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Operational control of a TBM so as to cause minimal damage to the surrounding 
infrastructure

Control opérationnel d’un tunnelier de façon à limiter l’endommagement de l'infrastructure voisine

D.J.M.Ngan-Tillard, M.Alvarez Grima, P.N.W.Verhoef & R. Babuska -  Delft University of Technology, Delft, the Netherlands

ABSTRACT: TAMAS (Tunnel Advance Monitoring Advisory System) is a TBM operational advisory system that can advise within 
a short time-frame the TBM operator on how the machine should be operated to provide maximum advance rates with minimum sub
surface deformations. TAMAS consists of two modules: an operational control module and a geotechnical prediction and evaluation 
module. The geotechnical prediction and evaluation module assesses all the interactions between the TBM and its surroundings, while 
the operational control module provides TBM operating instructions based on outputs from the geotechnical prediction and evaluation 
module. As the relations between the TBM and its surroundings are complex and the requirements for a real-time response demand a 
feed-back loop that must be capable of rapid assessment and calculation, TAMAS is based on a combination of fuzzy logic and neu
ral-net analyses. In this paper, neuro-fuzzy tools that are adequate for the development of TAMAS are presented.

RÉSUMÉ: TAMAS, acronyme anglais de Tunnel Advance Monitoring Advisory system est le concept d’un système capable 
d ’indiquer au conducteur d ’un tunnelier comment ajuster les paramètres de sa machine de façon à obtenir la meilleure cadence 
d ’avancement avec un minimum de deformation du sous-sol. TAMAS comprend deux modules: un système de control opérationnel et 
un module de prédiction et d ’évaluation géotechnique. Ce dernier évalue toutes les interactions entre le tunnelier et son voisinage tan
dis que le premier utilise le résultat de ces évaluations pour produire les instructions machine. Comme les relations entre le tunnelier 
et son voisinage sont complexes et que le système doit être capable de réagir rapidement, TAMAS repose sur une combinaison de 
logique des nombres flous et de réseaux de neurones. Dans ce papier, les outils de modélisation jugés adéquats pour TAMAS sont 
présentés.

1 INTRODUCTION

Tunnelling with a tunnel boring machine implies removing 
ground and replacing it with a concrete tube of a different stiff
ness. This generates ground movements that can disturb founda
tions and damage buildings. And, every year, in spite of their 
best efforts to avoid such damage, tunnel construction contrac
tors are faced with legal actions by property owners unhappy 
with cracks developing in their building walls or foundations that 
are apparently related to the tunnelling. Such actions are expen
sive to defend against, and are a major problem for the contrac
tors. Cases of structural collapse triggered by tunnelling are rare, 
but can cause severe damage to social and economical life.

Beginning in 1994, Dutch contractors, engineering design 
teams, government agencies, and research institutes have com
bined their efforts within the Centrum Ondergronds Bouwen 
(COB) to make sure that these TBM procedures are undertaken 
with maximum safety and economy. Experience gained during 
the shield tunnelling of the first large diameter tunnels in the 
deltaic environment of the Werstem Netherlands has shown that 
with care, and by using certain procedures, surface disturbances 
can be minimized and kept under acceptable limits. However, 
future tunnels are planned under densely populated and historic 
urban centres, so the continued application of the highest stan
dards in order to avoid damage becomes even more critical. At 
present, the way TBM operators tune their machine might not 
always be optimal as no feed-back on the response of the TBM 
surroundings to their boring instructions reach their pilot cabin. 
Also, difficulties in steering the TBM arise in case of sudden 
change in ground conditions.

One of the COB results was a concept for controlling TBM 
processes that is called Interactive Boring Control System, 
(COB: L700-01 1999). The IBCS defines all aspects and inter
actions that must be considered in preventing adverse effects 
caused by underground works on nearby structures. It is a proc
ess control system that works as follows. A module predicts, in

an iterative way, the optimal boring parameters and their impact 
on the tunnel vicinity. It takes into account all information 
available on the local conditions such as the subsurface layout, 
the position of the tunnel with respect to buildings, and the char
acteristics of neighbouring constructions. Optimal boring pa
rameters, those that allow for a maximum advance rate and ac
ceptable (minima!) disturbance, are translated into machine 
instructions by which that section of tunnel is driven. During 
tunnelling, the response of the surroundings and the boring pa
rameters are automatically recorded by a sophisticated monitor
ing module. Subsequently, an evaluation module compares the 
monitoring results to the forecast effects. Discrepancies cause re
finement of the a-priori model of subsurface conditions and fur
ther improvement of the optimal boring parameters. A-priori and 
a-posteriori information is stored in a 3D GIS for further usage.

The research presented in this paper intends to extend the 
IBCS concept to allow for a real-time TBM operational advisory 
system, called Tunnel Advance Monitoring Advisory System 
(TAMAS), that can advise the TBM operator on how the system 
should be operated to provide maximum advance rates with 
minimum surface deformations. The TAMAS concept incorpo
rates a knowledge-based system that reflects the control system 
concepts of IBCS. However, the requirements for a real-time re
sponse demand a feed-back loop that must be capable of rapid 
assessment and calculation.

2 TAMAS CONCEPT

The interactions between the TBM and its surroundings are the 
object of numerous research projects (Leca 2000) as they are 
complicated and governed by non-linear multivariate relation
ships. The boring process involves a 3D deformation pattern 
around the TBM. Each of its phases contributes to a part of the 
total deformation field and can have delayed effects in time. 
Among others, the influence of water and consolidation is not to
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underestimate. 3D-finite-element simulations can be used to 
model separately the boring process and the ground response, or 
the interactions resulting from tunnelling between the ground 
and the nearby foundations, and between the foundations and the 
buildings that they support. However, this virtual boring process 
requires strong assumptions on the subsurface architecture and 
properties. It also involves prohibitive computation and inter
pretation times and cannot be used in a real-time advisory sys
tem. Moreover, evaluation of the numerical predictions for the 
Second Heinenoord tunnel near Rotterdam shows that they re
quire improvement (Van Jaarsveld 1998, Van Dijk & Kaalberg 
1999).

Thus, a different approach is required to implement TAMAS. 
The use of a combination of fuzzy logic and neural-net analyses, 
or the so-called “Neuro-Fuzzy Approach”, can lead to a suitable 
advisory system to TBM operators, one that provides appropriate 
advice in an understandable format within a short time-frame.

Neuro-fuzzy modelling is an emerging computational tool 
which combines fuzzy logic and artificial neural networks (Jang 
et al. 1997). Artificial neural networks recognise patterns and are 
able to adapt themselves to changing environments (learning ca
pability). Fuzzy logic is capable of incorporating expert knowl
edge, can deal with uncertainty and imprecision, can perform in
ference and make decisions. Neuro-fuzzy models are able to 
describe the non-linearity of complex relations. Relationships 
found can often be interpreted in the form of verbal "rules". 
Adaptative neuro-fuzzy systems can perform calculations in real
time and are therefore commonly used in engineering control 
systems.

Although the first references on fuzzy systems dated 20 years 
back, neuro-fuzzy techniques were only introduced about seven 
years ago (Jang 1993). These techniques are quite well accepted 
within the neural and fuzzy systems research community, but 
their applicability to real-world complex systems has not been 
fully proven yet. Most publications use standard "textbook" 
benchmarks of relatively low complexity, such as the inverted 
pendulum, backing trailer, etc. It is without any doubt that the 
TAMAS application requires extensions of the approach, mainly 
along the lines of handling large data sets, problem dimensional
ity and combination with heterogeneous form of knowledge. 
Additional research is also required in the ability to combine 
prior knowledge with data in a transparent way and to provide 
high prediction accuracy along with interpretability. The initial 
stage of the research consisted in identifying the most appropri
ate neuro-fuzzy methods and related tools for developing the 
TAMAS system.

In a real-world modelling situation we rarely have a complete 
knowledge of the process. Uncertainty and imprecision are al
ways involved, and this hinders the construction of a mathemati
cal model (i.e. a white model) based entirely on physical laws. 
These types of systems can be regarded as complex and ill- 
defined. Fuzzy models can cope with the complexity of such 
systems in a flexible and consistent way. This is accomplished 
by using the concepts of fuzzy sets, fuzzy logic, and approximate 
reasoning (Zadeh 1965). In doing so, we can construct a model 
which mimics the target system without using detailed first- 
principles knowledge, but which may prove more realistic in 
practice (Alvarez Grima & Babuska 1999).

The fuzzy methods that are appropriate for TAMAS include: 
the Mamdani fuzzy model (also called linguistic fuzzy model) 
and the Takagi-Sugeno-Kang fuzzy model (Mamdani & Assilan 
1975, Takagi-Sugeno 1985). Linguistic fuzzy rules that mimic 
the way operators react and tune the TBM in their daily work 
under different working conditions can be written. These fuzzy 
rules can be derived from the interview of TBM operators up to 
a certain extent only. In fact, TBM operators have a limited un
derstanding of the boring process and cannot always explain ex
plicitly their driving attitudes. Besides, the physics behind the 
boring process is complex and not thoroughly understood. To 
overcome this problem, the Takagi-Sugeno fuzzy model can be 
used. It allows the automatic extraction of both membership

function and fuzzy rules by assessment of observational and 
measured data. In short, the Takagi-Sugeno method can be seen 
as a combination of linguistic and mathematical regression mod
elling. A great advantage of the Takagi-Sugeno approach is that 
it allows representation of highly non-linear functional relations 
by a small number of fuzzy if-then rules and it can model dy
namic systems. A key issue in developing a model from meas
ured data is to define a priori the number of membership func
tions and the number of rules in the model. This is accomplished 
by data clustering methods such as the fuzzy c-means and the 
Gustafson-Kessel algorithm (Babuska 1998), and by using deci
sion trees, often called classification trees (Jang et al. 1997).

Fuzzy models can represent the knowledge of a particular 
process explicitly by means of fuzzy if-then rules as mentioned 
above, but they are not equipped with learning capabilities. 
Moreover, if the number of input variables involved in the de
scription of the system is large, and this is the case with 
TAMAS, it becomes difficult to select pertinent membership 
functions and/or rules in the fuzzy model and to optimize (tune) 
the model. This problem can be overcome by using learning al
gorithms derived from neural networks, such as derivative-based 
optimization methods (e.g. back-propagation methods), and con
ventional mathematical techniques such as least squares estima
tion. By employing such methods, the learning algorithm auto
matically finds suitable parameters for the membership functions 
in the fuzzy model. Thus, neural net algorithms may be used to 
optimise the parameters of the membership functions while least 
squares estimation methods may be used to tune the parameters 
of the consequent part of the rules. This is called adaptative 
neuro-fuzzy system.

Analytical and physical models are important to support the 
TAMAS modelling framework. Neuro-fuzzy methods can make 
use of empirical knowledge of the system to construct a model, 
but can also make use of prior-knowledge of the system in the 
form of equations and combine all this information into a so- 
called semi-mechanistic or hybrid modelling approach (Babuska
1999). In other words, the workability and reliability of TAMAS 
will not depend only on the existing data but also on the prior- 
knowledge of the system. For instance, it is possible to use the 
knowledge of the TBM boring process from theoretical and 
practical experience, to use numerical computations of the de
formation of the soil above the tunnel lining, as well as to use in
formation on the operator skills.

There is evidence that neuro-fuzzy techniques can cope with 
parts of the problem, the control of ground movements caused by 
tunnelling. Alvarez Grima et al. (2000) have, for example, de
veloped a neuro-fuzzy model for the penetration rate of hard 
rock TBM using the largest existing database of TBM projects in 
hard rock.

3 TAMAS TRAINING AND VALIDATION

The development of TAMAS is depending on the availability of 
training and validation data. Considerable effort has been di
rected toward the recording of data from the Second Heinenoord 
and Botlek tunnels, and additional data are being collected from 
the Sophia tunnel. These data include geotechnical characteri
zations of the subsurface conditions, TBM operational parame
ters as well as data quantifying the stress and strain response of 
the TBM surroundings and the TBM itself. The boring data are 
for example the level of bentonite in the excavation chamber, the 
torque on the cutting wheel, the debit of the pumps pumping 
slurry in and out of the excavation chamber, the jack forces 
pushing forward the TBM shield or the volume of grout injected 
to back-fill the tail void.

The dynamic control of a TBM with TAMAS requires, 
among others, the continuous automatic monitoring of the 
ground response at a high frequency in space and time. Depend
ing on the proximity of the TBM cutting wheel to a monitoring 
station, one set of ground monitoring data per tunnel ring exca
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vated is not sufficient. There is no point in achieving a very low 
final settlement by injecting grout in the tail void to repress set
tlements that have already occurred due to the tampered shape of 
the TBM shield or its excessive rolling, rocking and pinching.

Efforts are underway to perform geomechanical analyses of 
the data that are already available to determine important rela
tionships among the material properties, TBM operational pro
cedures, and the resulting deformations. Preliminary results 
show that the ground settlement at 25m behind the bore front re
sponds linearly to the volume of grout injected in the tail void 
behind the lining. These results also show that the parameters of 
the linear regression vary strongly with the boring procedure, the 
use of overcutters for example, the TBM progress rate, the grout 
behaviour and the structure and properties of the subsurface. 
Hence, the need to gather extra information on the subsurface by 
using probing ahead systems (Swinnen et al. 1999) or by ex
tracting from boring parameters ground parameters that reflect 
the ground susceptibility to settle due to tunnelling works. The 
integration of such an extraction module within TAMAS has an
other advantage. It enhances TAMAS transparency and our un
derstanding of the boring process and its interactions with the 
TBM surroundings. As a result, piloting a TBM with TAMAS 
below a sensitive area becomes psychologically more acceptable 
to the society.

4 IMPLEMENTATION OF THE TAMAS CONCEPT

As illustrated in Figure 1, two neuro-fuzzy components form the 
heart of TAMAS concept: a neuro-fuzzy TBM operational con
trol module and a a neuro-fuzzy geotechnical prediction and 
evaluation module. They operate cooperatively. The geotechni
cal prediction and evaluation module assesses all the interactions 
between the TBM and its surroundings, while the operational 
control module provides TBM operating instructions based on 
outputs from the geotechnical prediction and evaluation module.

Implementation of the TAMAS concept requires the collec
tion and analysis o f appropriate data from TBM projects as ex
plained above, and the development of the various IBCS mod
ules. Some IBCS modules are under development. For example, 
the grout pressure and grout volume in the tail void of the TBM, 
are both known to play a significant role in the ground settlement 
triggered by tunnelling works. However no monitoring instru
ment routinely controls their distribution inside the void tail and 
the only possible machine instructions that can be given are val
ues to regulate the pump grout pressures. Therefore, diverse 
regulation systems will have to be developed and compatibility 
problems will certainly be encountered with the presently avail
able TBM control technology. To overcome such problems, in
structions will be applied through modified TBM mechanical 
components. Such developments will require some time, but are 
already underway within the IBCS COB program.

5 CONCLUSIONS

The TAMAS concept has been developed with the encourage
ment of tunnelling contractors and TBM manufacturers facing an 
old dilemma of the Dutch society, the development of a modem 
and efficient infrastructure which preserves its architectural 
heritage and does not hinder its urban life.

With TAMAS, contractors who are eager to bore below ma
jor cities such as Amsterdam will be able to offer to their clients 
a boring process that is safer and respects the sensitivity of the 
urban environment to settlements. Moreover, monitoring results 
may also be analysed in the objective of establishing the boring 
parameters which ensure the maximum production rate. TAMAS 
might also be attractive to other parties. Clients might impose the 
use of TAMAS to tunnel contractors. Insurance companies might 
allocate discount in premium to tunnelling contractors equipped 
with TAMAS.

Figure 1. Concept o f  Tunnel Advance Monitoring Advisory System 

(TAMAS)

The goal of TAMAS, to mimimize damage to the infrastruc- 
thure surrounding the tunnel under construction, is accomplished 
by the usage of monitoring systems and sensors within and out
side the TBM. The TAMAS neuro-fuzzy based programs seek to 
develop real time control systems, capable of reacting in a short 
time span on changing conditions in the soil surrounding the 
TBM. So adequate reactions to sudden changes in groundwater 
pressure or adverse soil conditions may be accomplished much 
more rapidly than by a tunnel machine operator acting alone.

TAMAS comprises two main components, namely: (1) mod
eling of the tunneling process and (2) control of the tunneling 
process. For both the modeling and the control of the TBM sys
tem, Neuro-fuzzy methods in conjunction with conventional 
mathematical methods are used. This relatively new approach 
exhibits a number of advantages, which will be completely ex
plored in this research. In brief, the combination of neural net
works and fuzzy logic appears promising for TBM modeling and 
control for the following reasons:
- Neuro-fuzzy models can consider simultaneously more aspects 
than any expert team in charge of formulating scenarios for the 
boring process.
- Neuro-fuzzy models can short-circuit time-consuming finite 
element calculations and therefore assess in real-time the best 
boring parameters and their consequences on the tunnel envi
ronment.
- Neuro-fuzzy models can strengthen the synergy between re
search groups such as the COB (Centrum Ondergronds Bouwen) 
and the BTL (Boren van Tunnels en Leidingen), and between 
theoreticians and tunnelling contractors, by translating the prac
tical expertise of TBM operators and the knowledge gained by 
researchers into explicit rules for a process control advisory sys
tem.
- Fuzzy rules can be written to cover those parts of the tunneling 
process for which the geo-mechanical interactions between the 
TBM and the ground are poorly understood.
- Neuro-fuzzy models contain a learning capacity and an ability 
to integrate new experiences as tunnelling progresses (incre
mental knowledge).
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