulling is only possible after drilling, their model training was performed using post-

work analysis on offset well data, therefore making the model update not in real-time. Nevertheless, the 

repeated success of applying optimal control in drilling performance enhancement suggests the feasibility 

of combining data-driven modeling with optimal control for improved operation in EPBM tunneling. 
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Reproduced from a paper published in the Journal of Tunneling and Underground Space Technology 

(DOI: 10.1016/j.tust.2020.103457) 

A Simplified Excavation Chamber Pressure Model for EPBM Tunneling 

Hongjie Yu1, Michael Mooney2, Adam Bezuijen3 

3.1 Abstract 

This paper presents a simplified excavation chamber pressure model for earth pressure balance 

shield tunnel boring machine (EPBM) tunneling in granular soils, capable of predicting chamber pressure 

response during both excavation and standstill periods. Two physical processes, (1) compressible material 

flow, and (2) chamber fluid seepage, are modeled. The chamber pressure model is physics-based and is 

built upon chamber muck mass conservation. The model assumes muck behavior to be pressure-

dependent and quasi-static. Given recorded EPBM operations, including advance rate, chamber additive 

injection rates and screw conveyor rotation speed, the model can predict the chamber pressure fluctuation 

with good accuracy, both during excavation and standstill periods. A case study using tunneling project 

data is included, where the model’s capability to simulate chamber pressure evolution during excavation 

of a single ring and multiple consecutive rings is demonstrated. 

3.2 Introduction 

Managing excavation chamber pressure on earth pressure balance shield machines (EPBM) is 

critical to successful operation. Applying proper pressure to counterbalance the lateral earth and water 

pressure is essential to maintain face stability and minimize ground deformation. To control chamber 
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pressure, the operator must continuously adjust various operations (e.g., screw conveyor speed, soil 

conditioning recipe, thrust force, etc.), following their judgment based on EPBM instrumentation and 

experience, all of which are performed in real time and usually in a stressful environment. With due 

respect to the value and insight of the operator, relying purely on human control is a concern for quality 

assurance/control, particularly with the increasing complexity of modern EPBMs and narrower tolerance 

for mistakes. It is therefore desirable to develop a model capable of providing guidance to the operator in 

delivering the appropriate chamber pressure. 

Another motivation behind this work is EPBM operator training. The industry today adopts a 

mentor-apprentice approach in operator training, which is neither standardized nor transferable, as each 

apprentice’s skill is largely influenced by that of his/her mentor’s and the situations they are to encounter 

together during training. As shown by practices in other fields (A A Abouzuid and G A Cooper 2001; 

Cooper and Taqueti 2004; Weinberg and Harsham 2009; Lateef 2010), simulation-based learning can 

provide trainees with an immersive, interactive learning experience that can be standardized, facilitating 

the acquisition of skills necessary for risky situations that are difficult to re-produce in traditional training. 

The excavation chamber pressure model comprises a key aspect of simulation-based learning. 

EPBM chamber behavior has been examined to some degree as reported in the literature. To 

evaluate the muck flow inside the mixing chamber, Dobashi et al. (2013) introduce the Casson 

constitutive model to describe the muck’s behavior. Using instrumented flappers to determine muck yield 

stress and dynamic viscosity, muck flow in the chamber was treated as an incompressible flow problem 

and solved via a computational fluid dynamics (CFD) solver, assuming equal inflow and outflow 

boundaries of the chamber. The simulated result was used to evaluate the status of the chamber muck 

flow and assist with control during excavation. 

Dang et al. (2014) used CFD to simulate muck flow in the chamber, including the modeling of 

formation soil cutting that occurs before mixing, where discrete element method (DEM) is used and its 

output determines the chamber inflow boundary. Dang et al. treated the muck as a two-phase material: 

soil-water and foam-water mixtures due to the significant viscosity contrast. For each phase, continuity, 
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force and momentum equilibrium constraints were imposed. Using artificial data in a 2D simulation, they 

showed that a CFD-FEM modeling approach is capable of simulating the foam mixing in the chamber 

during EPBM excavation. Their model does not consider what happens during standstill periods. 

Li et al. (2014) modeled the chamber pressure using both physics-based and data-driven 

approaches. The physics-based approach assumes the muck as a linear elastic homogeneous material and 

models the chamber pressure fluctuation as the compression of muck in the chamber longitudinal 

direction, with shield advance rate and screw conveyor speed determining the volumetric strain. The 

elastic modulus is obtained via fitting. For the data-driven approach, a neural network is trained and the 

screw conveyor rotation speed and chamber pressure (both the current and previous step) are used as 

inputs. Applying both models to a mini-TBM test and comparing their performance, they concluded that 

the physics-based approach is insufficient in accuracy while the data-driven one can better captures the 

nonlinearity of chamber pressure variation. Both of their models address excavation period only. 

Mosavat and Mooney (2015) predicted the compressibility of conditioned muck from measured 

chamber pressure variations. By examining large diameter EPBM data, they established a linear 

relationship between volumetric flow rate of muck through the chamber (based on advance rate and screw 

conveyor speed) and observed chamber pressure changes. Such a relationship was used to characterize 

muck compressibility and to estimate the state of soil conditioning while tunneling. Their method was not 

used to predict chamber pressure behavior. 

While all studies described above focused only on chamber pressure response during excavation, 

the model proposed by Bezuijen (2006) and Bezuijen and Dias (2017) quantifies the chamber liquid loss 

due to seepage into the formation soil, and can also be used to explain the chamber pressure dissipation 

during standstill. The validity of the model was confirmed by comparison with field measurement, both 

from slurry pressure balance TBM and EPBM tunneling. 

There are also data-driven chamber pressure prediction/control models that are not physics-based 

(Yeh 1997; Shao and Lan 2014). These efforts adopted neural networks as the modeling approach, and 

use the current and previous machine advance rate, pressure and screw conveyor speed as model inputs. 
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The reported accuracy of these approaches is typically very good; however, non-physics-based models 

usually suffer in transferability, e.g., they do not scale well on different machines and projects unless re-

trained. 

In this paper, we introduce a simplified chamber pressure model that is physics-based and capable 

of simulating the EPBM excavation chamber pressure response when tunneling in soil. The model 

explicitly accounts for the influence of the soil properties, and takes common EPBM operations including 

soil conditioning recipe, screw conveyor rotation speed, advance rate as inputs. The model could predict 

chamber pressure in real time with reasonable accuracy both during excavation and standstill period, and 

is yet computationally inexpensive and is therefore suitable for applications such as an EPBM simulator, 

where promptness is critical. The remainder of the paper is organized as follows: Section 3.3 will provide 

a description of relevant physical processes in the chamber, followed by detailed model implementation 

in Section 3.4. In Section 3.5, a case study is included using the real data from the North Link extension 

tunneling project (N125) in Seattle for demonstration. A discussion is provided in Section 3.6 followed by 

conclusions in Section 3.7. 

3.3 Physics of Chamber Pressure Evolution 

Figure 3.1a shows the typical configuration of an EPBM chamber. The cutterhead (removed in the 

figure) is mounted to the main bearing via pedestals and rotates slowly (1-3 RPM) during tunneling to 

enable cutting. The chamber pressure is measured with horizontally oriented pressure (total stress) gauges 

mounted on the chamber bulkhead at various heights. In practice, only total lateral stress is measured. The 

inlet of the screw conveyor resides at the invert of the mixing chamber and is responsible for discharging 

muck in a controlled manner. 

The model simulates the region beginning at the cutterhead front face extending back to the 

chamber bulkhead (Figure 3.1b). The scraped formation soil is mixed with conditioning agents (delivered 

as foam and/or liquids) in the tool gap between the cutting tool tips and the cutterhead face (Figure 3.1b). 
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The foam expands the formation soil reducing interfacial friction and permeability while increasing 

compressibility and flowability. 

The construction of a tunnel occurs in repetitive tunneling cycles. Each cycle consists of sequential 

excavation and ring build (standstill) stages. During excavation, the soil-foam-liquid mixture in the tool 

gap moves into the mixing chamber through cutterhead openings as the EPBM advances. Additional 

additives (e.g., bentonite slurry, polymer, water) can be added in the excavation chamber. The muck 

travels to the chamber invert and is transported through the screw conveyor to a belt conveyor at 

atmospheric pressure. During standstill, the EPBM stops for ring installation, and the rotation of the 

cutterhead and screw conveyor is stopped. All conditioning agent and additive injections are typically 

paused except to maintain chamber pressure at a desired level during extended standstill. 

 

Figure 3.1 (a) Picture showing the mixing chamber with cutterhead removed; (b) Diagram showing the 

overview of the model simplification: ➀ is the zoom-in view of tool gap, where foam is directly injected; 

➁ and ➂ are the center/springline and invert position of the mixing chamber, the latter is also where the 
screw conveyor outlet is. 

The proposed excavation chamber pressure model includes the following assumptions: (1) The 

model space comprised of the tool gap, cutterhead openings and excavation chamber, has a fixed, 
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constant volume; (2) muck moves under quasi-static conditions where inertial forces are negligible; (3) 

the muck is an air-liquid-solid mixture, in which the liquid and solid phases are incompressible while the 

air exists in the form of bubbles subject to ideal gas law behavior; (4) the chamber pressure varies in the 

vertical direction (z), while the variation in the longitudinal direction (x) and transverse direction (y) are 

considered negligible; (5) the amount of substance concentration of the three muck phases (i.e., solid, 

liquid and gas) are uniform in the chamber; (6) the pore water pressure in the chamber is higher than that 

in the surrounding ground, and the air-liquid-solid mixture is less permeable than the in-situ soil 

immediately in front of the cutterhead. With these assumptions, two key physical processes, namely 

compressible material flow and fluid seepage, are modeled as follows. 

3.3.1 Compressible Material Flow 

Considering the excavation chamber as a control volume and per mass conservation, the rate of 

change of muck mass equals the difference of mass inflow and outflow rates. In EPBM tunneling, this 

include the excavated soil inflow through the cutterhead openings, conditioning fluid injection, and muck 

outflow via the screw conveyor. Applying conservation of mass to all the three phase components of 

muck yields: 
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 (3.1) 

where Vchm is the mixing chamber volume (simulated region in Figure 3.1b), ϕ the volume fraction, Q the 

volumetric flow rate, and u the fluid pressure. The subscript α denotes the three phases (α = gas g, liquid l 

and solid s). The superscripts, fmt, air, sol, add and scw, respectively, stand for the formation soil, air, 

foam solution, additives (e.g., liquid polymer, bentonite, water) and the screw conveyor. Because the gas 

is compressible, the ideal gas law is used in deriving the 3rd equation. 
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The left hand side of Eq.(3.1) reflects the change in chamber muck composition (i.e., the volume of 

solid, liquid and amount of gas substance), which is caused by the various material flows on the right 

hand side, controllable by EPBM temporal operations, as is detailed below. 

The formation soil inflow rate Qfmt is determined by the EPBM advance rate 

 2fmt
Q A v R v=  =   (3.2) 

where v is the EPBM advance rate, A is the excavated area, R is the excavation radius, and fmt

  is the 

respective volume fraction in the formation ground estimated from the provided geotechnical report. 

During tunneling, the operator can change the conditioning recipe by adjusting the magnitude of air 

flow rate Qair and solution Qsol. Often, Qair and Qsol are expressed as foam injection ratio (FIR) and foam 

expansion ratio (FER) defined as: 
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FIR conveys the volumetric fraction of injected foam per excavated volume, and FER defines the 

volumetric fraction of foam to the liquid foam solution. Foam can be injected through nozzles on the 

cutterhead face and/or inside the chamber. In either case, we assume that all injected air and solution 

enters the chamber without loss to the formation ground. The additive injection rate, Qadd, is controlled by 

the operator. Additives may contain both liquid and solid components characterized by add

 . 

The muck outflow rate Qscw is influenced by the screw conveyor rotation speed ωs as well as the 

muck property after conditioning. Using kinematic analysis, Merritt and Mair (2008) and Talmon and 

Bezuijen (2002) suggest the first half of the following equation (1st row) for discharge rate estimation 

through an Archimedes screw: 
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where h is the screw conveyor pitch distance, θhelix is the helix angle, and Df and Ds are the diameters of 

screw conveyor flight and central shaft, respectively. The flow angle β is between 0 and π-θhelix and 

increases with the reduction of material friction, when for instance more conditioner is used. According to 

Merritt and Mair (2008), β = π/2-θhelix is the threshold beyond which muck is so slippery that it will flow 

along the screw conveyor under the pressure alone. However, no method is provided for β determination. 

Instead of β, we introduce a screw conveyor efficiency parameter λ (the 2nd row in (3.4)) and determine its 

value from the EPBM data. The muck composition discharge occurs at the screw conveyor inlet, scw

  

(location ➂ in Figure 3.1b). 

As outlined in Mosavat and Mooney (2015), the pressure reading of the horizontally oriented 

pressure sensors is the summation of pore liquid pressure and horizontal effective stress: 

 '
x zK u = +  (3.5) 

where '
z  is the vertical effective stress within the chamber and K is the lateral earth pressure coefficient 

within the chamber, which is generally assumed to be ≈1 if the void ratio e is close to emax (Mosavat and 

Mooney 2015). 

The difference between pressure in the gas bubble and surrounding water is on the order of several 

Pa and is therefore neglected (Wu, Mooney, et al. 2018), i.e., gu u . The effective stress '
z  is largely 

controlled by the muck composition, specifically the void ratio, e. Depending on the degree of 

conditioning, muck can be well-conditioned or poorly-conditioned. Well-conditioned muck is established 

when sufficient fluids (air or liquid) are mixed such that e is large enough to prevent most inter particle 

contacts, reducing shearing resistance and eliminating effective stress, namely ' 0z  . Otherwise, soil 

particles are not dispersed and effective stress persists, i.e., ' 0z  . It has been demonstrated in previous 

studies (Bezuijen 2012; Maidl, Herrenknecht, et al. 2013; Mori, Wu, et al. 2015) that the maximum void 

ratio emax is an important parameter around which the two regimes transition. 
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Critical state soil mechanics relates the effective stress with void ratio. Here, the relationship 

between muck effective stress and void ratio is approximated as: 

 

max

'

max min
max

max

0

expz

c

e e

e e
e e

e e





=  −   − 

 (3.6) 

where σc is the soil particle crushing strength, and emin is the minimal void ratio. Per Eq.(3.6), '
z  is zero 

when the muck void ratio is greater than emax. This is consistent with experimental observation (Mori, 

Mooney, et al. 2018). When below emax, the effective stress will develop exponentially, following a form 

first proposed by Bolton (1986). 

Due to the assumption that the amount of substance concentration is uniform for each phase 

component in the chamber muck, ϕα becomes a function of the pore liquid pressure. Increasing pore liquid 

pressure will compress foam bubbles in the muck, leading to a lower void ratio, and vice versa. Formally, 

this is given as: 
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where uref and ref

  are the pore liquid pressure and fractions of some reference height. With Eq.(3.5)-

(3.7), the muck total stress can be determined by the pore liquid pressure alone. 

At any point in the chamber muck, the static equilibrium condition is satisfied, yielding 
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where ( )' 'tanz a    = +  is the friction between muck and the chamber wall, in which δ' is the muck-

steel frictional angle and a is the interface adhesion. For conditioned granular soil, a is small, typically 

below 1 kPa according to Galli (2016) and Dobashi et al.(2013), and is therefore neglected for simplicity. 
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The geometry terms w and L reflect the width (y direction) and length (x direction) of the chamber, 

respectively (see x, y directions in Figure 3.1). 

The assumption of pressure stratification requires equilibrium in one direction, while the quasi-

static assumption about the muck exempts the inclusion of viscous and inertia terms from Eq.(3.8). 

Together they simplify the computation. 

Expressing the muck density as a function of phase fraction, ( )s s l wG   = + , where Gs is the 

soil specific gravity and ρw the water density. Eq.(3.8) becomes an ordinary differential equation about 

pore liquid pressure that can be solved when subjected with the following boundary conditions: 
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Here, R≈ 8.31 J∙K/mol is the ideal gas constant, T (K) is the chamber temperature, and ng is the amount of 

gas substance. Eq.(3.9) originates from the assumption that the mixing chamber is a confined space with a 

fixed volume and therefore all three phase components add up to the total volume of the chamber. 

3.3.2 Chamber Fluid Seepage 

The chamber is connected to the formation soil through openings in the cutterhead. With a higher 

pore liquid pressure in the chamber than in the formation soil, liquid in the muck will seep from the 

chamber into the formation soil. This process takes place both during excavation and standstill. To 

simulate this seepage-induced loss in chamber pressure, the model proposed by Bezuijen (2006) is 

employed. This model considers the seepage in the hemisphere in front of the EPBM, as the formation 

soil is assumed to be more permeable than the conditioned muck. The flow is approximated as the 

superposition of Darcian flow from infinitesimal sources at the tunnel face, driven under a constant 

pressure gradient. Applying mass conservation to the hemisphere domain (Figure 3.2) yields: 

 22
dh

qrdrd s k
ds

 =   (3.10) 
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where q is the specific discharge from the source, k (m/s) is the formation soil hydraulic conductivity, and 

h= (u-u0)/γw is the excess pressure head. Integrating q over the tunnel face, and noting that s2= x2 + r2 

yields the excess pore liquid pressure distribution along the tunnel axis in front of the chamber (Figure 

3.2): 

 ( )2 20h
h R x x

R
= + −  (3.11) 

where h0=h|x=0 =(uchm-u0)/γw is the excess pore liquid pressure at the tunnel face. The corresponding 

seepage rate at the excavation face is: 
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Figure 3.2 Diagram of the theoretical seepage model, modified from Bezuijen (2006) 

The model only considers the leakage of liquid (i.e., water), while gas is assumed to stay inside the 

chamber. From lab tests, it has been observed that generated foam bubbles have a mean diameter on the 

order of 0.1 mm, comparable to the pore size of granular soils, and bubbles do not migrate due to a 

gradient (Wu, Mooney, et al. 2018). The air fraction, confined in the form of bubble, will expand as the 

chamber pressure decreases due to water seepage. Taking account the seepage’s influence, Eq. (3.1) is 

modified into: 
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3.4 Model Implementation 

3.4.1 Formulation 

The proposed model is based upon chamber mass continuity applied to all three muck phase 

components. The relative amount of each phase changes during tunneling and is tracked by the model. 

Specifically, the chamber solid volume, liquid volume and gas substance amount at any time step (t+1) is 

given as: 
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where the increments are calculated as: 
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Here, Qfmt is computed with Eq.(3.2), Qscw with Eq.(3.4), and Qseep with Eq.(3.12). uair is the pressure used 

for foam generation, coincident with the air flow rate measurement Qair. 

Assuming muck behavior is porosity-dependent and hence pressure-dependent, and that the muck 

is quasi-static and homogeneously mixed, the chamber pressure distribution is determined by solving the 

following nonlinear system of equations: 
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To solve Eq.(3.16), the chamber volume is discretized vertically into N-1 layers with N nodes 

where pressure is inferred (see Figure 3.3). Together with ref

g  and ref

l , there are N+2 unknowns that can 

be solved from the N+2 equations in Eq.(3.16). In our implementation, we set N=51 for an EPBM with a 

diameter of 6.44 m. The standard Newton-Raphson method is used with a relative error bound of 1E-6. 

For t >1, we initialize the solver with the previous solution (t-1). The solver consistently achieved rapid 

convergence. 

 

Figure 3.3 Diagram showing the discretization of chamber muck body. The black arrows stand for the 
interfacial total pressure, the blue ones are the muck friction with front and rear chamber walls, and the 
red is the muck weight. 

3.4.2 Model Parameters 

The proposed model involves five parameters, namely the three state variables: initial chamber 

solid volume Vs, liquid volume Vl, and the amount of gas substance ng, and two additional parameters: the 

screw conveyor efficiency λ and formation soil hydraulic conductivity k. An appropriate choice of model 

parameters shall yield a good match between the simulated and the observed chamber pressure evolution. 
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However, the problem is more complicated than a simple optimization due to the following reasons. First, 

all parameters bear clear physical meaning and come with some limits, so the optimization must be 

constrained. Second, tunneling is a spatially and temporally continuous process; therefore, the three state 

parameters shall be continuous across ring boundaries, and the hydraulic conductivity of the neighboring 

rings are also expected to be similar as the ground properties are believed to be continuous locally (i.e., at 

ring scale). Third, with only the chamber pressure for model calibration, the solution of fitted model 

parameters is non-unique, as will be discussed in Section 3.6. 

With these considerations, the first three state variables are established based on the assumed 

formation composition and the conditioning performed in the previous ring, specifically: 
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where FIR, FER and ADR (ADR = Add /(A·v)) are the foam injection ratio, foam expansion ratio and 

additive injection ratio (and Add is the volume of injected additives). The justification behind these initial 

values is that tunneling is continuous and the muck composition can be estimated from the operations of 

the previous ring. 

The remaining two model parameters are determined via a constraint optimization: 
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where T is the excavation duration, Pc is the total pressure history observed at the chamber center, pred

cP  

is the predicted total pressure history during excavation. Only the pressure at the chamber center is used 

in the objective function. 

The initial value of the screw conveyor efficiency is set empirically between [0, 2]. The initial 

value of hydraulic conductivity is estimated by fitting the previous ring’s standstill pressure dissipation 
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response, and assuming the pressure drop is purely caused by fluid seepage. For more details, see 

Bezuijen and Dias (2017). The upper and lower bounds of k are empirically given by deviating from kest 

by two orders of magnitude, namely k[kest/100, kest100]. The optimization of Eq.(3.18) used 

MATLAB’s implementation of fmincon, a gradient based nonlinear minimization routine. The 

optimization result is observed to be consistent, with minimal influence of the initial values of k and . 

To summarize, all five model parameters are initialized in the first step (t=1), specifically using 

Eq.(3.17) for the three state variables (Vs, Vl and ng), and randomly picked (within their constraints) for  

and k. Following the procedure given in Figure 3.4, a predicted chamber pressure history is obtained, 

which is then compared against the observed pressure to determine the error. By adjusting both  and k, 

an optimizer is employed to minimize the prediction error. The final pressure prediction is given by 

evaluating the model with the optimal parameters of  and k, together with the initially set Vs, Vl and ng. 

 

Figure 3.4 Diagram showing the procedure of pressure prediction 

3.5 Case Study: N125 Tunneling Project 

The proposed chamber pressure model is implemented using data from the Northgate Link 

Extension tunneling project (N125) in Seattle (Ghrahabagh, Hagan, et al. 2015). Specifically, a section 

from the northbound tunnel excavated in cohesionless sand and gravel is analyzed (salmon-colored 
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formation in Figure 3.5). According to the project geotechnical data (Jacobs Associates 2013), 

cohesionless sand and gravel consists of multiple USCS soil groups, including silty gravel (GM), poorly 

graded gravel (GP), well/ poorly graded sand (SW/SP), low plasticity silt (ML) and silty sand (SM). 

Consequently, the reported soil properties show considerable variability, as summarized in Table 3.1. 

 

Figure 3.5 Tunnel profile, modified from project geotechnical baseline report (Jacobs Associates 2013), 
and the Hitachi Zosen EPBM used. The salmon-colored formation is cohesionless sand and gravel, and 
the location of the four rings used later are marked 

Table 3.1 Soil properties of cohesionless sand and gravel reported per Jacobs Associates (2013) 

Property Value 
Unit weight γ 19.3-20.9 kN/m3 

Natural water content w 10 - 25 % 
Friction angle, φ' 35 - 43° 

Gravel 0 - 10 % 
Sand 70 - 90 % 
Fines 0 - 20 % 

D50 0.05 - 0.4 mm 
At-rest K0 0.6 - 1 

Hydraulic conductivity 
kv 1E-7 - 1E-5 m/s 

kh 1E-6 - 1E-4 m/s 

 

The soil specific gravity is set to Gs= 2.7, as is typical for granular soil. Since the tunneling 

envelope is below the ground water table, the gas fraction in the formation soil is assumed to be 0fmt

g = , 

and the liquid fraction is estimated to be 0.33fmt

l = , based on natural water content. The maximum void 

ratio is set to be emax=0.86, while the minimal void ratio is emin=0.40 (Jacobs Associates 2013). The 
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crushing strength is empirically set to be σc=10 MPa. The hydraulic conductivity is assumed to be k[1E-

7, 1E-4] m/s, a range set by the extremes of horizontal and vertical hydraulic conductivities. 

The excavation was performed with a Hitachi Zosen EPBM (Figure 3.5) with an excavation 

diameter of 6.44m (cutterhead area A= 32.4 m2, total chamber volume Vchm= 55.1 m3). The EPBM was 

equipped with an Archimedes style screw conveyor capable of discharging 0.0043 m3/RPM assuming 

efficiency λ= 1. In the following demonstrations below, the soil properties and recorded EPBM operations 

are used as model inputs for chamber pressure prediction, which is then compared to the recorded 

pressure history. 

3.5.1 Simulation of Single Ring Chamber Pressure 

In Figure 3.6, we show the model simulation of ring #881, randomly selected from the tunnel 

alignment. The model-predicted chamber pressure is compared to the average measured pressure at the 

top, middle and bottom sensor positions on the bulkhead (Figure 3.5, right). The model does not account 

for left side vs. right side chamber pressure differences that exist during excavation due to the rotational 

motion of the chamber muck. However, these differences are generally less than 4%. However, the 

simulated pressures and their fluctuations generally match well with the recorded pressure evolution, both 

during excavation when all the relevant operations are being actively adjusted, as well as during standstill 

when all the operations are halted. The increases and decreases in observed pressures at all three levels 

are captured reasonably well. There are instances where the model does not match the measured pressures 

exactly. 

Also plotted in Figure 3.6 are the recorded EPBM operation histories, which are the model inputs, 

and the reason behind chamber pressure fluctuations. While one may argue the correlation between the 

chamber pressure and advance rate (AR) and screw conveyor is pronounced, though highly nonlinear, it is 

not so obvious to see how material injection influences the pressure fluctuation. Further, abrupt operation 

changes evident in Figure 3.6 result in simultaneous but dampened pressure fluctuations in the recorded 

data. This suggests that the instantaneous operation and the operation in the limited past are contributing 
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to the pressure fluctuations. Such a temporally correlated system poses a significant challenge even for 

regular data-driven modeling approaches, and the fact that our physics-based model can capture it 

reasonably well is encouraging. 

The model keeps track of all three muck phases to determine its behavior. A byproduct of the 

model therefore is the evolution of inferred muck components during tunneling, as is plotted in Figure 3.6 

(2nd row). The volumetric fractions of all three phases fluctuate during excavation as this is the period 

with active material flow and mixing. During the standstill period, no muck flow is possible and the solid 

fraction remains constant. The liquid fraction decreases due to fluid seepage. The liquid volume loss is 

compensated by the expansion of the gas phase. 

With the inferred volumetric fractions, the muck void ratio is also calculated and plotted. As 

expected, the muck void ratio fluctuates during the excavation period, but only within a narrow band of 

its initial void ratio. This suggests the material inflow, soil conditioning and material discharging have 

reached reasonable equilibrium. 

In Figure 3.7, the modeled and observed chamber pressure response is shown for rings #1069, 

#1125 and #1277. The magnitudes of void ratio for the four rings simulated are around 1.40, 1.10, 1.17 

and 0.87, respectively. Their magnitudes correspond well with the recorded FIRs (see Figure 3.6 , Figure 

3.7, 4th row, right axis). The noticeably high void ratio of ring #881 is caused by the high FIR used by the 

contractor in the region where the EPBM begins to tunnel fully below the ground water table (see Figure 

3.5). 
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Figure 3.6 Simulated (dash line) vs. recorded (solid line) pressure on ring #881, together with the model 
simulated volume fractions, the measured operation history of advance rate (AR), chamber material 
injection and the 1st screw conveyor rotation speed. The shaded area indicates the standstill period, when 
the EPBM is stopped for ring building 
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Figure 3.7 Pressure simulated (dash line) vs. recorded (solid line), together with the measured operation 
history of advance rate (AR), chamber material injection and the 1st screw conveyor rotation speed, 
which is the one directly connected to the chamber. The shaded area indicates the standstill period, when 
EPBM is stopped for ring building. 

3.5.2 Simulation of Consecutive Rings 

We further investigate the model’s performance when simulating multiple consecutive rings. The 

three model state variables (Vs, Vl and ng) assume the values from the end of the prior ring. Only the screw 

conveyor efficiency parameter λ and the hydraulic conductivity k are considered free to be optimized each 
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time. To respect its local continuity, we additionally constrain the variation of k within one order of 

magnitude from its value on the previous ring. We expand the single ring simulations above to their 

following four rings, as shown in Figure 3.8 to Figure 3.11. Plotted in each figure are, from top to bottom: 

the simulated vs. recorded chamber pressure history, inferred muck volumetric fraction and void ratio, 

recorded advance rate, material injection and screw conveyor rotation speed. The related parameters, 

including ring depth, water table (with respect to tunnel springline), each ring’s initial state variables, the 

screw conveyor efficiency and ground hydraulic conductivities are also given (Table 3.2-Table 3.5). 

In all four consecutive ring simulations, the trend in chamber pressure is captured reasonably well 

by the model. The model’s performance degrades with subsequent rings due to error integration. In all 

simulations, the volume fractions, and hence the muck void ratio, remains relatively constant across rings. 

This is expected when tunneling in homogeneous ground. There are regions where noticeable deviations 

between the modeled and observed chamber pressure are observed. The model tends to over-estimate the 

chamber pressure when the EPBM begins advancing - typically at the beginning of each ring excavation, 

i.e., 45, 88, and 175 min in #881-885, as well as 33 and 95 min in #1277-#1281. Pressure over-estimation 

also occurs when the EPBM restarts from a brief stop, e.g., 59, 124, and 225 min in #1069-#1073, as well 

as 57, 100, 137 and 178 min in #1125-#1129. These deviations tend to influence the pressure response in 

the subsequent ring simulation. 

The deviation of the model during initialization brings into question the model’s assumption about 

muck inflow, i.e., that the formation soil inflow is a linear function of advance rate, per Eq.(3.2). This 

assumption generally holds true when the EPBM is up and running, and maintaining a stable advance 

rate. When sudden advance rate changes occur such as at start up, it is plausible that flow equilibrium is 

violated temporarily.  
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Table 3.2 Ring #881-#885 geometry and fitted model parameters at the beginning of each ring 

Ring # 881 882 883 884 885 

Tunnel depth, H (m, to springline) 39.3 39.3 39.2 39.2 39.2 

Ground water table, Hw (m, to springline) 3.05 3.10 3.14 3.18 3.23 

Initial solid volume, Vs (m3) 23.0 22.6 22.9 22.3 23.4 

Initial liquid volume, Vl (m3) 13.4 12.2 11.5 11.7 12.1 

Initial amount of gas substance, ng (mol) 1610 1800 1860 1840 1760 

Screw conveyor efficiency, λ 0.856 0.861 0.839 0.884 0.859 

Hydraulic conductivity, k (m/s) 7.79E-6 1.00E-5 7.50E-6 9.97E-6 8.00E-6 

 

Figure 3.8 Chamber pressure simulation vs. measured results for consecutive ring #1069-#1073 
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Table 3.3 Ring #1069-#1073 geometry and fitted model parameters at the beginning of each ring 

Ring # 1069 1070 1071 1072 1073 

Tunnel depth, H (m, to springline) 36.7 36.7 36.8 36.8 36.9 

Ground water table, Hw (m, to springline)  4.46 4.46 4.47 4.47 4.48 

Initial solid volume, Vs (m3) 25.9 26.0 26.2 26.4 26.2 

Initial liquid volume, Vl (m3) 14.4 13.5 12.5 12.9 12.4 

Initial amount of gas substance, ng (mol) 1280 1440 1480 1450 1460 

Screw conveyor efficiency, λ 0.985 0.993 1.01 0.980 0.986 

Hydraulic conductivity, k (m/s) 7.10E-6 7.80E-6 7.51E-6 8.60E-6 9.60E-6 

 

Figure 3.9 Chamber pressure simulation vs. measured results for consecutive ring #1069-#1073 
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Table 3.4 Ring #1125-#1129 geometry and fitted model parameters at the beginning of each ring 

Ring # 1125 1126 1127 1128 1129 

Tunnel depth, H (m, to springline) 36.8 36.8 36.7 36.6 36.6 

Ground water table, Hw (m, to springline) 4.80 4.80 4.81 4.82 4.82 

Initial solid volume, Vs (m3) 25.4 25.1 25.0 25.2 25.5 

Initial liquid volume, Vl (m3) 14.5 13.4 13.4 13.1 13.1 

Initial amount of gas substance, ng (mol) 1280 1520 1590 1620 1610 

Screw conveyor efficiency, λ 1.01 0.951 0.970 0.951 0.992 

Hydraulic conductivity, k (m/s) 8.06E-6 5.83E-6 8.08E-6 8.04E-6 8.08E-6 

 

Figure 3.10 Chamber pressure simulation vs. measured results for consecutive ring #1125- #1129 
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Table 3.5 Ring #1277-#1281 geometry and fitted model parameters at the beginning of each ring 

Ring # 1277 1278 1279 1280 1281 

Tunnel depth, H (m, to springline) 31.6 31.7 31.7 31.7 31.8 

Ground water table, Hw (m, to springline) 6.61 6.65 6.69 6.72 6.76 

Initial solid volume, Vs (m3) 29.4 29.5 29.4 29.4 29.4 

Initial liquid volume, Vl (m3) 15.7 14.7 14.6 14.4 14.4 

Initial amount of gas substance, ng (mol) 940 1040 1050 1080 1100 

Screw conveyor efficiency, λ 0.971 0.946 0.973 0.969 0.979 

Hydraulic conductivity, k (m/s) 1.00E-5 7.03E-6 9.26E-6 7.55E-6 8.10E-6 

 

Figure 3.11 Chamber pressure simulation vs. measured results for consecutive ring #1277- #1281 
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The screw conveyor efficiency parameter λ accounts for the possible influence of muck properties 

(e.g., friction) on the discharge rate, similar to the flow angle in the work of Merritt and Mair (2008) and 

Talmon and Bezuijen (2002). The fitted λmodel values were summarized in Tables 1-4. To investigate if 

these values are reasonable, λmodel is compared to the empirical screw conveyor efficiency parameter, λe, 

calculated from the belt scale data. The EPBM discharges muck from the chamber to the belt using two 

screw conveyor sections in series (Figure 3.12). Using the belt scale data (9 m from the screw conveyor 

outlet), the empirical screw conveyor efficiency is calculated as: 
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where
scalem is the belt scale mass flow rate and muck density ρmuck is based on the model inferred muck 

composition at the screw conveyor inlet, ( )scw scw scw

muck l s s wG   = + . 

 

Figure 3.12 Screw conveyor and belt conveyor 

A comparison of λe and λmodel is shown in Figure 3.13 for the ring sequences presented earlier. The 

efficiency parameters obtained using the two methods are positively correlated (i.e., positive slope). As 

will be described in Section 3.5.3, because λmodel is a sensitive parameter, its value is stable from 

optimization. The consistent correlation proves the modeled efficiency is physically meaningful. As the 
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trend line also indicates, the empirical value is lower than the modeled value. One likely reason for this 

difference, we speculate, is the loss of muck mass when transporting on the screw conveyor, i.e., slippage. 

 

Figure 3.13 Diagram showing the empirical screw conveyor efficiency parameter vs. the modeled ones. 

3.5.3 Model Sensitivity 

Model sensitivity is further investigated by studying its response over each model parameter (i.e., 

Vs, Vl, ng, λ, k). Ring #1125 is used for this analysis. Each model parameter value is varied while all other 

parameters (i.e., the remaining model parameters and the operational inputs) are kept unchanged. The 

results are shown in Figure 3.14. Also, for each variable, the best fitted parameter is included as a 

reference. 

As shown in Figure 3.14, increasing the volumetric fraction of either solid or liquid leads to a 

higher modeled chamber pressure, as the chamber muck is more compacted. In addition, a higher 

incompressible volume fraction (liquid or solid) induces greater pressure fluctuation during similar 

operations. A higher air fraction also increases the chamber pressure. However, the pressure footprint 

becomes smoother with the same operation inputs since the presence of compressible gas can better 

absorb the temporary volumetric flow imbalance that occurs in EPBM tunneling. The screw conveyor 

efficiency λ is a very sensitive parameter because it directly regulates the muck outflow rate, and any 

change will shift the chamber flow equilibrium. Hydraulic conductivity k is the least influential parameter 
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because it only impacts the liquid volume. However, it is the only active parameter governing the pressure 

dissipation in the standstill period. 

 

Figure 3.14 Plots comparing the sensitivities of five model parameters, one for each parameter. In each 
plot, the solid line shows the simulation with the best-fitted parameter value from optimization, and the 
dash lines are those obtained using different parameter values. Note that solid and liquid volumes are 
expressed as volume fractions. The plots use ring #1125 as an example. 
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3.6 Discussion 

There is a risk with any multiple parameter model that the solution is non-unique, i.e., that multiple 

combinations of parameter values could yield the same solution. We address non-uniqueness in this 

section. The initial solid, liquid and amount of gas substance (Vs, Vl, ng) are based on the formation soil 

composition and additive injection during the previous ring excavation. Optimization is only employed to 

determine the values for λ and k. Since we only rely on the recorded chamber pressure for model 

calibration, multiple sets of “optimal” initial parameters can be found that yield equally good fits. For 

example, Figure 3.15 shows the simulated chamber pressure on rings #1125-#1129 using another set of 

initial parameters (Vs= 17.40 m3, Vl= 18.14 m3, ng= 1690 mol, λ= 1.01, k= 8.0E-6 m/s). 

 

Figure 3.15 Plausible model simulation on ring #1125-#1129 

If judging based on the goodness of fit, this set of initial parameters yields a better fit than those 

used to produce Figure 3.10. However, with these parameters, the inferred muck void ratio becomes 

unrealistically high during ring #1125 (e >2), which does not match the assumed formation soil 

composition and the applied FIR. This suggests this good initial solution after optimization should be 

rejected. By taking a further look at the void ratio evolution over the following rings, one would observe 
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its value dropping rapidly during excavation periods before it eventually stabilizes around e =1.15. This 

again suggests the chosen parameters are nonphysical, and more importantly, it indicates that the muck 

composition is ultimately determined by the properties and the relative portions of its two mixing 

components: formation soil and injected materials. This key observation is the main reason behind our 

choice earlier. Further, if the muck composition deviates by a small amount, given some excavation time, 

the inferred muck composition will return to the value given by Eq.(3.17). 

3.7 Conclusion 

In this paper, a simplified chamber pressure model for EPBM tunneling is developed. The model is 

physics-based and is based upon conservation of mass. The model is physically interpretable, 

computationally inexpensive and simulates pressures that match experimental observations. Two key 

physical processes were identified and modeled: compressible material flow and chamber fluid seepage. 

The former process treats the muck as a three-phase material whose behavior is void- and hence pressure-

dependent. Further assuming muck to be quasi-static and evenly-mixed in the chamber, the pressure 

distribution is determined by the amount of three state variables (Vs, Vg and ng) in the chamber, whose 

variation is determined using real-time machine operations. The chamber fluid seepage is employed to 

model the excavation pressure dissipation during machine standstill, based on Darcian flow. Model 

calibration is formulated as a constrained optimization problem, with reasonable initial values provided. 

A case study using data from N125 tunneling project was used to evaluate the model, where 

simulation on both single and multiple consecutive rings were conducted. The result suggests in both 

cases, the proposed model is capable of tracing the chamber pressure variation. However, with increasing 

simulation duration, the model accuracy degrades due to the integration of error. Model sensitivity was 

also studied, and the screw conveyor efficiency was found to be critical. Its modeled value is considerably 

larger than the empirical ones estimated from muck weight, and was shown to correlate with the 

formation soil water content and soil conditioning usage. 
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Reproduced from a paper under review in the Journal of Tunneling and Underground Space Technology 

Logging the as-encountered ground condition with EPBM data using  

supervised and semi-supervised learning 

Hongjie Yu, Michael Mooney 

4.1 Abstract 

Geological uncertainty poses significant risk for soft ground tunneling. The current practice of 

ground characterization relies on relatively few boreholes to estimate geology via either expert judgment 

or geostatistical modeling, which is highly uncertain due to borehole sparsity. As modern TBMs are well 

instrumented to measure both machine operation and reaction data while tunneling, this paper explores 

the use of such data for as-encountered ground type characterization. Specifically, each ring along the 

tunnel alignment is represented by nine features derived from the recorded TBM data. The ground type, 

available only at borehole locations, is interpreted as the probability of each engineering soil unit (ESU) 

being the majority soil type. To predict the ground condition, both supervised learning (SL) and semi-

supervised learning (SSL) methods are applied, and their performance are compared using data from the 

Northgate Link Extension tunneling project. The results show it is feasible to use the TBM data to 

characterize of the ground condition within the excavation envelope while tunneling. Comparing the two 

methods, we find that while their performances are similar when sufficient labeled data are used for 

training, SSL performs significantly better than SL when training data is limited. Finally, we show that 

visualizing the similarity graph learned by the SSL method offers an intuitive way to interpret the model’s 

prediction. 

CHAPTER 4 USING EPBM DATA FOR GROUND CONDITION CHARACTERIZATION 
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4.2 Introduction 

Earth pressure balance machine (EPBM) tunneling is performed blind in soft ground in that field 

personnel cannot observe the ground at the cutterhead. Tunneling blind is disadvantageous for a number 

of reasons. It prevents timely adjustment necessary to adapt the TBM to the ground condition (e.g., soil 

conditioning), and might trigger construction hazards (e.g., face loss, clogging, sinkholes, etc.). The 

inability to log or document the ground in EPBM tunneling is problematic in differing site condition 

contractual disputes. If one cannot catalog the ground, it is very difficult to evaluate differing site 

condition clauses. It is therefore in the best interest of all tunneling parties to be able to log the as-

encountered ground accurately. Modern EPBMs are well instrumented to record data ranging from human 

operations to machine reactions. Such instrumentation is standardized with readily available data for 

analysis. It is therefore natural to raise the question: Is it possible to log the as-encountered ground 

condition using the data recorded by the TBM itself? 

The use of machine data for ground characterization has been long studied by the rock drilling 

community. Indicators such as specific energy (Teale 1965) and field penetration index (Nelson and 

O’Rourke 1983), both calculable from the drilling rig data, are shown to correlate with the rock uniaxial 

compressive strength and the Brazilian tensile strength (Acaroglu, Ozdemir, et al. 2008). Their successful 

application has also spread to rock tunneling (Exadaktylos, Stavropoulou, et al. 2008; Bieniawski, Celada, 

et al. 2012). In addition, instead of using manually constructed indicators, directly using raw TBM data 

(e.g., cutterhead speed, torque, thrust force and advance rate) has also been reported (Zhang, Liu, et al. 

2019), achieving respectable performance (reported average precision of 98.6%). 

TBM excavation in soil (soft ground) is fundamentally different from that in rock. For rock TBMs, 

the total thrust force is a good estimate of force acting on the ground by the cutterhead, and the measured 

cutterhead torque is a good reflection of the cutting/shear force on the rock face. For soft ground TBMs, 

the normal force at the cutting face is only a fraction of the total thrust force measured (Festa 2015), and 

the cutting/shear force is only a fraction of the total cutterhead torque (Godinez, Yu, et al. 2015). 

Consequently, it is unclear if indicators effective in rock tunneling are equally applicable. Shirlaw 
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(2016b) calculated the specific energy and field penetration index for two projects in weathered granite 

and weathered tuff, respectively, and found the two indicators significantly increased at the interface of 

different geological formations. However, it is not mentioned if they can be used for ground 

characterization at a finer scale (e.g., per ring). In our recent work to model the advance rate of an earth 

pressure balance TBM (Mokhtari, Navidi, et al. 2020), we found the model performance to be sensitive to 

the ground conditions, suggesting there are dependencies between the geology and machine data that are 

potentially useful for ground condition logging. 

This paper presents a novel and successful effort to characterize the as-encountered ground 

condition using data from an earth pressure balance TBM (EPBM) together with available borehole logs. 

Two learning methods, namely supervised learning (SL) and semi-supervised learning (SSL), are 

explored. As the most widely used machine learning method (Jordan and Mitchell 2015), SL seeks an 

input-output mapping from the labeled4 examples. For ground characterization, this involves training a 

model that uses EPBM data as input to predict the corresponding geology revealed at boreholes. The 

EPBM and borehole data pairs are labeled data. Once trained, the model can be applied for the inference 

of geology along the tunnel alignment using EPBM data only. SSL uses both the labeled and unlabeled 

data for training, relying on the principle of “guilt by association” (Mostafavi, Ray, et al. 2008). As 

opposed to the labeled data, unlabeled data is typically abundant, which SSL uses to improve the model 

performance given limited labeled data, a common situation in tunneling due to borehole sparsity. SSL 

has been successfully applied in bioinformatics, including gene function characterization (Mostafavi, Ray, 

et al. 2008), disease stratification (Hofree, Shen, et al. 2013), protein function prediction (Csermely, 

Korcsmáros, et al. 2013; Wang, Huang, et al. 2015). Each of these share the central challenge of finding 

patterns (e.g., the connections between certain gene and disease, protein structure and function, etc.) from 

 
4 A data set is called labeled where its inputs and outputs (target values) are given. For regression, the target 

value is the true numerical magnitude of the desired model output (e.g., shear strength); for classification, the target 
value is the true category, e.g., silty sand. Datasets without target values are considered unlabeled. 
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noisy, limited or even incomplete observations (e.g., tested gene, patient case, etc.). Given the similar 

challenge, we hypothesize SSL could be similarly effective in the application introduced here. 

The remainder of this paper is organized as follows: In Section 4.3, we introduce the data of N125 

tunneling project, including both the borehole and machine data. The project is introduced first so that its 

data can be referred to as needed to make the methodology description more concrete. Section 4.4 

presents the technical details of the SL and SSL approaches, respectively. The main results and 

discussions are presented in Section 4.5. Section 4.6 is the conclusion. 

4.3 N125 Tunneling Project 

The data used in this paper come from the Sound Transit Northgate Link Extension project (N125) 

in the city of Seattle, USA. The tunneling part of N125 consists of the excavation of 5.6 km long twin 

tunnels using two EPBMs, successfully performed between July 2014 and November 2016. 

4.3.1 Borehole Data 

As is standard practice in tunneling, a geological investigation is conducted prior to excavation, in 

which the ground geological, hydrogeological and geotechnical properties are gathered. Typical 

investigation methods include surface survey and mapping, borehole drilling, in-situ tests, laboratory 

testing and geophysics. Borehole testing and sampling is the main form of exploration. In N125, in total 

83 boreholes were drilled along the tunnel alignment which, if compared to the tunnel length (approx. 

3600 rings), is quite limited: the average borehole spacing is around 100 m (over 60 rings). Almost all 

boreholes provided readings of lithology and ground water table, and many reported SPT N-values. Less 

than 10 boreholes produced samples that were strength tested in the laboratory (i.e., direct shear, triaxial 

test), or had downhole geophysics test performed. Using these data, together with knowledge of the local 

geology, a geologist developed a geological profile along the tunnel alignment for design and 

construction reference, as is shown in Figure 4.1 (Jacobs Associates 2013). Understandably, despite the 

geologist’s best judgment, uncertainty is inevitable for inter-borehole interpolation (Grasmick 2019). 
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Based on the site investigation, six major engineering soil units (ESUs) were identified: (1) 

engineered and non-engineered fill (ENF, white); (2) recent granular deposits (RGD, yellow); (3) till and 

till-like deposit (TLD, purple); (4) cohesionless sand and gravel (CSG, tan); (5) cohesionless silt and fine 

sand (CSF, green); (6) cohesive clay and silt (CCS, blue). Among them, ESU #3-#6 are over-consolidated 

due to the several glaciations in history, while ENF and RGD are normally consolidated and are deposited 

at a shallow depth beyond the envelope of tunnel excavation. 

 

Figure 4.1 The estimated geological profile of N125 project provided in the geotechnical baseline report. 

In total 83 boreholes were drilled along the tunnel alignment. To convert into learning targets, ESU 

fractions within the tunneling horizon (vertical profile) were extracted from each boring log and 

associated to the nearest ring, following the steps below: 

1. For each borehole, we identify its closest ring in the tunnel alignment by assuming orthogonality 

(Figure 4.2a), and assign the borehole data within the tunneling horizon to that ring; 

2. Based on the borehole’s ESU readings at different elevations, the ESU interfaces are assumed to be 

horizontal planes, extended to intersect with the tunnel cross section (Figure 4.2b); 

3. Each ESU’s area fraction within the ring’s cross section is calculated to form a row vector qi, whose 

jth element qij is the area fraction of ESU j (j = 1, ..., C, C = 4 is the ESU categories) at ring i (Figure 

4.2c). 
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Figure 4.2 First row: diagram showing the procedures to convert borehole data into the ESU fractions at 
ring i, represented with vector qi; Second row: the uncertainty contained in the labels, caused by either 
unknown geology strikes (d), or dip angles (e) of the geological interfaces, both become more severe with 
greater borehole-tunnel deviation. 

Several assumptions were made in calculating the area fraction qi. Firstly, each borehole data is 

associated to the closest ring. This is overall a reasonable assumption as boreholes are drilled as close to 

their target rings as possible if condition allows (e.g., access to the land). However, depending on the 

orientations and continuity of the layers of interest(Figure 4.2d), such association may still introduce 

some errors. Nevertheless, since geological condition is often continuous and rarely changes abruptly 

within a couple of rings, a small shift in ring associated is believed to cause limited error. Besides, the 

geological interfaces are assumed as fully continuous horizontal planes. Without further knowledge of the 

geological structure, this assumption is reasonable for sedimentary formations. However, exceptions do 

exist, as shown in Figure 4.2e, and with greater borehole-tunnel deviation, estimation uncertainty 

increases. In N125, borehole to tunnel deviations up to seven times the tunnel diameter was observed. To 
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mitigate any potential impacts associated with violations of the aforementioned assumptions, only 

boreholes within four times the tunnel diameter were used in this study, which reduced uncertainty at the 

cost of fewer boreholes for training (from 83 to 61). The tradeoff between borehole numbers and model 

performance is discussed in greater detail in Section 4.5.3. 

Realizing calculating qi relies on making a series of assumptions and is therefore of uncertainty, we 

treated it as the probability of being the majority (largest) ESU at ring i. More formally, consider having 

m geologists estimating the majority ESU at ring i given a nearby borehole data, the total votes each ESU 

receives, πi =[πi1, ..., πiC], is a random variable following the multinomial distribution, πi ~mult(yi, m), 

where yi =[yi1, ..., yiC] is the probability each ESU is voted for, which is assumed proportional to the 

estimated area, namely yi =qi. This is a reasonable assumption that aligns with our intuition, as larger ESU 

is more likely to be the majority unit, while similar-sized ones are equally probable. As opposed to area 

fraction, such a probabilistic interpretation considers the label uncertainty by default, and it enables the 

use of performance metrics such as Kullback–Leibler divergence, which is shown to be more effective 

than the L2-norm when dealing with probability outputs (Subramanya and Bilmes 2011). It should be 

noted that, doing so essentially converted the problem from regression to soft classification, with the class 

membership yi estimated, whose quantity equals to the area fraction qi. In fact, as E(πi) =m·yi, qi can be 

viewed as the expected votes from one geologist (m=1). To facilitate the discussion below, all yi are 

compiled into the matrix YNC, where N =3599 is the total number of rings. Y is all zero except at the 

borehole-associated rows, where it equals the yi. 

4.3.2 EPBM Data 

During tunneling, both human-determined operations (e.g., cutterhead rotation speed, foam 

injection rate, thrust force, screw conveyor rotation speed, etc.) and the resulting machine reactions (e.g., 

advance rate, chamber pressure, cutterhead torque, front/rear shield body posture angles, etc.) were 

recorded every five seconds by the EPBM. Such automatic recording is performed during both excavation 

and standstill ring building periods. 
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The data used in this study comes from a Hitachi Zosen EPBM (Figure 4.3), which is a typical 

metro-size TBM. The EBPM has a cutterhead diameter of 6.44 m and a cutterhead opening ratio of 45%. 

The EPBM relies on 16 thrust jacks to move forward. The average jack extension speed (i.e., advance 

rate) and total thrust force are measured. Eight variable frequency drive motors work together to rotate the 

cutterhead, with the rotation speed and torque reported. Inside the excavation chamber, six pressure 

gauges are mounted on the bulkhead at three different levels to record the excavation chamber pressure 

(total lateral stress). As for material discharge, two shaft-style screw conveyors are installed in sequence, 

both with a diameter of 0.8 m. The rotation speed, torque and pressures in the screw conveyor casing, are 

measured. All discharged muck is weighed by two belt mass scales during its transportation on the 

conveyor. On the outer surface of the EPBM, four total stress/pressure sensors are employed to measure 

the shield annulus pressure. At the tail of the EPBM, three grouting lines are equipped to fill the lining 

annulus as the EPBM advances. Their injection pressures are recorded. For more detail of this EPBM, 

readers are directed to Frank et al. (2015). 

 

Figure 4.3 Diagram showing EPBM’s general arrangement, equipped sensors and their locations (all cross 
sections are drawn facing the direction of tunneling), modified from Mori (2016). 
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EPBM tunneling involves repeated cycles of excavation, followed by stand-still for segmental 

lining erection. In Figure 4.4, some key EPBM parameters are plotted on a randomly chosen ring. Most of 

these measurements only change during excavation, reflecting the physical processes such as ground-

EPBM interaction and material flow. As such, only data taken during excavation was used in the study. 

Furthermore, it is generally accepted that the EPBM inertia is negligible during stable advancement and 

static force equilibrium always holds. However, during the transient state (acceleration or deceleration), 

this may not be true. We therefore only used the stable portion of the excavation data. The division of 

transient and stable data is made empirically based on variance calculated within a moving window, and 

points in windows that have variance beyond the 95-percentile of the standard deviation of the whole AR 

history are considered transient. Figure 4.4 shows the identified transient and stable state data, shaded in 

red and green, respectively. 
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Figure 4.4 Diagram showing EPBM recorded data on ring #1169. The excavation period lasts to 17 min 
approximately, followed by stand still for segment installation (plots are cut after 35 min). The identified 
stable and the transient periods are shaded in green and red, respectively. 

There are over 600 parameters automatically measured by the EPBM. Using all of them for 

training is not only computationally expensive, but also increases the risk of overfitting. Therefore, the 

tunneling domain knowledge of the authors was used to select only measurements that are plausibly 

related to the ground conditions. Specifically, thrust force (F) and advance rate (AR), cutterhead rotation 

speed (ω) and torque (T), chamber pressure at springline (pc) and its vertical gradient (p) were included, 

as they determine the force/pressure distribution at the excavation face, which controls the ground-EPBM 

interaction. In addition, screw conveyor rotation speed (ωs) and torque (Ts) were also used, since they 

reflect the muck’s properties. Finally, the excavated soil mass (ESM), calculated from belt conveyor 
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measurement at the end of excavation using Eq.(4.1), was also included. It is closely related to the 

formation soil unit weight. 

 ( )scale adt solESM m m m dt= − −  (4.1) 

where
scalem is the muck mass flow rate per the belt scale, and

adtm and 
solm are the additive and foam 

solution mass injection rates, respectively. The integration is performed over the whole excavation period. 

There are two belt scales equipped on the EPBM, both can be used for ESM calculation. In this study, the 

data from screw conveyor #1 is used (see Appendix A). 

Except for ESM, all measurements above are changing during excavation. In accordance to the 

spatial averaging performed in borehole encoding, each measurement is represented by its mean, taken 

over the identified stable period. In case when multiple stable periods exist, only data of the longest 

duration is used. 

In summary, each ring is represented by a feature vector, xi= [T, ω, F, AR, Ts, ωs, pc, p, ESM], 

derived from the EPBM data. Similarly, they are compiled into a feature matrix, XN9, where each row 

represents the feature of a ring. Figure 4.5 plots each feature component along the tunnel alignment, with 

the estimated ESU inside the tunnel horizon used as the background. It is noted this GBR-provided soil 

profile is a model made by the geologist before tunneling (rather than ground truth) and could deviate 

from the true ground condition. 
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Figure 4.5 Ring-level features plotted along the tunnel alignment, with the geologist predicted ESUs 
inside the tunnel horizon as the background. 
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4.4 Methodology 

4.4.1 Supervised Learning with Multinomial Logistic Regression 

With SL, the goal is to train a model that maps EPBM data to the ground condition from data of 

labeled rings, which have both ESU probabilities and ring-level features. In this study, the multinomial 

logistic regression (MNL) is used. MNL is the extension of logistic regression beyond the binary 

classification. For any ring i, the (conditional) probability of its majority soil unit being ESU j (j = 1, ..., 

C), given feature xi, is 
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where xi is the ith row of the feature matrix X. 1( ) [1 exp( )]a a −= + − is the sigmoid function, used to 

squeeze the log odds, ( ) ( )log Pr ESU | Pr ESU |i ij C = =  x x , to [0, 1] to make a legitimate probability. 

MNL assumes the log odds to be a linear function of feature xi 
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where wj19 and bj are, respectively, the coefficients and bias for ESU j (note for j =C, wj and bj are all 

zeros). Using Eq.(4.3), Eq.(4.2) is re-written as 
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where pij is the shorthand for Pr(ESU | )ij= x , the (i, j)th element of the predicted probability matrix, 

PSLNC. Training the MNL model is the process of determining wj and bj such that the probability of 

observing all m training samples, 
1
Pr( )

m

i ii=
= p y  , is maximized. This is solved using the maximum 

likelihood estimation (Bishop 2006). 

4.4.2 Semi-supervised Learning Approach with Label Propagation 

As is pointed out by Karpatne et al. (2017), one prominent feature of data in geoscience is paucity, 

which can hurt the performance of SL model when insufficient data is used for training. SSL is designed 
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to tackle such a scenario by using both the labeled and unlabeled data. The incorporation of unlabeled 

data enables the estimation of the population distribution of the data p(x). As data close to each other in 

the feature space tend to have similar labels, knowing p(x) helps the prediction of p(y), particularly when 

the labeled examples are sparse (Zhu 2005). 

Specifically, SSL first constructs a similarity graph, in which each ring is represented by a node 

(Figure 4.6b). All nodes are inter-connected by edges with various strengths, calculated using ring-level 

features according to a similarity measure (Figure 4.6a). As rings of similar ESUs tend to have similar 

feature magnitudes, they are expected to cluster in the graph. Among all the nodes, a few with 

accompanying boring logs are considered as labeled (red circles in Figure 4.6b). The task of ground 

characterization is formulated as inferring the missing labels of unlabeled graph nodes. Note that as the 

similarity graph can also be expressed by a matrix, terms such as graph, matrix and even network are 

treated as synonyms hereafter. 

 

Figure 4.6 Diagram showing (a) The ring-level features used for graph construction; (b) Similarity graph 
constructed with EPBM data: each node represents a ring, and its peer similarity is reflected by the 
connecting edges (solid for strong and dashed for weak); (c) Borehole that used to label a few nodes. 

The similarity graph W is constructed using the ring-level feature, X. Specifically, the similarity 

between ring i and j is calculated as 
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where xi, xj are the feature vectors of ring i and j. Following Wang et al. (2014), the width parameter ij is 

adaptively determined as 
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x x x x
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in which Nk(x) denotes the k nearest (Euclidean distance) neighbors of ring i. 

The similarity matrix W obtained is plotted in Figure 4.7, with darker color indicating greater Wij. 

As is expected from Eq.(4.5), the calculated similarity is symmetric (Wij=Wji), and reflexive (Wii=1). The 

darkened regions reflect similar EPBM behavior along the tunnel alignment which, when compared to the 

provided geological profile side by side, shows a clear correspondence. For example, the block between 

ring #850-1400 seems to agree well with the predicted CSG unit in that section, as does #3000-3200 for 

CSF, #3200-3400 for CCS, etc. Disagreements, however, also exist between the matrix and the geological 

profile. For example, the block of ring #850-1400 does not extend to #600-800, which is also predicted as 

CSG in geological profile. On the contrary, the matrix marked ring #2000-2200 and #800-1400 similar 

despite their obvious difference per the geological profile. Differences as such suggest that both the GBR-

predicted geology and the similarity matrix are not noise free, and denoising should be performed when 

using W for the inference of geology. 
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Figure 4.7 Similarity matrix and the GBR provided geological profile. Each element of the similarity 
matrix Wij indicates how similar ring i and j is (darker is more similar). The red dots and lines show the 
location of boreholes, in either the graph or the geological profile. 

The red dots and lines in Figure 4.7 indicate the locations of boreholes, where the ESU 

probabilities are known. To use them to infer the geology along the tunnel profile, the label propagation 

(LP) algorithm proposed by Zhou et al. (2004) was used. To obtain the probabilities of ESUs at the 

unlabeled rings, LP solves the following optimization: 
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where pi is the ith row of the predicted probability matrix, PSSLNC, whose element pij is the probability 

of ESU j being the majority ESU at ring i. W is calculated from Eq.(4.5) with Wii set to zero. The 

diagonal matrix D is the degree matrix of W, and 
1

N

ii ijj
D W

=
= . The parameter >0 is used to control 

the relative importance of the two terms. Intuitively, the first term in Eq.(4.7) encourages prediction 

smoothness: if features of ring i and j are similar (i.e., a big Wij), so are their predicted labels (i.e., pi and 

pj). The second term enforces the model prediction to be close to the initial guess, both on the labeled and 

unlabeled parts. Eq.(4.7) can be solved using the following iteration: 

 
( ) ( ) ( )1 1n n + =   + − P S P Y  (4.8) 

where S =D-1/2·W·D-1/2 is a normalized version of W, and the weight α =(1+μ)-1. This iteration is 

reminiscent of the diffusion of labels in the similarity network: acting as sources, the labeled nodes are 

spreading their labels to immediate neighbors according to the edge weights. As a result, greater influence 

is given to those tightly connected neighbors (i.e., greater Sij) than the loosely connected ones (i.e., 

smaller Sij). The equilibrium state reached by the end of diffusion is the model output. 

A caveat worth mentioning is that, instead of the full graph W, its k nearest neighbor version is 

used. This acts as a mild denoising technique to remove spurious similarities from W, as was mentioned 

above. The justification behind is that compared to the weak similarities, the strong ones are less likely to 

be caused by noise and are therefore more trustworthy. k is another model hyper parameter to be 

determined. 

4.5 Results and Discussion 

4.5.1 Model Performance at Labeled Rings 

The performance of SL and SSL models are evaluated at the 61 labeled rings. Given the limited 

data size, and that the SSL model has two additional hyper parameters to optimize at the same time, the 

nested cross validation method is used (Varma and Simon 2006). Specifically, all training samples were 

partitioned into K1 folds, where one is held out for testing and the rest are further portioned into K2 folds 

for training and validation (Figure 4.8). To tune the hyper parameters in the inner loop, each combination, 
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k (the nearest neighbor size) and  (the regularization strength), are trained in the training folds. The one 

yielding the best average performance on the validation folds is deemed the optimal, and is then used to 

train a final model on both the training and validation folds before tested on the testing fold in the outer 

loop for performance evaluation. The final model performance is reported as the average of the test folds 

in the outer loop. 

 

Figure 4.8 Diagram showing nested cross validation for hyper parameter tuning and performance 
evaluation. The outer loops used K1 =L folds and the inner loops used K2 =10 folds. 

Due to the limited labeled data available, the fold number in the outer loop is set to maximum 

K1=L, which helps to minimize the bias in model performance estimation. Within the inner loop, the 

remaining (L-1) labeled data are divided into K2 =10 folds for hyper parameter tuning, where a grid search 

was conducted over k =5, 10, 15, ..., 40 and  =0.85, 0.87, , 0.99. The (k, ) combination yielding the 

best (lowest) average DKL is chosen. This analysis determined that k =10 and α =0.93 are usually optimal 

(see Appendix B). 

As was detailed in Section 4.3.1, both the borehole encoding and model prediction are interpreted 

as the probability of being the majority ESU. To measure the deviation between probability distributions, 
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the Kullback-Leibler divergence (DKL) is used. DKL provides a measure based on entropy which, for 

discrete distributions, is calculated as 
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where yi and pi are the true and modeled majority ESU probabilities at ring i, respectively. DKL calculates 

the expected log difference between the true and modeled probabilities, ( )E log logij ijy p− when pi is 

used to approximate yi. DKL is widely used in information theory and minimizing it directly follows the 

principle of minimum cross-entropy (Murphy 2012). DKL is nonnegative and reaches zero if and only if pi 

=yi. 

In Figure 4.9, the model prediction is compared to the borehole encoding (when tested), where the 

ESU probability at each ring location is represented by a stacked bar, with the bar height drawn 

proportional to ESU’s probability. DKL(Y||P) is also presented. The prediction of both models can 

approximate the borehole encoding reasonably well, suggesting it is feasible to characterize the as-

encountered ground condition using the EPBM data while tunneling. There are rings where both models 

failed to predict the ESU, e.g., rings #176, 214, 1823, 3129, etc., which suggests either the features used 

for prediction are insufficient or that the ground condition at these rings is indeed different to the other 

rings in the same category. We will discuss these rings in Section 4.5 using similarity graph visualization. 

The performance of the two models is similar, with the SSL model reporting a slightly lower 

(better) DKL than the SL model (DKL, SSL = 0.51 vs. DKL, SL = 0.64). Judging from the prediction on the test 

dataset, this difference is insignificant. 
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Figure 4.9 Diagram showing the ESU fractions per borehole encoding, the SSL and SL predictions, and 
the DKL of both models, respectively. The height of the bar plots in the first three rows are drawn 
proportionally to the ESU fractions. 

Though DKL is a legitimate measure to compare model performance, its interpretation is not 

intuitive. As such, both models’ predicted majority ESU are compared.  By picking the ESU with the 

maximum predicted probability, we can obtain the model’s predicted majority ESU at each labeled ring, 
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which is compared to that given at the boreholes, as shown in the confusion matrix of Figure 4.10. Each 

row of the confusion matrix represents the instance of the ground truth majority ESU, while the column 

represents the model prediction. A perfect model would show all data in the diagonals, and all off-

diagonals would be zero5. The matrices reveal that both models yield similar levels of performance, with 

the SL model performing slightly better in identifying the CSG and TLD soils, while the SSL model is 

better at detecting CSF and CCS soils. 

 

Figure 4.10 Confusion matrixes of both models in classifying the majority ESU, with the row corresponds 
to ground truth and the column to the model prediction. The number in each cell is the instance number. 

Using the one-vs-all approach6, model classification accuracy, precision, recall and F1-score are 

calculated using Eq.(4.10). The results are summarized in Table 4.1. 

 
5 Readers are reminded the converse is not true, which means models corresponding to diagonal confusion 

matrices can still be imperfect. This is because the direct model prediction is continuous probabilities, rather than 
discrete categories, which shall be evaluated using metrics such as DKL. The interpretation here is only to provide an 
intuitive interpretation. 

6 One-vs-all approach converts the results of multiclass classification to a series of binary cases (Bishop 
2006). Specifically, for each ESU i, the model classification is simplified into two categories: (1) belong to, and (2) 
not belong to, the ESU i, from which classification performance metrics are computed. 
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Here, TP, TN, FP and FN are the true positive, true negative, false positive and false negative instance 

numbers, respectively. While accuracy is an intuitive performance measure, it tends to yield 

overoptimistic estimation of model performance when the category sizes are imbalanced, which is the 

case here (the CSG units outnumber the others). Therefore, precision and recall are used instead, where 

the former measures the model’s ability to detect data without making false positive error, while the latter 

tests the model’s sensitivity to identify data of interest without making false negative error. Precision and 

recall reflect two contradicting aspects of the model performance and are usually blended together with 

the F1-score, calculated as their harmonic mean, to obtain a single performance metric. 

Table 4.1 Calculated accuracy, precision, recall and F1-score of the two models. The greater (better) ones 
are in bold. 

  CSG CSF CCS TLD Overall† 

Accuracy 
SL 0.79 0.82 0.80 0.93 0.84 

SSL 0.82 0.82 0.80 0.93 0.84 

Precision 
SL 0.74 0.43 0.62 0.71 0.62 

SSL 0.80 0.46 0.60 0.80 0.66 

Recall 
SL 0.86 0.30 0.53 0.71 0.60 

SSL 0.83 0.50 0.60 0.57 0.63 

F1-score 
SL 0.79 0.35 0.57 0.71 0.61 

SSL 0.81 0.48 0.60 0.67 0.64 
† All overall metrics are taken as the macro average (Manning, Raghavan, et al. 2008)  

 

From Table 4.1, both models are successful in detecting the CSG, with the F1-score reported 

around 0.8. For CCS and TLD, both models’ performance dropped to around 0.6 and 0.7, respectively, 

with the SL model doing better for the TLD unit, and the SSL model for CCS unit. Identifying the CSF 
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unit seems quite challenging for both models, as they both tend to confuse CSF with either CCS or CSG. 

Since the CSF unit (cohesionless silt and fine sand) has a particle size distribution between sand and clay, 

the difficulty may suggest the ring-level features used in this study are insufficient and failed to capture 

the delicate difference between these soils. In fact, the borehole encoding shows CSF unit tends to coexist 

with either CCS or CSG unit, making its prediction more challenging. Another observation worth 

mentioning is that, among all the four ESUs, both models consistently perform the best in identifying the 

CSG unit, which could be related to the fact that the CSG unit is of the greatest class size in the whole 

dataset, potentially causing model to bias towards it during training. 

4.5.2 Model Inference along Tunnel Alignment 

The two models are employed to infer the geological profile along the tunnel alignment and for 

comparison with the geological profile predicted by the geologist in the GBR. Again note, the ground 

truth is only available at the labeled rings, and this GBR provided profile is an uncertain inference made 

by the geologist, not the ground truth. Therefore, while overall comparison is appropriate, the localized 

deviation between cross-section should be viewed as disagreement among different models, and not 

necessarily error. 

Figure 4.11 shows, respectively, the geological profile within the excavation envelope per the 

GBR, the SL and SSL model. A similar ESU distribution is observed among all three views. Both model 

predictions, when compared to the geologist’s, are more heterogeneous, as is evidenced by the 

fluctuations of the DKL plot. Due to the repeated glaciation cycles, Seattle’s geology features a complex 

interbedding of glacial deposits, and nonglacial deposits resulted from inter/post-glacial tectonic/human 

activities (Troost and Booth 2008), distributed across glacier throughs. It is therefore possible that both 

models detect small lenses of interspersed ESUs inside other ESUs. This interspersing is not reported in 

the geological profile. 
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Figure 4.11 Diagram showing the inferred geological profiles along the tunnel alignment according to the 
geologist, the SSL and SL models, respectively. In each plot, the ESU fractions are represented by the 
height of each color. The calculated DKL is plotted in solid blue line on the right axis. 

In Figure 4.12, we compare the probabilities of each ESU being the majority unit against the that 

predicted by the geologist. Based on the assumption in Section 4.3.1, these probabilities are also the 

expected ESU fractions. Figure 4.12 highlights some of the differences between the machine learning 

model and geologist’s inferences. A typical one is from ring #2150-2200 (see the red dashed box in 

Figure 4.11), which according to the geologist, is dominated by CSF, while both machine learning models 

are inclined towards CCS. 

Another common disagreement between the models and the geologist is about the exact location of 

boundaries between different ESUs. For example, at around #480 (from CCS to CSG), ring #1800 (from 

CSG to CSF), ring #2400 (from CSG to TLD), ring #3000 (from CSG to CSF) and ring #3240 (from CSF 

to CCS), indicated by yellow dash lines in Figure 4.11. 
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While Table 4.1 gives the performances of both data-driven models, it is unrealistic to evaluate the 

accuracy of the geologist’s prediction using the same cross validation procedure above. This makes it 

impossible to decide which prediction is more accurate without further information. However, given that 

the machine learning models can utilize the ring-level EPBM data, rather than only the sparse boreholes 

for prediction, their results can be considered more reliable in identifying features and transitions with 

finer resolution. While only the geologist’s interpretation (and/or a geostatistical model) may be available 

prior to the start of tunneling, machine learning models similar to those shown here could be used to re-

evaluate the initial interpretation of ground conditions on a real-time basis during tunneling or after 

tunneling has been completed. 

 

Figure 4.12 Comparison of the modeled and the geologist predicted ESU’s probability of being the 
majority unit, where the black line is the geologist’s prediction, and the difference is shown by the 
bleeding (bleeding above is over prediction, and vice versa). 

The SSL model yields an inference closer to the geologist’s profile than does the SL model, as the 

average DKL,SSL =0.32 while DKL,SL =0.45. A similar conclusion can be drawn by comparing model vs. 

geologist’s inferred majority ESUs, as shown in the confusion matrix (Figure 4.13). Though we do not 
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know the ground truth and hence cannot conclude definitely which model is better, the SSL model’s 

better performance on the borehole data, combined with the expected general validity of the geologist’s 

estimation, all seem to suggest that the SSL’s inference is more trustworthy than the SL’s inference. 

 

Figure 4.13 Confusion matrix to compare the inferred majority ESU to that of the geologist. 

4.5.3 Model Performance at Low Data Limit 

Although the SSL model slightly outperforms the SL model, this alone seems insufficient to justify 

the extra effort SSL calls for. However, SSL has a unique feature that makes it particularly desirable for 

tunneling. SSL can maintain good performance with very limited labeled data. To demonstrate this, we 

randomly withhold some boreholes from training, and compare the performance of each model (measured 

by DKL) on the withheld data. This process is repeated 100 times. The average performance is reported in 

Figure 4.14. 
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Figure 4.14 Diagram showing the performance of SL and SSL models at low-data limit. The plot shows 
the average DKL of the two models trained using various number of borehole data. The percentage in the 
bracket is the labeling ratio (i.e., # of boreholes /# of total rings). The shaded area marks the 1st and 3rd 
quantile of DKL calculated from the 100 realizations. 

SL model performance degrades at a much higher rate as the number of training boreholes 

decreases. The SSL model is considerably less sensitive to the size of training data, as is shown by its 

gradual increase in DKL with reduction in training boreholes. The difference between the two models 

remains noticeable until at least 40 boreholes (1.1% labeling ratio) are used for training, above which 

their performances converge. 

In Figure 4.15, we picked the average-performing realization of each model (out of the 100 

realizations) and plotted their geological inference for visual comparison. It can be observed that the SSL 

model inference remains reasonable even at the low level of training boreholes. The SL model 

performance becomes highly scattered and inaccurate as the number of training boreholes decreases. 
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Figure 4.15 Diagram showing the inferred geological profile by the average-performing SL and SSL 
realizations, respectively. The black lines indicate the boreholes used in that realization. 
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Limitations on the number of training boreholes are common in real tunneling projects. When 

deployed in practice, both models can only use boreholes reached by the EPBM for training. The 

available number of training data is always limited at the beginning of tunneling, rendering model 

robustness at low-data limit important. 

To demonstrate, a virtual excavation was conducted to mimic a realistic tunneling process, wherein 

the performance of each model was compared. Specifically, we randomly choose 40 boreholes along the 

tunnel alignment for training each time and reserve the remaining 21 for testing. Instead of using the 40 

boreholes for training at once, only boreholes reached by the simulated tunneling progress are fed to the 

model for training. The model performance is tested at each progress level (i.e., ring #400, 800, …, 3200, 

3599) using the remaining 21 boreholes. The process is repeated 100 times and the average performance 

is reported, as shown in Figure 4.16. Figure 4.16 suggests the SSL model performs considerably better 

than the SL model, as is shown by both its lower average DKL and tighter bounds of variance, especially at 

the beginning of the excavation process. 

 

Figure 4.16 Diagram showing both models' performances in virtual tunneling. The solid lines and the 
shaded bounds, respectively, indicate the average, 1st and 3rd quantile of DKL calculated from the 100 
realizations. 
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Figure 4.17 Diagram showing virtual tunneling and the evolution of the two models’ average-performing 
realization. Reached boreholes are drawn in black and the unreached are in grey. 
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For a more intuitive comparison, we picked the average-performing realizations of both models 

and plotted their inference at all progress levels in Figure 4.17, where all reached (hence used) boreholes 

are drawn in black, while those beyond are in grey. Figure 4.17 reveals that the SSL model inference 

stays stable at various progress levels, while the SL model prediction is rather erratic and changes every 

time new boreholes are added before reaching ring #2400, making it hardly usable in practice. 

4.5.4 Beyond Ground Condition Characterization 

Despite good performance, most data-driven models remain black boxes that defy interpretation. 

However, being interpretable is important for a model to be either trusted or overruled when its prediction 

is plausible. Below, we provide an example to show that, as SSL’s intermediate product, the similarity 

graph offers an intuitive way to visualize and interpret the logic behind model prediction. 

Specifically, the t-distributed stochastic neighbor embedding (t-SNE, Maaten and Hinton (2008)) 

was performed on the similarity matrix to project all ring data to a plane, where each ring is represented 

by a node, colored proportionally according to the SSL-inferred ESU probability/fraction, as is shown in 

Figure 4.18. In addition, all labeled rings are highlighted in red. 

From Figure 4.18, rings of similar ESU tend to cluster to independent communities, while the 

dissimilar ones stay apart. For each community, its color is mostly determined by the labeled nodes 

inside. This can be understood, as the label propagation algorithm diffuses borehole information to their 

graph neighbors, allowing them to dominate in their communities. The recovered cluster structure can be 

used to explain the logic behind SSL’s inference. As an example, we pick two rings that both models 

failed to predict in Section 4.5.1. 

Ring #214 is labeled as entirely CCS per the adjacent borehole. Figure 4.18 shows the subgraph 

around ring #214, including its direct neighbors and nearby nodes, mostly in the range of rings #150-

#250. Beside ring #214, ring #176 (pure CCS) and ring #474 (over 82% CSG) are also labeled in the 

subgraph. Recall in Section 4.5.1, SSL failed in predicting ring #214 when it was held out for testing 

(Figure 4.9). With the subgraph, the logic behind SSL’s misprediction is clear. Compared to ring #474, 
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ring #214 is closer, and hence more similar to ring #176. As a result, SSL predicted ring #214 to be of 

66% chance to have CCS as its majority unit, while only 22% of being CSG. In fact, the neighbors of ring 

#214 (i.e., rings #190-#210) were also misclassified to be mostly CCS unit. The prediction will not 

change until ring #214 is labeled. 

Also singled out in Figure 4.18 is ring #1823, labeled as pure CSG based on the adjacent borehole. 

When tested, it is mis-predicted as roughly of equal chance to be CSG, CCS and CSF units. Again, the 

subgraph provides a visual justification to the prediction: ring #1823 is close to #1881 (28% CSG, 23% 

CSF and 49% CCS), and #1866 (26% CSG and 74% CSF), which misguided the SSL model. In addition, 

the subgraph topology also suggests #1823’s label plays an important role in predicting the labels of the 

rings in the cluster above (i.e., around #1770 and #2120), as no ring is explicitly labeled in that cluster. 

Being able to visualize the similarity graph is useful for model interpretation. The graph topology, 

as we showed above, can be used to trace the flow of label information, which reveals the logic behind 

the inference of any particular ring. Furthermore, it can be used to decide whether and where, to drill 

additional boreholes. 
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Figure 4.18 Visualization of the similarity graph. The top row shows the borehole encoding. The middle 
row is a visualization of the similarity graph obtained via t-SNE. The graph nodes are colored according 
to the SSL inference. For clarity, all edges are omitted. The labeled rings are highlighted in red. The 
bottom row gives a zoom-in view of the subgraphs around ring #214 and #1823. 
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4.6 Conclusion 

This paper explored using EPBM data and the limited borehole data to characterize the as-

encountered ground condition while tunneling. Nine features from the EPBM measurements, namely the 

cutterhead rotation speed, rotation torque, thrust force, advance rate, screw conveyor rotation speed, 

rotation torque, chamber pressure and its vertical gradient, as well as the excavated soil mass, are used to 

represent each ring. Ground condition is simplified to four ESU units, encoded probabilistically from 

borehole data. Both the supervised learning (with multinomial logistic regression) and semi-supervised 

learning (with label propagation) are used and their performances are compared. The main conclusions of 

this study are as follows: 

• It is feasible to use the EPBM data to characterize the as-encountered ground condition within the 

excavation envelope while tunneling. Specifically, we found both the SL and SSL methods can 

identify the majority ESU of each ring. The average DKL of the SL and SSL methods are, 

respectively, 0.64 and 0.51. The average precision/recall are 0.62/0.60 for the SL, and 0.66/0.63 for 

the SSL. The average F1-score are 0.61 for the SL and 0.64 for the SSL. Both models performed the 

best in identifying the CSG unit, and all struggled in detecting the CSF unit. 

• When used to infer the geological profile along the tunnel alignment, both models, compared to 

the geologist, predicted the ground to be more heterogeneous. In addition, it was observed that the 

two models tend to disagree with geologist in terms of the exact locations of geological boundaries 

between different ESUs. Among the two model inferences, the one given by the SSL model agrees 

better with the geologist’s. 

• It is found that when the labeled data are sufficient, both methods performed similarly. However, 

without enough data for training, the SSL method is preferred as it performs significantly better than 

the SL method. Empirically, it is found a minimum labeling ratio of 1.1% is required for the SL 

method deliver usable prediction. 
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• It is shown that visualizing the similarity graph, the byproduct of the SSL method, offers an 

intuitive way for model interpretation, helping people to understand the logic behind the SSL 

model’s inference. 

The result of this paper is expected to benefit the contractor, TBM manufacturer and project owner. 

For contractor and project owner, the framework developed here can be used as a tool to proofread the 

geological profile provided in the GBR to highlight the potential discrepancies, based on which to better 

resolve conflicts associated with differing ground condition claims. Since it uses the readily available 

data, its application comes with no additional cost to the project. For manufacturers, such methods 

showcase the potential value of EPBM data and justifies further investment in more sophisticated 

instrumentation systems (e.g., tool wear sensors, acoustic transducers, etc.). It is expected that the SSL 

approach is applicable to a broader range of applications within geotechnical engineering, such as 

exploratory drilling, CPT test, etc. 
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5.1 Introduction 

The earth pressure balance tunnel boring machine (EPBM, Figure 5.1) is commonly used in soft 

ground tunneling. When excavating, all thrust jacks are slowly extended against the installed lining 

segments to push the EPBM forward, overcoming the resistance of the chamber pressure force, cutterhead 

force, side friction and trailing gear drag. The cutterhead rotates to cut and scrape the formation soil loose, 

allowing material to enter the excavation chamber through openings in the cutterhead. Mixed with foam 

and other injected additives, this pressurized soil mixture (i.e., muck) is used to support the tunneling face 

and minimize overlying ground and building deformation. Muck is discharged from the excavation 

chamber via the screw conveyor. Once a ring’s volume of ground is excavated, EPBM advancement is 

halted and thrust jacks are retracted sequentially, making room for the installation of new lining segments. 

This excavation-installation cycle is repeated until the completion of tunneling. 

Currently, the EPBM is manually controlled, with the operator responsible for chamber pressure 

regulation, soil conditioning, steering, cutterhead and screw conveyor rotation control, etc. The operator 

relies on machine data reported in real time. With due respect to operator’s expertise, human decision-

making is known to be fuzzy with imprecision and approximate reasoning that limits rationality in 

complex dynamic systems (Hsu, Bhatt, et al. 2005). This is especially true for modern EPBMs of 

increasing complexity. A typical metro-size EPBM has over 50 measurements for the operator to attend 

to, which is well beyond the average human’s ability to analyze simultaneously (Halford, Baker, et al. 

2005). As a result, operators in practice mainly focus on a selection of key parameters and only check the 

rest once in a while, a phenomenon known as “cognitive tunneling” by coincidence (Dirkin 1983). These 

human determined operations are likely suboptimal and can adversely impact the tunneling performance. 

According to Efron and Read (2012), 30-40% of tunneling cost is related to labor. Labor cost can be 

CHAPTER 5 USING EPBM DATA TO ENHANCE TUNNELING PERFORMANCE 
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reduced if higher advance rates (AR) and an improved level of automation is achieved. Granted, higher 

AR alone does not guarantee a shorter construction period, as productivity is also influenced by machine 

utilization, which is expected to increase with techniques such as front navigation (Shimizu Corporation 

2004) that allows for continuous tunneling without stop for ring-building. 

 

Figure 5.1 Diagram showing the typical configuration of an EPB TBM, and the major force components 
acting on it (modified from Herrenknecht) 

The estimation of AR has been long studied in tunneling. In hard rock excavation, many models 

(Yagiz, Gokceoglu, et al. 2009; Shao, Li, et al. 2013; Mahdevari, Shahriar, et al. 2014) have been 

proposed to estimate the rate of penetration (ROP), which is a standard performance metric in that 

context. One common feature of these models is that they all use the rock and rock mass properties (e.g., 

uniaxial compressive strength, Brazilian tensile strength, distance between weak planes, etc.) as the 

dominant predictors, while the contribution of machine operations is trivial.  

In contrast, AR prediction for soft ground tunneling relies heavily on operational parameters, as 

achieving high AR requires proper coordination of machine operation to yield a stable face pressure and 

smooth material flow. Mooney et al. (2018) modeled the AR of EPBM tunneling in full-face sandy 
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ground with the support vector regression (SVR) method, using 12 features including the thrust force, 

cutterhead torque, the injection rates of foam, solution and water, the rotation speed and torque of the two 

screw conveyors, as well as the tunnel cover depth and ground water table. Except for the last two inputs, 

which are geology determined, all model inputs are operation related. The model yielded a coefficient of 

determination (R2) of 0.89, and AR root mean square error (RMSE) of less than 9 mm/min (relative to 

measured AR between 80-100 mm/min). This, however, shall not be taken as the geology’s influence is 

trivial. Instead, in their subsequent modeling work using elastic net (Mokhtari, Navidi, et al. 2020), it is 

shown that while a good-performing AR model can be trained using the same feature set for tunneling in 

sand, silt and clay, respectively, the interpreted relationship between the model predicted AR and 

operational inputs is significantly different across these soil types. 

Elbaz et al. (2019) applied a neuro-fuzzy inference system for AR estimation of EPBM tunneling 

based on three inputs: the cutterhead rotation speed, torque, and the screw conveyor rotation speed 

following the result of principal component analysis. Using a genetic algorithm for model training, they 

reported a R2 =0.85 and a relative deviation of 15%, though based on a rather small dataset consisting of 

only 200 measurements, each is averaged over a ring. As is described in Chapter 3, in order to maintain 

chamber muck flow equilibrium, the screw conveyor rotation speed is manually adjusted based on the 

EPBM AR, making the two highly correlated. Therefore, while screw conveyor rotation speed can be 

used to predict AR, it has little use for AR control, as it is the consequence, not the cause, of variations in 

AR. 

Gao et al. (2019) applied deep recurrent neural network for EPBM AR prediction. Their model 

used as inputs the cutterhead torque, AR, thrust force and chamber pressures at three locations of the 

previous five timesteps (i.e., measurements at t-1, …, t-5). They showed the model can predict AR with 

RMSE below 1.5 mm/min and mean absolute percentage error of less than 7%. However, explicitly using 

the previous AR as input feature to predict the current AR is questionable, especially using recurrent 

neural network. In fact, due to the high inertia of EPBM, AR is always autocorrelated, and can be well 

predicted using non-deep learning methods. 
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While models above have succeeded to various degrees in AR prediction, none have been used for 

control purpose. As the AR model learned has essentially captured the dynamics between EPBM 

operations and the resulted advancement, maximizing AR with respect to operations can help to 

determine the optimal EPBM operations in order to maximize tunneling performance. As an example 

from the petroleum drilling industry, Hegde and Gray (2018) first trained a ROP prediction model with 

random forest method from drilling rig operations (drilling fluid pressure, bit rotation speed and weight-

on-bit). Further used as a surrogate of the unknown drilling physics and optimized, the model was 

employed to determine the optimal operations that minimizes the mechanical specific energy of drilling. 

They reported a 20% increase in ROP, combined with 15% and 7% reduction in specific energy and 

torque-on-bit, respectively, compared to the drilling performance achieved by human operators. Given the 

similar context and objective of tunneling and drilling, we expect their framework is equally applicable 

for EPBM tunneling. 

This chapter presents an effort to enhance EPBM tunneling performance using data-driven 

modeling and optimal control. Specifically, the EPBM advancement, together with the coupled cutterhead 

rotation torque, are modeled first using SVR method from the EPBM data. To find the optimal operations 

that maximize the tunneling performance (i.e., EPBM AR), the obtained data-driven models are further 

incorporated into an optimal control framework, considering all realistic tunneling constraints. 

The remainder of this chapter is organized as follows: in Section 5.2, we first introduce the N125 

tunneling project, whose data will be used as a case study in this chapter. Section 5.3 presents the details 

of modeling of EPBM tunneling processes, including EPBM advancement and cutterhead rotation torque. 

Section 5.4 is dedicated to optimal control, where the optimization formulation is presented, and the 

results discussed. Section 5.5 is the conclusion. 

5.2 N125 Tunneling Project 

The data used in this chapter come from the Northgate Link extension tunneling project (N125) in 

Seattle, USA. The project aims to extend the light rail service to regions north of the University of 
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Washington by 2021. It consists of the excavation of 5.6 km long twin tunnel using EPBM. The job was 

performed between July 2014 and November 2016. 

Before tunneling, a geological survey was conducted along the designed tunnel alignment, based 

on which a geological baseline report (GBR) was prepared (Jacobs Associates 2013). Six engineering soil 

units (ESUs) are identified, among which four are within the excavation envelope: (1) till and till-like 

deposit (TLD, purple); (2) cohesionless sand and gravel (CSG, tan); (3) cohesionless silt and fine sand 

(CSF, green); (4) cohesive clay and silt (CCS, blue), as shown in Figure 5.2. 

Due to the limited boreholes available (83 drilled along the tunnel alignment, approximately one 

borehole every 60 rings), despite the geologist’s best engineering judgment, geological uncertainty is 

inevitable. To minimize the uncertainty caused by different soil types, only data of ring #1001-1200 were 

used in this chapter (highlighted in red box, Figure 5.2). According to the GBR, this region is full face 

water-saturated CSG, which is independently confirmed by both the contractor and our study (Yu and 

Mooney 2020). The cover depth and ground water pressure head (measured to tunnel center), all 

measured to the tunnel springline, vary gradually between 32.1-38.5 m and 4.4-5.7 m, respectively. In 

addition, the tunnel’s profile in this segment is almost straight with a mild downgrade, making the 

influence of EPBM steering negligible. 

 

Figure 5.2 Diagram showing (part of) the geological profile of the N125 tunneling project according to 
the geotechnical baseline report (Jacobs Associates 2013). The region studied is highlighted in the red box 
(ring #1001-1200). Figures of the Hitachi Zosen EPBM used for excavation is also shown below. 
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As is common for modern EPBMs, all human operations (e.g., cutterhead rotation speed, foam 

injection rate, thrust force, screw rotation speed, etc.) and the resulted machine reactions (e.g., advance 

rate, chamber pressure, cutterhead torque, front/rear body posture, etc.) are recorded automatically every 

five seconds, both during excavation and lining installation. The data used in this chapter comes from a 

Hitachi Zosen EPBM, a typical metro-size machine designed for tunneling in mixed ground condition. It 

has an outer diameter of 6.44 m and is equipped with 16 thrust cylinders, yielding a peak thrust of 40 MN. 

Torque wise, it hosts eight variable frequency motors, together capable to deliver a maximum torque of 

5,941 kN·m. The maximum cutterhead rotation speed is 2.2 RPM. Two screw conveyors are installed in 

sequence for muck discharge, both can rotate as fast as 20 RPM. Like most EPBMs, total pressure in the 

chamber and screw conveyors are measured. For soil conditioning purpose, air and solution are mixed to 

generate foam before injected to the muck in the chamber. In addition, additives (e.g., polymer and water) 

can also be added if desired. Both the air, solution and additive injection rates are controlled by the 

operator. For more details of this EPBM, readers are directed to Frank et al. (2015). 

5.3 Data-driven Modeling of EPBM Tunneling 

This section presents the details of data-driven modeling of two coupled processes in EPBM 

tunneling: the EPBM advancement and cutterhead rotation torque. As will be shown in Section 5.4.1, 

both are indispensable for the EPBM optimal control formulation. 

5.3.1 Advance Rate Modeling 

Applying Newton’s second law of motion, the EPBM AR can be expressed in the recurrent form of 

Eq.(5.1) 
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where the superscripts (e.g., t-1 and t) are integers denoting the timesteps when the corresponding 

quantity is measured. ( )
1

t

t
a d 

−
 is the unknown AR change, t

dAR , modeled with a data-driven 
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technique due to the difficulty in deriving it from physics directly. From time step t-1 to t, the EPBM 

acceleration is controlled by all force components and operations present at the tunneling face, including 

the ground-cutterhead contact force (calculated as the difference between total thrust force and chamber 

pressure force), cutterhead rotation speed and torque. This makes t
dAR  a function of the instantaneous 

total thrust force Ft, cutterhead rotation speed ωt, as well as the latest measurements of 1t
AR

− , chamber 

pressure at center 1t

cP
− , and cutterhead rotation torque 1t

T
− . Including 1t

AR
−  as a variable is because its 

reported influence on the ground resistance at the tunneling face (Sugimoto, Sramoon, et al. 2002; Zhang, 

Hou, et al. 2015). 

To obtain the exact functional form of 1t
dAR

− , the SVR method proposed by Vapnik (1995) is used. 

In addition to its proven capability for AR modeling in EPBM tunneling (Mooney, Yu, et al. 2018), 

choosing SVR over other data-driven models, especially those based on deep learning, is due to the 

limited coverage of EPBM data. Despite the large quantity, EPBM-generated data such as total thrust 

force, cutterhead rotation speed, and foam injection ratio have limited variation in measurements with 

respect to their full ranges (Figure 5.3). While deep learning models are very expressive and their 

performances will continue to grow with increasing training data, the narrow-distribution nature of EPBM 

data makes the performance gain of using deep learning, compared to traditional methods like SVR, 

hardly noticeable. 

 

Figure 5.3 From left to right, are the distribution of cutterhead rotation speed (ω), total thrust force (F), 
and foam injection ratio, recorded in the EPBM data. The horizontal axes are drawn to the full range of 
each variables, through the comparison of which one can see the data is narrowly distributed. 
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Eq.(5.2) gives the general prediction format of SVR, where x and x' denote two different input 

features (i.e., 1 1 1 1 1[ , , , , ]t t t t t

cF AR P T− − − − −=x ), and  is the kernel function used to transform the feature 

to a high-dimensional space where the nonlinear relations between feature and response (i.e., t
dAR ) is 

determined. w is the feature coefficient in the kernel-transformed space, while b is the intercept, 

correspondingly. 
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SVR model training determines the optimal w in Eq.(5.2) by solving the quadratic programming of 

Eq.(5.3), where ε is the error bound between the prediction and target. Some violations (reflected by 

slackness i, 'i) are allowed, and are penalized with a weight C, the so-called box constraint. Both ε and 

C are hyper parameters of the SVR model and need to be determined via cross validation. 
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In Figure 5.4, we plot the AR measurements during a typical ring excavation. AR data is recorded 

every five seconds. The corresponding dAR  values are calculated and plotted. It is seen that substantive 

dAR values are mostly present at the beginning (or end) of excavation when the EPBM is launching (or 

decelerating), while dAR  stays close to zero for the rest time. As AR measurement is resolved to 1 

mm/min, this leads to a rounding error up to 1 mm/min in the calculated dAR . Including all close-to-zero 

dAR  values in training will not only slow down the training process, but more importantly, undermine the 

model performance as the training data is of low signal-to-noise ratio. As such, only those satisfying | dAR

|≥ 3 mm/min are used for model training. This amounts to 8,121 points in total (out of 38,248 points 

before filtering) between ring #1001-1200. Choosing 3 mm/min as the filtering threshold is empirical. 

However, the model performance is similar when setting the threshold between 2-5 mm/min. 
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Figure 5.4 (a) Plots of the AR and dAR  recorded on ring #1109. | dAR |≥ 3 mm/min are indicated by the 

blue dots, otherwise by green dots; (b) Histogram of the dAR , where | dAR |≥ 3 mm/min are highlighted 

in blue, and otherwise in green. Only the blue portion is used for training. 

Among the 8,121 data points, 30% are reserved randomly for testing. The remaining 70% are 

divided into five folds for cross validation in order to determine the optimal hyper parameters (i.e., C and 

ε), using an exhaustive grid search strategy. All model inputs are standardized before training to yield 

zero mean and unit variance to avoid the potential scale effect. Two metrics, the normalized RMSE 

(NRMSE) and R2, are used to evaluate model performance, as defined in Eq.(5.4), where yi is the i-th data 

point, and ˆ
iy the model prediction. ymax, ymin and y are the maximal, minimal and mean values of the 

population, respectively. 
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We first compared the influence of using different kernel functions, . Eq.(5.5) listed three 

popular kernels of the SVR method, and the corresponding model performance obtained are summarized 

in Table 5.1. One can see that the RBF kernel yielded the best performance (same conclusion holds for 

the torque model below), and is therefore used for training below. 
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Table 5.1 Summary of dAR model performance (on ring #1001-1200) using different kernel functions. 

 RBF Polynomial Linear 
NRMSE R2 NRMSE R2 NRMSE R2 

Training (5,591 samples) 0.03 0.93 0.05 0.91 0.07 0.85 
Testing (2,401 samples) 0.04 0.91 0.06 0.90 0.09 0.82 

 

In Figure 5.5, the performance of the dAR  model (trained with ring #1001-1200 data) is shown by 

comparing the model’s predictions and measurements, both for the training (Figure 5.5a) and testing set 

(Figure 5.5c). To allow for a detailed examination of the model performance, results on randomly-picked 

rings #1175-1185 are plotted, both for the training (Figure 5.5b) and testing set (Figure 5.5d). It is 

interesting to note there are more positive dAR values than the negative values. This is because it takes 

longer for the EPBM to accelerate than to decelerate, resulting in more acceleration instances when 

sampled at a fixed interval. For the same reason, the magnitudes of negative dAR are greater than the 

positive ones. In the testing set, the model reported a R2 of 91% and a NRMSE of 0.04. The similar 

performances between the training and testing set suggest no overfitting occurred. One can see the 

model’s prediction is biased towards capturing dAR  of greater magnitudes, which is desired as these big 

fluctuations of AR are more representative of the underlying AR dynamics. 
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Figure 5.5 Diagram of scatter plots comparing the predicted and measured dAR  on rings #1001-1200, 
both on the training (a) and testing (c) sets. Besides, the zoom-in view of model performance on rings 
#1175-1185, both on the training (b) and testing (d) sets are also presented. The bar plot on the right axis 
shows the model error. 

To understand each model input’s contribution to dAR  prediction, the partial dependency plot 

(PDP) and individual conditional expectation (ICE) plots are used. First proposed by Friedman (2001), 

PDP computes and visualizes the expected response of a multivariate function to any given variable(s) of 

interest. Specifically, consider the model ( ),s cdAR x x= , where xs are the variables under study and xc 

are the complementary set, the expected ( )dAR given xs is calculated as 

 ( ) ( ) ( ) ( ),1

1
, ,

N

s s c c s c ii
dAR x x x d px x x

N =
 =   =     (5.6) 

assuming each observation is equally probable, and xs and xc are not strongly correlated. As an extension 

to PDP, ICE plots further allow visualization of the individual function response to xs (Goldstein, 

Kapelner, et al. 2015) to check for model heterogeneity. Both PDP and ICE plot have been successfully 

applied for model interpretation by Mooney et al. (2018) and Mokhtari et al. (2020). Figure 5.6 presents 

the PDP and ICE plots of the dAR  model, where 500 randomly selected ICE plots are drawn (yellow dots 

and grey lines), and their average trend (i.e., the PDP) is drawn in red lines. 
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Figure 5.6 The dAR model’s PDP (red line) and ICE plots (yellow dots and the associated grey lines). 

Figure 5.6a indicates that thrust force F contributes positively to dAR . However, this contribution 

peaked roughly at F =17 MN, and slightly decreases afterwards. This dependency is reasonable from the 

mechanic perspective, and it suggests the optimal thrust force to apply is neither too high nor too low. 

Similar phenomenon has also been reported by Mokhtari et al. (2020). 

From Figure 5.6b, one can see that increasing the cutterhead rotation speed is coincident with 

higher dAR . This can be understood as faster cutterhead rotation accelerates the rate of soil cutting at the 

tunneling face, making it easier for the EPBM to advance. 

According to Figure 5.6c, the previous ARt-1 is negatively correlated with t
dAR . We speculate this 

is caused by secondary effects such as an increased contact force between cutterhead and ground that 

scales with penetration rate, (Sugimoto, Sramoon, et al. 2002), or viscous friction, either between the 

grout and EPBM outer surface or muck and chamber inner face that increases with AR (hence, higher 

shearing rate). 
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The correlation of 1t

cP
− with t

dAR  is slightly negative (Figure 5.6d). Assuming the earth and 

ground water pressure is constant, decreasing the chamber pressure increases the pressure gradient across 

the cutterhead that facilitates soil entry into the chamber. As for cutterhead torque Tt-1, Figure 5.6e 

suggests its contribution is rather trivial, with both positive (T< 1 MN·m) and negative (T> 1 MN·m) 

weak dependencies reported. 

From Figure 5.6, one can also assess the contribution of each model input to dAR  by checking the 

slope of its PDP. It is observed that the thrust force F and cutterhead rotation speed ω are of the highest 

importance to dAR , followed by ARt-1. In comparison, the influence of previous chamber pressure 1t

cP
−

and torque Tt-1 is much weaker. 

5.3.2 Cutterhead Torque Modeling 

The cutterhead torque is coupled with the EPBM AR, as changing operations such as thrust force 

(F) and cutterhead rotation speed (ω) will also result in changes of torque. When tunneling in difficult 

ground without proper soil conditioning, an EPBM’s limited torque capacity can limit excavation 

progress, implicitly forbidding the execution of certain operations. To this end, the coupled cutterhead 

rotation torque is also modeled to ensure the rotary motors can meet the torque requirement when the 

EPBM is optimally controlled to maximize its AR. 

A number of physical models have been proposed for EPBM torque estimation  in soft ground (Shi, 

Yang, et al. 2011; Zhang, Qu, et al. 2014; Godinez, Yu, et al. 2015). Collectively, they suggest the torque 

is dependent on the applied total thrust force F, the penetration rate (defined as AR/ω), the chamber 

pressure Pc, material injection rates Qα (α= air, solution or additive) due to the potential lubrication effect, 

and some geometrical constants (e.g., cutterhead diameter, opening ratio, etc.). While these physical 

models have clear physical meaning and are human-interpretable, their application requires additional 

model parameters such as the ground Young’s modulus and Poisson’s ratio, muck viscosity and yield 

stress, etc. To obtain the best model performance, these parameters need to be fitted from EPBM data on 

each ring, with is time-consuming. To fully utilize the available data for accurate torque prediction, based 
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on the insight of these physical models, the cutterhead rotation torque is estimated using data-driven 

method of Eq.(5.7) 

 ( ), , , , ,t t t t t t t

SVR cT T F FIR AdIR AR P=  (5.7) 

where the foam injection ratio (FIR) and additive injection ratio (AdIR) are the volumetric fractions of the 

injected foam and additive to the excavated soil, respectively. They are directly controlled via a feedback 

mechanism shown in Eq.(5.8), where 1
exc
t

Q
−  is the excavated soil volume at the previous timestep. 
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The SVR method is used for torque modeling, following a similar training procedure of the dAR  

model, with the main difference being data filtering. Specifically, for data on rings #1001-1200, only 

those with cutterhead rotation speed above 1 RPM are used. Doing so avoids the static imbalance period 

data recorded at the initiation of rotation, where significant angular acceleration exists. This is in contrast 

to when the EPBM is advancing steadily with its cutterhead rotating above 1.5 RPM, when most 

meaningful excavation take place. Applying this filter results in 36,911 samples in total on rings #1001-

1200.  

Figure 5.7 presents the torque model performance, first with scatter plots for an overall comparison 

between the measured torque and the predicted ones, both on the training (Figure 5.7a) and testing sets 

(Figure 5.7c). Overall, the model reports an NRMSE of 0.06 and R2 of 0.65 on the testing set. Compared 

to the training test, where R2= 0.80, the performance is lower on the testing data. The model is observed 

to overestimate for low torque ranges (typically below 1 MN·m). A zoom-in view on rings #1175-1185 

(Figure 5.7b and d) reveals such positive errors mostly present at the transition between consecutive rings, 

where the EPBM accelerations (or decelerations) not fully removed above lead to big AR fluctuations, 

contributing to the overestimation. However, this is considered acceptable for the model’s intended use, 

because as a torque capacity constraint, the torque model only applies at high torque magnitudes, where 

its predictions are accurate. For low torque scenarios, the EPBM’s capacity is sufficient anyway. 
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Figure 5.7 Scatter plots comparing the predicted and measured torque for ring #1001-1200, both on the 
training (a) and testing (c) sets. Also shown are the detailed view of the torque model performance on 
rings #1175-1185, both on the training (b) and testing (d) sets. The bar plot on the right axis shows the 
model error. 

As is the case in dAR  model, the PDP and ICE plots are employed for model interpretation, shown 

in Figure 5.8. In Figure 5.8a, a higher net thrust force is seen to positively contribute to cutterhead torque. 

This is reasonable as higher total thrust force (i.e., normal force between cutterhead and excavation face) 

results in higher interface friction. 

In Figure 5.8b and Figure 5.8e, Tt is shown negatively correlate with the cutterhead rotation speed 

ωt and positively with ARt. The physical justification behind is that torque increases with greater 

penetration ratio (i.e., ARt/ωt), widely reported by previous researchers (Sugimoto, Sramoon, et al. 2002; 

Shi, Yang, et al. 2011; Zhang, Qu, et al. 2014). Given everything else equal, either increasing rotation 

speed ωt or decreasing advance rate ARt will reduce the penetration ratio, leading to smaller torque 

requirement. 

Increasing the foam and additive usage is shown to have little influence on cutterhead torque 

(Figure 5.8c &d). Note that it takes time for the injected soil conditioner to take effect, but this unknown 
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delay is not considered in the current data-driven model, which maybe the reason for their low 

contributions. 

Figure 5.8f shows that higher chamber pressure will increase the torque magnitude, as foam 

bubbles in the muck are compressed and muck porosity reduced, leading to an increase in frictional 

torque at muck-cutterhead interface. 

 

Figure 5.8 The torque model’s PDP (red line) and ICE plots (yellow dots and the associated grey lines). 

5.4 Optimal Control of EPBM Tunneling 

5.4.1 Optimal Control Formulation 

With both the EPBM advance rate and cutterhead torque modeled, we can proceed to formulate the 

optimal control framework for tunneling performance maximization. In this chapter, the EPBM AR is 

chosen as the tunneling performance metric, and the objective is to maximize the instantaneous AR value, 

namely ARt, by choosing the optimal total thrust force F and cutterhead rotation speed ω at every current 

timestep t, given the ARt-1, chamber pressure at center 1t

cP
− , and cutterhead torque Tt-1 of the previous 

moment are known. This is formally expressed as Eq.(5.9). 
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Here, notice that FIRt and AdIRt are not treated as optimizable variables. This is because their 

values are specified by the contractor in tunneling practice, taking into account the effectiveness, 

necessity and cost of soil conditioning, none of which is considered in this chapter. To this end, their 

values will be kept the same to the setting of human operator’s. 

In Eq.(5.9), the total thrust force applicable is limited within a range. This is to honor the realistic 

thrust force capacity constraint. To push the EPBM forward, 16 hydraulically powered thrust cylinders 

are used. By regulating the hydraulic pressure, the thrust jack force can be adjusted. Properly setting the 

thrust force enables the EPBM to advance rapidly while closely following the designed tunnel alignment. 

Based on the EPBM specification, the total thrust force applicable is specified by Eq.(5.10) 

 0 40t
F MN   (5.10) 

Because the tunneling segment of rings #1001-1200 is straight where steering effort is negligible, 

only the total thrust force is optimized while in practice, the operator can control the thrust force of each 

cylinder (or cylinder group) for steering purpose. 

The rotary motors driving the cutterhead are also subjected to physical constraints. The cutterhead 

rotation is speed controlled and torque limited. The Hitachi Zosen EPBM is equipped with eight variable 

frequency drive motors. Through a servo mechanism, these motors work together to maintain the rotation 

speed specified by the operator anywhere between 0-2.2 RPM, as long as the required torque is within the 

motor’s total capacity. This leads to the following constraint as shown in Eq.(5.11) 
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The maximum torque Tmax is a variable of the cutterhead rotation speed. Figure 5.9 shows how Tmax varies 

with ω according to the motor’s performance curve. 

 

Figure 5.9 The cutterhead torque capacity decreases with increasing cutterhead rotation speed. 

To estimate the cutterhead torque required if the candidate operations (F, ω) were to execute, the 

torque model of Eq.(5.7) is used except that ARt and t

cP  are replaced with their most up-to-date values, 

t

SVRAR  and 1t

cP
− , respectively. The substitution of t

cP  with 1t

cP
−  is valid because the chamber pressure 

changes slowly during tunneling and therefore, the difference between t

cP  and 1t

cP
−  is small. 

5.4.2 Particle Swarm Optimization 

As the objective function of Eq.(5.9) is non-convex, maximizing ARt with gradient-based 

techniques will likely end up trapped in local optima. Therefore, the particle swarm optimization (PSO) 

method is used instead. PSO is a stochastic optimization strategy proposed by Eberhart and Kennedy 

(1995) that simulates the behaviour of a population and the “swarm intelligence” the population 
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demonstrates. Beginning with a group of candidate solutions (called particles) xid, PSO tries to move each 

particle to a better position iteratively following the updating rule of Eq.(5.12) 

 
( ) ( )1 2id id id id gd id

id id id

v w v c p x c p x

x x v

  +   − +   −

 +
 (5.12) 

where vid is i-th individual particle speed, pid its best location ever experienced, and pgd the best solution in 

its neighborhood.  is the uniform distribution used to introduce randomness into the optimization with the 

hope to escape from local optima. w, c1 and c2 are, respectively, the inertia, local and global acceleration 

weights, and w=0.729, c1 =c2 =1.4945 are used, following the suggestion of Eberhart and Shi (2001). The 

final solution is taken as the particle group average at convergence. 

Because PSO cannot readily handle implicit constraints like the one imposed by torque limit, the 

objective of Eq.(5.9). is rewritten using penalty method as 

 ( )max
( , )

( , ) argmax
t t

t t t t

opt opt SVR SVR
F

F AR T T


  =     (5.13) 

where δ(·) is the Dirac function that returns 1 if (·) is true, and 0 otherwise. Eq.(5.13) penalizes the 

candidate solutions violating the torque constraint to ensure the solution always complies with the torque 

constraint. 

5.4.3 Result and Discussion 

To show the expected improvement in tunneling performance after applying optimal control, ring 

#1151-1200 (the last 50 rings of the highlighted tunnel section in Figure 5.2) are chosen for 

demonstration. In Figure 5.10, from top to bottom, the EPBM AR, cutterhead torque T, total thrust force 

F and cutterhead rotation speed ω before and after applying optimal control are plotted for comparison. 

For AR and torque, the improvement brought by optimal control is also plotted. For clarity, only data 

during EPBM excavation are plotted. 
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Figure 5.10 From top to bottom, plots comparing the EPBM (a) AR , (b) cutterhead torque, (c) thrust 
force, and (d) cutterhead rotation speed, before and after applying optimal control. For clarity, only data 
during excavation period are plotted. 
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Figure 5.10a suggests, with optimal control, the EPBM AR can be increased at all ring locations 

along the tunnel alignment. The change in AR (denoted by ∆AR) ranges from 0.6 to 23.3 mm/min, with 

the median value around 8.6 mm/min (amounting to 8.6% increase). Here, ∆AR shall not be confused 

with dAR  introduced in Eq.(5.1). The former is the AR change brought by optimal control, while the 

latter is the AR difference observed in the EPBM performance data and predicted by the SVR model.  

As for the required cutterhead torque shown in Figure 5.10b, an inconsistent change between -

563.2 and 227.0 kN·m is observed along the tunnel alignment. The average required torque per model 

estimation is reduced by 83.1 kN·m (or 4.6%) comparing to before applying optimal control. Except for 

ring #1161 and #1191, where the chamber pressure is excessively high, the expected torque is in general 

below 2 MN·m. In addition, the torque obtained with optimal control applied is much smoother when 

compared to that obtained by the human operator. Both observations are due to the consistent application 

of higher cutterhead rotation speed suggested by optimal control, which reduced the penetration ratio (i.e., 

cutting depth per revolution) of cutting. Even though reducing the cutterhead rotation torque is not the 

optimal control objective of this chapter, it rejects the plausible perception that to tunnel faster, a higher 

cutterhead torque must be used. Instead, it shows by “cutting shallower and faster”, higher AR and lower 

torque can be achieved at the same time. 

To examine how optimal control improves the tunneling AR, the suggested optimal operations (i.e., 

Fopt and ωopt) are compared to that applied by the human operators. According to Figure 5.10c, optimal 

control consistently suggests reducing the total thrust force on rings #1151-1160, where a lower chamber 

pressure is present, while increasing thrust force beyond the human operator’s on the other rings. In 

Figure 5.1, we show to push the machine forward, the total thrust force needs to overcome resistance 

consisting of chamber pressure force, EPBM side friction, cutterhead force and trailing gear drag, among 

which the former two would increase with chamber pressure. It is therefore reasonable to see the optimal 

thrust force to change with chamber pressure accordingly. 

The optimal cutterhead rotation speed is 2.2 RPM, the very upper limit of cutterhead rotation 

speed. Local dips of ω do occur, typically at the beginning (or end) of each excavation cycle, where the 
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chamber pressure could drop temporally in response to slow EPBM movement. Nevertheless, it is evident 

that faster cutterhead rotation is beneficial to achieve higher AR. This aligns with the result of Figure 5.6, 

where the cutterhead rotation speed is shown to positively correlate with dAR , as faster rotation enables 

an increase in AR while maintaining the penetration rate (mm/rev). In contrast, the human operator 

prefers rotating the cutterhead slower at around 1.9 RPM and has only set ω to its maximal values in 

limited instances. Such a choice was made to minimize the risk of damaging cutter tools when hitting 

boulders/cobbles that are widely present in the local geology of Seattle (Buckley 2015). 

A closer look at the ΔAR plot also reveals the improvement is uneven along the 50 rings. 

Particularly, for ring #1151-1160, a greater ΔAR (14.3 mm/min on average) can be expected with the 

help of optimal control, while for ring #1161 and forward, the average ΔAR is reduced to 8.7 mm/min. 

Such difference is believed to be caused by the different chamber pressure ( 1t

cP
− ). To show this, in Figure 

5.11, we plot the chamber pressure against the ΔAR with optimal control applied, and a clear negative 

correlation between the two can be observed. This is consistent with the insight from the PDP and ICE 

plots of the dAR  model (Figure 5.6), where increasing the chamber pressure is shown to slow down the 

EPBM advancement. Given everything else equal, raising the chamber pressure reduces the pressure 

gradient from the face to the chamber, therefore slowing down the soil movement into the chamber. 

 

Figure 5.11 Cross comparison of the observed chamber pressure Pc and the performance improvement 
ΔAR. 
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This observation implies that chamber pressure management is critical for tunneling performance. 

In this project, what motivates the contractor to raise the chamber pressure after ring #1161 is the gradual 

rise of groundwater table and pore water pressure. As there exists ambiguity in the determination of 

optimal face supporting pressure in tunneling (Zizka and Thewes 2016), our result suggests it is better 

practice to keep the chamber pressure low, ideally right above the minimum to satisfy all requirements of 

ground deformation, as it will result in more rapid EPBM advancement. 

Another interesting observation worth noting is that, the identified optimal operations before ring 

#1160 are more stable than those after #1160. We speculate this is also related to the different ΔAR 

values achieved. The fact that the ΔAR is expected to be small for rings #1161 and forward suggests the 

human operator’s operations were already close to the optimum per optimal control, and the observed 

fluctuations in operation might be fluctuates near the optimum due to the vanishing ΔAR. 

To allow for a more detailed comparison of the operations by human and optimal control, the 

EPBM responses and the corresponding operations before and after optimization are plotted in Figure 

5.12 for rings #1153 and #1182, locating in the “low and high” chamber pressure zones, respectively. As 

mentioned above, the expected ΔAR is larger on ring #1153 than #1182 (12.8 vs. 7.5 mm/min on 

average) due to their chamber pressure difference. Correspondingly, the determined optimal thrust force 

on ring #1153 is lower than that chosen by the human operator, while on #1182, the opposite is suggested. 

On both rings, the optimal cutterhead rotation speeds are all found to be 2.2 RPM. As for cutterhead 

torque, with optimal control applied, its variations on both rings become smoother. This proves cutterhead 

rotation torque is most strongly influenced by the cutterhead rotation speed, but less by the fluctuations of 

thrust force and chamber pressure. 
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Figure 5.12 Comparison of EPBM responses (AR and cutterhead rotation torque) and operations (thrust 
force and cutterhead rotation speed) before and after applying optimal control for ring #1153 and #1182. 
Only data during advancement are plotted. 

5.5 Conclusion 

This chapter combined data-driven modeling with optimal control to enhance the performance of 

EPBM tunneling. Two coupled physical processes, namely the EPBM advancement and cutterhead 

rotation torque are modeled using SVR method from the EPBM data. The obtained data-driven models 

are found to well predict both the AR and torque from EPBM operations (i.e., thrust force, cutterhead 

rotation, FIR, AdIR). Using PDP and ICE plots, these data-driven models are shown to be physically 

meaningful and human interpretable. 
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Further incorporated into an optimal control framework, these data-driven models are optimized to 

determine the optimal operations to maximize the instantaneous tunneling AR. The results suggest that 

using optimal control, an average AR increase of 8.6mm/min (8.6%) can be achieved, accompanied by an 

average cutterhead torque reduction of 83.1 kN·m (or by 4.6%). In addition, it is found that the optimal 

thrust force and the resulted AR improvement are both impacted by the chamber pressure level, with 

lower chamber pressure requiring smaller thrust force and higher ΔAR achievable. However, chamber 

pressure does not influence the optimal cutterhead rotation speed, and faster rotation is found to always 

lead to more rapid EPBM advancement. 
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Realizing the underutilization of EPBM data in current tunneling practice, this thesis is dedicated to 

the development of new utilizations with such data, with the hope to achieve an improved understanding 

and control of EPBM tunneling. As detailed conclusions were given at the end of each chapter, only the 

overall conclusions of this research are presented below, followed by comments of limitations and 

outlook. 

6.1 Conclusions 

EPBM tunneling involves multiple physical processes such as soil cutting at the excavation face, 

soil conditioning, mixing and flow throughout the chamber, muck discharge via the screw conveyor, 

EPBM advancement and steering, etc., which are typically complicated, interdependent, and not well 

understood. Because of the complexity, scale and cost of tunneling, it is usually impossible to study such 

processes only by model tests or numerical simulations conducted indoor. Instead, it is necessary to study 

these processes directly on the jobsites, using the EPBM instrumentation data. Taking the Northgate Link 

Extension tunneling project as an example, this thesis developed three utilizations from such EPBM-

generated data to deepen the understanding of tunneling, as well as to optimize the control of EPBM. 

Chapter 3 shows how the EPBM-generated data can be used to understand the mechanism behind 

chamber pressure variation in tunneling. By analyzing the bulkhead pressure gauge measurements, as 

well as the recordings of the EPBM AR, screw conveyor rotation speed and soil conditioner injections, a 

chamber pressure model is developed, where two physical processes, namely the compressible material 

flow and chamber fluid seepage, are considered. The model assumes the muck to be a three-phase mixture 

and its behavior is void-, and hence pressure-dependent, and can be sufficiently described with three state 

variables (Vs, Vg and ng) that are changing with the committed EPBM operations. Calibrated with the 

EPBM data, the model is shown to be able to trace the chamber pressure evolution while tunneling with 

CHAPTER 6 CONCLUSION AND OUTLOOK  
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reasonable accuracy. Additionally, the model is found to be sensitive to the choice of screw conveyor 

efficiency, which correlates with the formation soil water content and soil conditioning usage. The 

developed model is beneficial to tunneling in many ways. In addition to a better understanding of the 

physics of chamber pressure variation, being able to predict the pressure while excavating can aid the 

human operator to achieve a more stable face support so that ground disturbance can be minimized. 

What’s more, given the critical role of chamber pressure regulation in mechanized tunneling, the model 

can be, and has been (Chorley 2017), incorporated into an EPBM simulator for the training of machine 

operators before working on real tunneling projects. 

Besides physics-based modeling, the EPBM-generated data also enable building data-driven 

models to address problems with unknown physics. Using machine learning, a framework is presented in 

Chapter 4 that combines both the EPBM data and limited borehole logs to characterize the as-encountered 

ground condition, allowing for an improved level of ground awareness in tunneling. Two learning 

methods, namely the supervised learning (SL) and semi-supervised learning (SSL) are applied for the 

prediction of the ESUs inside the excavation envelope and their performances are compared. It is found 

that both methods can successfully identify the major ESUs. In addition, the study also shows that while 

the two methods’ performances are similar given sufficient borehole logs for training, with decreasing 

boreholes, the SSL method significantly outperforms the SL method. In general, compared to the 

inference made by the geologist, the two data-driven approaches can provide higher resolution ground 

condition inferences, and may locate the boundaries between different ESUs more accurately. The study 

also shows that the similarity graph constructed in applying the SSL method offers an intuitive 

visualization for model interpretation. As the developed method only uses the EPBM data and geological 

report that are readily available, its application comes with no additional cost to the tunneling projects. 

Given the risk posed by unknown geology, the adoption of such methods in tunneling is believed to be in 

the common interests of all tunneling parties. 

Since the EPBM-generated data contain information regarding both the human operations and the 

resulted machine reactions, it has in fact logged the complete tunneling experience gained so far, which 
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can be used to optimize the EPBM operations on the following rings. Chapter 5 presents such an effort to 

maximize the performance of tunneling. Specifically, using the EPBM-generated data, the machine 

advancement and cutterhead rotation torque are first modeled. Further used as surrogates of the 

excavation processes, these data-driven models are incorporated into an optimal control framework to 

determine the optimal operations to maximize the instantaneous AR. The optimization result suggests that 

AR improvement (by 8.6%) and cutterhead torque reduction (by 4.6%) can be achieved at the same time. 

Additionally, the chamber pressure is found to be an influential factor, as it determines both the 

magnitude of optimal thrust force, as well as the maximal AR achievable. The optimal cutterhead rotation 

speed, however, is found to be independent of the chamber pressure, as faster cutterhead rotation speed 

always results in higher AR. The proposed framework can be deployed to assist the human operator in 

real-time to determine the optimal EPBM operations. Despite only the instantaneous AR is considered in 

this research, this optimal control framework can incorporate a much wider range of control objectives 

such as ground deformation, tunneling deviations, or cutter tool wear, etc., to better fit the various 

priorities in tunneling practice.  

6.2 Limitations and Outlook 

As is the case for any research, the work presented in this thesis also come with some limitations. 

First and foremost, while the EPBM data is at the center of this research, their instrumentation details 

(e.g., sensor types, precision, delay, servo mechanism, etc.) remain unknown. As any data analytics is 

only as good as the data it digests, missing such important information makes it hard to assess the quality 

of the utilizations developed. Future researchers therefore should seek to work more closely with the 

industry partners to get access to the details of the instrumentation on EPBMs. 

In developing the chamber pressure model, while there exists abundant experimental evidence to 

support the idealization of the well-conditioned muck, its transitional behavior from the well-conditioned 

domain to ill-conditioned domain is unclear. In this thesis, a relationship proposed by Bolton (1986) is 

used to describe the strength-void ratio dependency of muck. However, this is essentially speculative and 
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further experimental study is needed to better support the modeling effort of muck behavior with a wider 

range of soil conditioning applied. 

In Chapter 4, while the framework developed for ground condition characterization works well, it 

remains unclear if the whole pipeline of data processing is optimal. For example, the probabilistic 

encoding used to convert each borehole log to the learning target is somewhat arbitrary and other 

possibilities clearly exist. Besides, in developing the ring-level features, the EPBM data of each ring, 

which are time serial data originally, are simply averaged before used for ring wise similarity calculation. 

However, it is possible to measure similarity using the whole time series to potentially improve the model 

performance. 

The current optimal control formulation in Chapter 5 only involves the optimization of 

instantaneous AR. However, a better formulation is to plan for optimal control in a limited time horizon 

ahead using techniques like model predictive control, which is a more robust control strategy and the 

status quo of the industry. This would help reduce the fluctuations present in the current optimized 

operations. 

Bock & Linner (2015) stated that automation and robot technology are becoming ubiquitous and 

step by step pervades our life, including tunnel excavation with TBMs. As the building block to support 

such paradigm shift in construction, better TBM data management and analytics could only become more 

demanding in the future. The applications presented in this thesis are some preliminary explorations in 

that direction, which is intended to draw people’s attention to this underappreciated area of research with 

a vast universe of possibilities that requires a closer cooperation between the industry and academia. 
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The Hitachi Zosen EPBM is equipped with two belt scales, locating at 8.8 m (#1) and 43.3m (#2) 

behind the screw conveyor outlet, respectively. They measure the mass flow rate of muck that is 

transported on the belt conveyor. Because of the possible muck drop during transportation, the scale #1 

typically measures 2% higher than scale #2 (see Figure A1, top). To obtain the most accurate EMM, the 

measurement of scale #1is used. 

 

Figure A1 The EMM measurements before and after processing 
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However, there are cases where the #1 scale’s reading is obviously wrong (highlighted in Figure 

A1, top). When that happens, we try to recover the correct reading of #1 scale from the measurement of 

#2, using a local linear regression below 

 1, 2,i iEMM a EMM b=  +  

where a and b are coefficients obtained from regression using the correct readings of the nearest 300 rings 

(symmetrical window centered at the current ring i). The plot of Figure A1 below shows the EMM used in 

the thesis after processing. 
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To determine the best hyper parameters (namely k and α) to use for the SSL model, a 10 fold cross 

validation is performed on the training and validation sets in the inner loop, as is shown in Figure 4.8. The 

(k, α) combination that yields the lowest DKL is regarded as the best hyper parameters and will be used for 

testing on the outer loop. A typical result of the parameter search is presented in Figure B1, where  the 

best optimal (k, α) combination to use is (10, 0.93), as they yield the lowest DKL= 0.544. 

 

Figure B1 An example of the DKL obtained from the inner loop, where (k=10, α=0.93) is the optimal 
combination. 

The optimal (k, α) combination can differ across different test sets (i.e., the outer loop). However, 

the histogram of the optimal (k, α) suggests that k=10 and α=0.93 are usually the optimal (see Figure B2). 
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Figure B2 Histogram of the optimal k and α observed in the outer loop. 
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The coauthor permission to reproduce Chapter 3 by Dr. Adam Bezuijen has been included in the 

supplemental material. 
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