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ABSTRACT: During the design phase of a tunnel, one of the concerns of tunnel engineers is estimating ground
movements induced by tunneling, in order to take steps to prevent or minimize possible damage caused by these
movements, to adjacent structures. In this work, an estimate is made of displacements in the ground brought
on by tunnel excavation by using an artificial intelligence technique called Artificial Neural Networks (ANN).
The computer tool utilized was the MatLab program and the networks were of the feedforward type, with the
Resilient Backpropagation (trainrp) learning algorithm.

1 INTRODUCTION

Tunnelling provokes changes in the stress state of
a ground and consequently, some displacements are
generated that spread across the excavation’s zone of
influence, which may induce damage in the struc-
tures located therein. Several methodologies have been
utilized to estimate the displacements generated by
the excavation of a tunnel and the damage that such
displacements can cause to the structures lying adja-
cent to the excavation area. These methodologies are
distributed by the empirical, analytical and numeri-
cal approaches. The empirical approaches are easy
to use, but have the disadvantage of not consider-
ing the ground resistance and deformability param-
eters (Chissolucombe et al., 2005a). The analytical
approaches are also easy to use, but have the primary
disadvantage of determining the various coefficients
necessary for the use thereof. In using numerical
approaches, one must have access to a test program
that can supply the necessary parameters in a way
as to be able to use constitutive models that faith-
fully represent the conditions of the ground and often
have—as in the case of three-dimensional analyses—a
high computational cost.

The aim of this study is to estimate the displace-
ments of the ground induced by tunneling and the
inflection point of the surface settlements basin utiliz-
ing one of the artificial intelligence (AI) techniques,
called artificial neural networks. To verify which of
the input variables had the greatest impact on the
output variable of the neural network a sensitivity
analysis was carried out utilizing the values of the
weights between and among the network connections
as proposed by Garson (1991).

In the training of the neural network, two data sets
were used, one of which was obtained by instrumenta-
tion during the excavation of the Metrô-DF (subway) in
the city of Brasilia, and the other was obtained through
numerical simulations by the Finite Element Method.
In all of the situations, the training algorithm utilized
was Resilient Backpropagation (trainrp), with sigmoid
transfer functions.

The use of two sets of data obtained differently is
due to the following factors: (a) the input variables of
the set of data of Metrô-DF were mostly geometrical
parameters of the tunnel or of the ground , having the
SPT value as a single parameter of resistance; (b) need
to know the behavior of the neural network upon the
presentation of the input variables as cohesion and the
angle of friction, values obtained through numerical
simulations.

2 ARTIFICIAL NEURAL NETWORKS

A neural network is a massively parallel distributed
processor that has a natural propensity for storing
experiential knowledge and makes it available for use.
It resembles the human brain in two respects: (a)
knowledge is acquired by the network from its environ-
ment through a process of learning, and (b) connection
strengths among neurons known as synaptic weights
are used for storing the acquired knowledge. (Haykin,
2001).

The most important property of Artificial Neural
Networks is their ability to learn from their environ-
ment and to improve their performance with such
learning.This learning occurs when the neural network
reaches a generalized solution for a particular class
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Figure 1. Types of partialization of the cross section.

of problems. In 1970, Mendel & McClaren (cited by
Haykin, 2001) defined learning as being an interactive
process whereby the free parameters of a neural net-
work are adapted through a process of stimulation by
the environment in which the network is inserted. This
definition implies the following sequence of steps: (a)
the neural network is stimulated by the environment;
(b) the neural network undergoes modifications in its
free parameters as a result of this stimulation; and (c)
the neural network responds to the environment in a
new way, due to the modifications that occurred in its
internal structure.

The set of well-defined rules for the solution of a
learning problem is called a learning algorithm. There
are various kinds of learning algorithms, and the main
difference among them is the way in which the weights
are adjusted.

3 MODELING WITH ARTIFICIAL NEURAL
NETWORKS

3.1 Modeling 1 (surface marks)

In this modeling, the database utilized was comprised
of data obtained from the instrumented sections during
the excavation of the tunnel for Metrô-DF (subway) in
the city of Brasilia.

The Brasilia Metro has an extension of 42 km, being
12 km underground. The South Wing section is totally
underground, with 7.2 km of length, and encompasses
nine stations. These stations were built by the cut-
and-cover method and the tunnel excavated by the
sequential excavation method, following the NATM
(New Austrian Tunnelling Method) principles. The
geometry shape of the tunnel cross-section was an
ovoid, with an equivalent diameter of 9.6 m. The types
of partialization of the cross section of the Metrô DF
tunnel are represented in Figure 1. The South Wing
tunnel of the Brasilia Metro was mostly excavated
inside a geological domain, called Paranoa group,
which encompasses layers of porous clay and residual

Figure 2. The geological profile of the tunnel from the South
Wing.

Table 1. Input statistics for data sets.

Variables Mean Minimum Maximum

H (m) Training 10.24 6.70 14.30
Testing 10.03 7.70 12.90

D (m) Training 8.49 7.26 9.56
Testing 8.61 7.26 9.46

SPT roof Training 22.92 0.40 50.00
Testing 22.70 0.90 50.00

SPT side Training 3.75 1.50 8.50
Testing 3.75 1.50 8.50

SPT floor Training 8.72 3.50 18.00
Testing 8.79 3.50 17.00

soil of slate (Chissolucombe et al., 2005b). The geo-
logical profile of the tunnel from the South Wing is
represented in Figure 2.

The input variables in the network were as follows:
ground cover above the tunnel roof (H), the type of
partialization of the section (TS), the equivalent diam-
eter of the section (D), the length of the balance (x),
the level of the water table (N.A.), the SPT value of
the tunnel roof, sides and floor. The output variables
were the values of the stabilized surface settlement on
the tunnel axis obtained from adjustments after taking
readings of the surface marks and the inflection point
(i). The medium, minimum and maximum values of
some input variables are presented in Table 1.

The set of data was comprised of 74 pairs of exam-
ples, 62 being utilized in the training phase and 12
in the testing phase. The training was performed con-
sidering each output separately; this procedure was
adopted because the performance of the network was
better than when both outputs were considered simul-
taneously. The architecture that offered best general-
ization was 8-40-1 for the output variable “maximum
surface settlement” and 8-10-1 for the output variable
“inflection point of the settlement basin”. Figures 3, 4,
5 and 6 show the results obtained during the training
and testing phases of the neural network, and an aver-
age of 3,000 interactions was necessary to obtain the
performance presented.
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Figure 3. Comparison between the predicted and mea-
sured results for the maximum surface settlement during the
training phase.

Figure 4. Comparison between the predicted and measured
results for the maximum surface settlement during the testing
phase.

3.2 Modeling 2 (numerical simulation)

In this modeling, the data obtained from two-
dimensional numerical simulations under conditions
of flat deformation was utilized, with the Plaxis finite
element program (Brinkgreve &Vermeer, 1998) devel-
oped at Delft University of Technology. The section to
be excavated was partialized and the numerical simu-
lation obeyed the following steps: (a) generation of the
initial stress based on coefficient of lateral earth pres-
sure (Ko); (b) head excavation with application of 50%
of the nodal forces in the area around the excavation;
and (c) activation of the support with application of
the remainder of the load. The excavation of the sides,
nucleus and inverted arch followed the same sequence
described above. The finite element mesh was com-
prised of 275 triangular elements with 6 nodes each,
totaling 636 nodes and 825 Gauss points.

Figure 5. Comparison between the predicted and measured
results for the inflection point of the settlement basin during
the training phase.

Figure 6. Comparison between the predicted and measured
results for the inflection point of the settlement basin during
the testing phase.

The model constituent adopted was the Mohr-
Coulomb, the main parameters of which are cohesion
(c), angle of friction (φ), Young module (E), and Pois-
son coefficient (ν). For the modeling, 432 numerical
simulations were performed, varying the cohesion val-
ues (10; 20; 30; 40; 60; and 80 kPa), angle of friction
(17◦; 22◦; 26◦ and 30◦),Young module (3; 6; 10; 15; 20
and 30 MPa) and coefficient of lateral earth pressure
(Ko – 0.35; 0.55 and 0.60). The value of the diame-
ter (D) of the soil cover above the tunnel roof and of
the Poisson coefficient were constant (4.5 m, 10 m and
0.33 respectively).
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Figure 7. Performance of the neural network in the training
phase for the output variable maximum surface settlement.

Figure 8. Performance of the neural network in the testing
phase for the output variable maximum surface settlement.

The following variables: cohesion, angle of fric-
tion, Young module, and coefficient of lateral earth
pressure, constituted the input variables in the neu-
ral network, while the maximum surface settlement
and the settlement at tunnel roof constituted the out-
put variables in the neural network. Out of the total
of 432 pairs of examples available, 352 were utilized
in the training phase and 80 were used in the test-
ing phase. The best network architecture was 4-40-1,
and each output variable was calculated separately.
An average of 1,500 interactions was necessary for
training the neural network in order to obtain a good
generalization.

Figure 9. Performance of the neural network in the training
phase for the output variable settlement at tunnel roof.

Figure 10. Performance of the neural network in the testing
phase for the output variable settlement at tunnel roof.

Figures 7, 8, 9 and 10 show the results obtained in
the training and testing phases for the output variables
“maximum surface settlement” and “settlement at tun-
nel roof” with respective correlation coefficients (R)
of the best linear adjustment. According to Figures 7,
8, 9 and 10, excellent performance was obtained for
both variables in the training and testing phases.

4 SENSITIVITY ANALYSIS

To verify the relative importance of each input variable
in the estimate of the output variables, a sensitivity
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Figure 11. Relative importance of the input variables in
the network to estimate maximum surface settlement and
inflection point (Modeling 1).

analysis was conducted according to the that proposed
by Garson (1991). Figure 11 shows the sensitivity
analysis for Modeling 1, i.e., for the case where the
network was trained using data obtained by instru-
mentation during the excavation of the tunnel for the
Metrô-DF (subway) in Brasilia. For the output variable
“maximum surface settlement,” the SPT resistance
parameter was the one that presented the greatest rel-
ative importance and its maximum value was 32.26%
occurring for the SPT in the tunnel side; the input vari-
able “balance” was the least significant, with a relative
importance of 3.84%. In case of the output variable
“inflection point of the settlement basin,” the most sig-
nificant input was also the SPT in the tunnel side, with
a value of 17.52%, and the least significant input was
balance, 7.13%.

In Modeling 2, where the data were obtained
through the numerical simulations with the Plaxis
finite element program and the output variables were
“maximum surface settlement” and “settlement at tun-
nel roof,” the relative importance of the input variables
was nearly identical to the two output variables. In that
case, the resistance parameters were the ones that pre-
sented greater relative importance, having a cohesion
value of 48%, followed by a Young module of 28%,
friction angle of 15%, and coefficient of lateral earth
pressure with an average value of 9% (Figure 12).

5 CONCLUSIONS

The following conclusions were reached after the train-
ing of the two sets of data utilizing the AI technique
called artificial neural networks: (a) the computational
tool utilized proved highly effective in the estimate
of the displacements induced by tunneling and of the
inflection point of the surface pressure basin, having
obtained high correlation coefficient values and very
minor errors when comparing the values measured
with the values estimated by the network; (b) when the

Figure 12. Relative importance of the input variables in the
network to estimate the maximum surface settlement and the
settlement at tunnel roof (Modeling 2).

objective is to excavate a tunnel in a region where a set
of data on previous excavations is available, the use of
neural networks will provoke a drastic reduction in the
programs of geotechnical geological investigation and
measurements of the construction work; (c) the net-
work trained with the data obtained by instrumentation
during the excavation of the Metrô-DF tunnel exhib-
ited an inferior performance to the network trained
with the data obtained through numerical simulations.
This is due to the noise that the data obtained in the con-
struction work presents. Nevertheless the performance
of this network was reasonable with average correla-
tion coefficients of 0.99 for training and 0.95 in the
test phase; (d) the neural networks present an advan-
tage in relation to traditional empirical methods as
they permit the consideration of variables such as: con-
structive method, water level, geometry of the tunnel,
and geometrical parameters and parameters of resis-
tance of the ground ; (e) compared with the numerical
methods it has the advantage of estimating with high
precision the displacements induced by the excava-
tion, precision that is not always achieved in numerical
analyses due to factors like: lack of an adequate con-
stitutive model; difficulty in representation of the real
geometry; consideration of the tridimensional effect
in bidimensional analyses; (f) the sensitivity analysis
showed in the two modelings that the parameters of
resistance and deformability of the ground have the
greatest impact on the estimate of displacements, with
the SPT values on the sides, roof and floor of the tunnel
in modeling 1 and soil cohesion and Young’s module
in modeling 2; (g) the main disadvantage of neural
networks is the lack of a good set of data for training.
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