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Abstract. In underground works, the continual consciousness of geological and geomechanical properties of rock mass
during drilling, is of major importance to optimize the works and the equipment used. In this paper, the mathematical rela-
tionship obtained from tunnel excavations, considering percussion drilling for blasting by a drilling machine and by a tun-
nel boring machine (TBM) are exposed. These mathematical relationships are useful in the percussion drilling case, to ad-
just the drilling parameter recorder (DPR) tools, and in the case of TBM to predict the rock mass geomechanical index
(RMR). Taking into account the complexity of these mathematical models obtained, as a consequence of the affected vari-
ables and their relations, a fuzzy logic model based on parameters accessible to the drilling machine has been used in tri-
cone bit drilling.

Keywords: fuzzy logic, tunnel boring machine, drilling parameter recorder, tricone bit.

1. Introduction

The drilling parameter measurements were introduced in
geological prospecting and in the mining, petrol and gas
industry in the 70s, becoming an efficient tool, allowing
us to identify in detail and predict the geological and
geomechanical characteristics while drilling is being
carried out. The field measurements and the calibration
requirements of the tools and equipment used constitute
the main obstacle to obtain prediction models.

Teale (1965) introduced the specific energy concept
as the necessary energy required to excavate a unit rock
volume and establish that it can be used as a mechanical
property index of the rock mass. Peck (1989), in drill hole
blasting, also established a relationship between specific
energy and rock properties. The correlation between the
drilling parameters and the geological characteristics of
rock mass in drill hole blasting in coal mining, was tested
by Scoble ef al. (1989), who demonstrated, the relation-
ships between the penetration velocity variation, the rota-
tion torque variation, the rotation velocity, the specific
cut energy and the rock characteristics.

It is important to emphasize Schunnesson (1997) re-
search, who established that the correlation between the
obtained parameters from the drilling equipment monitor-
ing and rock characteristics (Viscara copper mine, Swe-
den) is not direct. The correlation may not occur when the
drilling crosses broken rocks or in the case of no typical
rock. He finally indicates that external factors such as the
tricone bit and the different string bar parts can influence
the drilling parameters.

Turtola (2001) through the geological data interpre-
tation DPR (Drilling Parameters Recorder) obtained from
rotation drilling in drill hole blasting, (copper open pit
mine in Aitik Sweden), identifies the main rock types,
based on the penetration velocity variation. A good rela-
tionship between different rock types and specific energy
values was also shown.

Likewise, Mozaffari (2007) by using the latter data
register system, together with an image analysis system
through a project carried out in Aitik mine, concluded
that the penetration velocity measurement, the rotation
torque and the specific energy while boring, provide rele-
vant information about mechanic properties of rock mass.

Based on revised literature, we have come to the
conclusion that data registers during boring (DPR) are
systems in which the calibration ‘in situ’ together with
other relations between variables are needed to obtain a
good interpretation. In tunnel boring through TBM, it is
difficult to predict the geomechanical conditions of rock
mass in front of the machine owing to the observation
difficulties and the large number of variables which con-
trol the excavation process. Geomechanical properties
prediction methods of rock mass have been developed by
machine operation parameters and geological — geotechni-
cal tunnel profiles (Rostami et al. 1996; Ozdemir 2003).

Fuzzy Logic models are other important tools used
in geological and geomechanical property evaluation in
hole drilling (Grima 2000). Multiple variables such as
geological and geomechanical static and dynamic proper-
ties of rock mass, static and dynamic equipment and ma-
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chinery characteristics take part in mining and civil works
drilling (Torafio et al. 2008). Consequently, this makes
the deep rock behaviour modelling in real time difficult
through mathematical models, having to resort to qualita-
tive models based on the operator experience.

When the mathematical modelling is not possible
we should resort to both fuzzy variables and fuzzy rules
formulation (Nguyen et al. 1995; Kala 2008; Raue et al.
2009). Fuzzy logic allows to represent the common
knowledge in a special mathematical language with the
possibility of a reinterpretation of the final results through
a mathematical nature process (Godo ef al. 1989).

A fuzzy model in tricone bit drilling which was ad-
justed (based on data obtained by geological and mining
exploration drilling), has been elaborated. The revolu-
tions per minute, the pressure and the drilling diameter
have been used as input linguistic variables and the rock
mass quality expressed according to compressive strength
in MPa has been used as an output variable. The latter
model adjusted and the existent correlation grade between
this model and field data are shown.

2. Underground Excavations. Mathematical Models

2.1. Parameters for Percussion Drilling and TBM
Excavation

Teale (1965), besides, to introduce the specific energy
concept in rotation drilling, indicated that the work proc-
ess carried out in the rock breaking in each volume unit
was related to the uniaxial compressive strength of that
rock. Further research in this field has been carried out by
Mellor (1972), Reddish and Yasar (1996), Ersoy (2003)
and others.

Two types of specific energy can be distinguished in
the rotation drilling, the one required to move a rock vol-
ume unit during rotation drilling (SEv) (Teale 1965) and
the energy to generate a new surface area (SEa)
(Paithankar and Misra 1976). Specific energy is a cut
mechanic efficiency index and can be considered as the
sum of both the pressure energy strength e, and the rota-
tion energy e,

e =§ kJ/m’, (D

e, = (2—“)(&) kJ/m’, )
ANV

where F is the contact pressure (kN), 4 the excavated
section (m?), N the cutterhead rotation velocity (rpm), T
the cutterhead rotation torque (kN.m) and V the penetra-
tion velocity.

If p is named penetration per revolution, the previ-
ous equation becomes:

F  2nT
=— 4+ —
Ap

SE kJ/m’. (3)

The T/p relation is the necessary rotation torque to
drill a rock length p in one revolution. Therefore, it is
considered as a useful specific energy indicator.

The W. Specific Destruction Work [kJ/m’] is a re-
quired energy quantity measurement in the destruction, in
new surface creation, or in rock cracks. This term allows
the comparison between different rock materials. In
Fig. 1, Young’s modulus corresponds to the curve lineal
slope from the starting point of the loading to the break-
ing point. The area under tension-deformation curve is
the specific destruction work. Thuro (1997) verified, by
comparing the penetration velocities of different materi-
als with their corresponding specific destruction work, in
which the specific work is a parameter that presents a
good correlation with the perforation velocity.
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Fig. 1. I, specific destruction work estimation, from tension —
deformation curve, of a rock sample under unconfined compres-
sion

The relationship between the uniaxial compressive
strength and the specific cut energy in various rock types
was analyzed by Reddish and Yasar (1996). The follow-
ing equation, which relates the specific energy (SE) to the
rock uniaxial compressive strength, was proposed:

SE [MJ/m*] =9.927 (UCS [MPa]) — 73.71.  (4)

Roxboroug (1987) basing on works carried out in
different mines and tunnels in The United Kingdom and
Australia, considers that the uniaxial compressive
strength can provide a good specific cut energy index
(Kinuthia et al. 2009).

In tunnel and mining gallery excavation by TBM,
we emphasize the empiric prediction methods of the
Norwegian Institute of Technology (NHT) (Rostami et al.
1996), the mathematical methods of the Colorado School
of Mines (CSM) (Ozdemir 2003), the net penetration
parameters P and the penetration index Ip. P is the rela-
tion between the average advance V' and the rotation ve-
locity @ in Eq. (5) and at the same time it is related to the
rock mass geotechnical quality since the more breakage
strength is the less is the TBM penetration. Additionally,
the rock mass structural disposition should be taken into
account (in this research the mean RMR measured in the
working face is > 42).

V (mm/min)

o(rpm) ®

P(mm/rpm) =

Ip represents the pushing that needs to be transmit-
ted to a cutter Sc to penetrate 1 mm per revolution and it
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is also used for the indirect detection of the rock mass
quality variations. For the igneous and metamorphic
rocks drilled and characterised by both the fracturation
density and fault zones, the Ip is directly proportional to
their geotechnical quality. The same thing occurs for the
specific rotation energy although with different magni-
tude order.

_ Sc(kN)

Ip(kN | mm) Plmm)”

(6)

Based on our experiences in underground works and
later as researchers in TBM tunnel execution we have
contributed the mathematical relations, which can help
the setting up of the prediction methods and systems.

2.2. Relations for Percussion Drilling

During the excavation phase in Cabrejas tunnel in
Guadarrama mountain chain (Spain), rock geomechanical
characteristics in relation to boreability, which were dif-
ferent from the ones predicted in the project, were ob-
served. For this reason, for example, it was sometimes
necessary to change the predicted excavation system,
turning from mechanical excavation to excavation by
explosives.

In Table 1 the mean compressive strength value, for
different types of rocks crossed while driving the tunnel,
is shown.

Table 1. Compressive strength of different types of rock

Types of rock Compre(s]\s/};c;1 )strength
Sandstone 10.1
Lutite and dispersed gypsum 4.5
Lutite 6.3
Igneous rocks 90
Lutitic sandstone 5.2
Lutite with intercalated sandstone 17.3

In order to avoid the latter and to establish a predic-
tion model to get knowledge of the rock type in front of
the excavation, a follow-up and rock resistance control
during the excavation was carried out by normalized
trials, such as the uniaxial compressive strength over the
rock sample (Fig.2). In Fig. 3 the unconfined uniaxial
compressive strength mean values carried out by the
Franklin test, in a total of 460 trials are shown.

In this tunnel excavation, a jumbo equipped with a
data register system (DPR), which registers (Fig. 4) the
advancing depth (mm), the penetration velocity (dm/min)
(PR), the percussion pressure (HP), the advance pressure
(FP) and the damping pressure (bar) (DP), the rotation
velocity (r.p.m.) (RS), the rotation pressure or force (bar)
(RP) and both water flow (I/min) (WF) and pressure (bar)
(WP) was used.

By analyzing the different parameters obtained by
the drilling registers (Fig. 5) the specific energy, the stan-
dard deviation specific energy, the uniaxial compressive
strength and the specific destruction energy throughout

Fig. 2. Extraction of rock sample from blocks generated in
excavation front blasting

25.00 1
20.00 ¢
15.00
10.00

5.00

0.00
801+900.00

Uniaxial Compressive Strength (MPa)

802+400.00 802+900.00 803+400.00

Kilometric Point

l— Resistance mean value throughout the rock mass section (MPa)‘

Fig. 3. Unconfined uniaxial compressive strength by Franklin
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Fig. 4. MWD graphic registration outlet in a 4 m. drill hole

the tunnel can be represented. The specific cut energy
parameter is calculated according to Teale (1965) and the
specific destruction energy parameter is calculated ac-
cording to Thuro (1997).

In this figure, it can be seen that in the presence of
cemented sandstone layer introduced in lutite rock, (Fig. 5)
the average register of specific energy, the uniaxial com-
pressive strength and the specific destruction energy, rise,
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Fig. 5. Specific Cut Energy (MJ/m® divided by 10), Compressive
Strength (Mpa) and Destruction Energy (MJ/m’ multiplied by 10)

(kilometric point (KP) 803+040, marked with an A arrow)
which indicates a rock mass geotechnical quality im-
provement. The specific energy standard deviation curve is
high, which indicates a significant dispersion, owing to the
material heterogeneity (sandstone and lutite rock).

On the other hand, in the KP 802+849 case (indi-
cated by a B arrow), the specific energy (SE), the uniaxial
compressive strength (U.C.S.) and the specific destruc-
tion energy (W) values, drop, indicating a disminution in
rock mass geotechnical quality. As in the latter case the
specific energy standard deviation curve ascending peak
denotes a significant data dispersion which corresponds
to the material heterogeneity.

In Figs 6 and 7, registers of the specific cut energy
(SE), the uniaxial compressive strength (U.C.S.) and the
rock specific destruction energy (W) as a sample of a
perforated drill hole representative of those carried out in
the tunnel, are shown.

Fig. 6. Front advance with horizontal lutite stratification more
or less rich in gypsum (ML, MLY) and cemented sandstone
layers (Ms)

‘—Teale [MJ/m3] — Dish&Yasar [ MPa] — Thuro [MJ/m3] ‘

Fig. 7. Specific Cut Energy, according to Teale (MJ/m’® divided
by 10), Compressive Strength (MPa) and Destruction Energy,
according to Thuro (MJ/m® multiplied by 10)

2.3. Relations for TBM Excavation

Taking into account that in the tunnel boring machine
case, the excavation is carried out by penetration, the
specific pressure energy and the specific rotation energy
can be related to the excavated rock mass geotechnical
quality and in particular with the penetration index. In
Fig. 8 this relationship in a tunnel executed in Guadar-
rama mountain chain, in Spain, at a length of 8,917 me-
tres and 9,450 mm in diameter, is shown. It is excavated
over both plutonic rocks (granite) and metamorphic rocks
(gneiss, schist, calcic silicate rock) with a more recent
geological structure rising in Tertiary Alpine Orogeny.
The TBM machine has a 3,500 kW cutting power, a
torque of 14,216 kNm, 53 simple discs and 4 double
discs, all 17 inches in diameter.

Based on a 14,200 measurement campaign we have
obtained the relationship between the specific excavation
energy and the rock mass characterization through the
RMR or Bieniawski index. The correlation between the
two indicated parameters and the application of this cor-
relation to new excavation fronts (Tardaguila and Suarez
2007) are shown in Fig. 9.

In Fig. 10 a hard rock mass which marks the cutting
trail and slab formation is shown. In Fig. 11 a low quality
rock mass is shown.
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Fig. 8. Relations between the rotation energy and the perfora-
tion index
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Important relationship between the specific cut en-
ergy and the penetration index (Fig. 12) as well as the
relationship between the specific cut energy and the RMR
geomechanical index (Fig. 13) were achieved from the
data and the relations obtained.

b

Fig. 11.Trail in low quality rock

60 |

% s y = 0.0065x + 0.3005x + 4.7909

2 R?=0.7834

= 40

c

S 30

3 20

(=}

S 10

LT 0 4 L ] 1 i I )
000 1000 2000 3000 4000 50.00  60.00 70.00

Rotation specific energy (MJ/m?)

Fig. 12. Relationship between specific rotation energy and
perforation index
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Fig. 13. Relationship between specific rotation energy and
RMR index

3. Rotation Drilling by Tricone Bit. Fuzzy Logic
Models

3.1. Tricone Bit Drilling Concepts

In Fig. 14, an operating drilling machine, where the rota-
tion head and the hydraulic cylinders exert, together with
the drilling string bar and their pressure over the cutting
element, is shown.

In our research, the cutting element is a tricone bit
which consists of three cones each one of them with a bit
series that can be made of steel for soft rock and tungsten
carbide for hard rock (Fig. 15). When the tricone bit body
is turning, the cones roll at the bore hole bottom and the
rock breakage is carried out by the bits (Fig. 16).

201

Fig. 16. Rock cutting action by the tricone bits

Therefore, for an efficient drilling in a rock forma-
tion with a determined strength, the weight parameter on
the tricone bit, the rotation velocity and the bore hole
diameter are adequately combined.

At the beginning of the drilling, when the applied
pressure is insufficient to surpass the rock compression
resistance, this suffers a breakage in small fragments with
an abrasive effect. As the pressure increases and the rock
compression strength is surpassed, the bit penetration in
the rock is produced, increasing both the detritus (well
cuttings) size and the penetration velocity. If the pressure
continues, the tricone bit could be buried in the rock,
besides, an additional pressure is hardly noted in the
penetration velocity.
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Soft rocks do not need excessive load on the tricone
bit, so, the tricone bit rotation velocity must be increased
to obtain an adequate drilling velocity. In hard rock for-
mations, the use of heavy loading, in order to surpass the
rock strength, and not excessive velocities, which could
provoke bit breakage, are necessary.

3.2. Fuzzy Logic Model
3.2.1. Introduction

According to Wang (1992) and Kosko (1994), the fuzzy
models are in general, approximation functions, this
means that they can be used in order to approximate a
function or relation with the desired grade of exactitude
(Grima 2000).

In a classical set system an element can belong or
not belong to the set system, on the contrary, a fuzzy set
consists of objects and their corresponding membership
grade to a linguistic variable of the system. Therefore, the
transition between a system member and another one that
does not belong to this system is gradual.

A linguistic variable (Grima 2000), is characterized
by a quintuple L = (x, T(x), X, G, M), in which x is the
name of the variable, T(x) is the term set of x, G is a syn-
tactic rule for generating the name — values of x, and M is
a semantic rule for associating each value of x with its
meaning (Zadeh 1975, 1965).

If the membership function value is equal to 1, x to-
tally belongs to the fuzzy set. If the membership function
value is equal to 0, x does not belong to the system and if
the value is between 0 and 1, x is a partial member of the
system. The membership function assignation to the
fuzzy set is subjective by nature. Its type and shape
mostly depends on the available data, the expert knowl-
edge which defines the quality function and the context in
which our study is included (Grima 2000; Klose 2002;
Demicco and Klir 2004).

A fuzzy model consists of the following parts:

— a fuzzifier (encoder);

— basic knowledge which contains basic data, basic

rules and inference tool;

— a defuzzifier (decoder).

The fuzzifier converts numerical data into linguistic
values.

The knowledge which includes database and system
knowledge is analyzed by linguistic fuzzy IF — THEN
rules. The fuzzy inference mechanism which is also
known as fuzzy reasoning is the core of a fuzzy model.
The main function is to approximately emulate human
reasoning which implicates a high abstraction level.

The defuzzifier is used to translate a fuzzy set into a
numerical value (Torafio et al. 2008).

The fuzzy set membership function shape can be
lineal (trapezoidal or triangular) or no lineal forms, which
are still more sophisticated and complex, and which can
hypothetically provide better results in some applications
which do not have sufficient robustness in order to be
later implemented in Microsoft Excel (MS Excel) (Ross
1995).

Trapezoidal membership function was used in this
study (Fig. 17), which is characterized by four parameters
(a, b, ¢, d), also known as singular points, and are ex-

pressed as:
. [ . [x—a d —x) ]
w(x;a,b,c) = max| min| ——,1—— [,0 |. @)
b-a d-c

In this equation, when ‘b’ is equal to ‘c’, the trape-
zoidal membership function becomes triangular. As can
be observed in Fig. 18, both points ‘@’ and ‘d’ always
define the fuzzy set base whereas ‘b’ and ‘¢’ define its
own form (Torafio et al. 2008). Different membership
function shapes can also be obtained according to the ‘a’,
‘b’, ‘¢’ and ‘d’ parameters variation.

The fuzzy proposition which allows describing the
relation between the input linguistic variables and the
output linguistic variable by means of conditional fuzzy
rules is an important fuzzy logic concept.

Theoretically, a fuzzy model formed by ‘x’ linguis-
tic variables and ‘z’ membership functions will have a ‘Y’
fuzzy rules number (Torafio et al. 2008):

Y =z 8)

These rules can be complex and it is easy to make a
mistake when being enunciated. For this reason, the high
rule number obtained in the linguistic variables and the
membership function combination should be supported
by a software system such as the MS Excel in order to be
implemented.

A fuzzy rule is normally formed by a premise and a
consequent part (IF premise, THEN consequent), for
example, IF the slope is ‘high’, THEN the effort is ‘big’,
where the terms ‘high’ and ‘big’ can be represented by
fuzzy sets or membership functions.

1L
09 .
08 .
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04,

Membership grade

03+
02+
01 .
0 20 40 60 80 100
Variable

Fi

g. 17. Trapezoidal membership function

A=B=C D A B=C D A B cC D

Fig. 18. Different morphologies that can be adopted by a mem-
bership function
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The fuzzy logic approximate reasoning inference
mechanism, is based on the rules which agree with the
inference (Demicco and Klir 2004). An output linguistic
variable is obtained providing the rules and the input
linguistic variables by the usage of this inference mecha-
nism.

In this study, Takagi — Sugeno — Kang (Sugeno
1999) algorithm was used (TSK). The TSK fuzzy model
can be seen as a linguistic and mathematical modelling
combination. The main aim of Takagi — Sugeno — Kang
was to be able to automatically construct fuzzy models
based on measured data. The TSK fuzzy model can de-
fine a high non lineal functional relation by using a small
number of IF — THEN rules. This is advantageous, par-
ticularly if the system input variable number is high. The
TSK fuzzy model mathematically takes the following
form:

R;: If x is Ajthen y, = fi(x), i=1,2,...... K, C))

where R; denotes the rule i, K is the rule number, x is the
input variable, y is the output variable and 4; is the fuzzy
set defined in the x input linguistic variable.

Due to the fact of having field measurement data,
this model has been chosen as the most adequate (Torafio
et al. 2008). In the fuzzy model construction the follow-
ing four important stages should be carried out:

1 — Selection of the input and output variable;

2 — Selection of the model type which will be used,
for example, the Takagi — Sugeno — Kang
model. The selection mainly depends on the
considered problem;

3 — Selection of the membership function type and
number;

4 — Selection of the inference mechanism, the fuzzy
operators and the defuzzification methods.

3.2.2. Fuzzy Model in Rock Formation Prediction

The designed fuzzy model in rock formation prediction,
using easy access programs for designers and technicians
were used; on the one hand, the MATLAB program
(Matlab 2001) and on the other hand, a program designed
and implemented in MS Excel by us (Torafio et al. 2008).
In the case of the tricone bit perforation the tricone bit
revolution per minute (r.p.m.) and the weight exerted
over the tricone bit in each diameter unit (Ib/inch) have
been used as input parameters. These values are based on
our experiences as researchers and on field measurement
data.

In Fig. 19 the input and output variables are shown.
The fuzzy inference system (FIS) was used in order to
establish the input and output variables. These variables,
were passed on to the fuzzy logic language by using
available software tools. The fuzzy function defines how
each input space point is transformed in a variable value
between 0 and 1.

The tricone bit revolution per minute is the input
linguistic variable called 1, and is divided into four types:
very low (0—100 r.p.m.), low (65-125 r.p.m.), medium
(100-212.5 r.p.m.) and high (125-350 r.p.m.). The corre-
sponding member ship functions are shown in Fig. 20.

The weight exerted on the tricone bit is the input linguis-
tic variable called 2 which is divided into four ranges:
very low (0-1800 Ib/inch), low (900—3200 Ib/inch), me-
dium (18005000 Ib/inch) and high (3200-6000 lb/inch).
The different membership functions are shown in Fig. 21.
There are four ranges in the output linguistic variable
corresponding to the compressive strength of the type of
rock. Values between 1 and 12.5 MPa are considered in
very soft rocks, 6.75 and 37.5 MPa in soft rocks, 22 and
75 MPa in medium rocks and 48.5 and 100 MPa in hard
rocks (Fig. 22). All these ranges have been defined based
on experiences and field measurements.

= sl
weightovertricone

tricone26sep

f(u)

(sugeno)

rockformation

Fig. 19. Model input and output variable definition by using
fuzzy inference system (FIS)
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Fig. 20. Membership functions of tricone bit rotation velocity
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Fig. 21. Membership functions of weight over tricone bit input
variable in Ib/inch
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Fig. 22. Membership functions of output variable in Mpa
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In order to carry out the inference in a fuzzy model
rule, the fuzzy propositions should be represented by a
consequent function (IF-THEN rule), where A and B are
the linguistic values represented by the fuzzy sets (Aca-
roglu et al. 2008). The use of these fuzzy sets provides
the generalization of the information used to describe the
system behaviour. In this model a total of 16 IF — THEN
rules were used (Fig.23). In Fig. 24 the corresponding
fuzzy rules viewer is shown.

The Takagi — Sugeno — Kang algorithm that has
been used in this research can calculate the type of rock
which is being cut, as it is capable of interpolating the
input parameters.

In order to compare the real data with those ob-
tained through fuzzy logic, the total IF — THEN rules
priorly defined through MATLAB software were imple-
mented through MS Excel

The representation of the input variables in MS Ex-
cel is based on the definition of the ranges for each input
variable and by combining these input variables through
IF — THEN rules, the output variable value (Type of
Rock) is obtained. For example, for 175 revolutions per
minute and 3,500 pounds in weight per diameter inch on
the tricone bit, a rock strength of 41.92 MPa is obtained
(a medium rock strength) (Fig. 25).
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Fig. 23. IF — THEN rules defined for the model

[ |
[ |
[ |
[ ]
[ J
[ J
[ |
[ J
\ \ | I
o |
[ J
[ J
[ J
[ |
[ |
[ ]

0 81
e HMM | o [ o || w

Input; ‘ 1175 3000]

| Opened system iconozGsept 16 uies

Fig. 24. Fuzzy rules viewer

L variable #1

Variable name: Weight by diameter inch in pounds Membership
Very low 0 900 900 1800 0.000
Low 900 2050 2050 3200 0.000
Medium 1800 3400 3400 5000 0.938
High 3200 5000 5000 6000 0.167
Data: 3500

Linguistic variable #2

Variable name: R.P.M. Membership
Very low 0 50 50 100 0.000
Low 65 95 95 125 0.000
Medium 100 156.25 156.25 2125 0.667
High 125 2375 2375 350 0.444

Data: 175.00

TYPE OF ROCK 41.92

Fig. 25. Use of the Microsoft Office Excel tool in rock type
calculation which is being perforated
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Fig. 26. Adjustment graph between real hardness rock values
and those calculated by the model

A comparison between field measurement values
and Fuzzy Logic model values show a good adjustment
(Fig. 26).

4. Conclusions

A very important aspect in tunnel excavation is to predict
the geological and geomechanical characteristics in the
front of the tunnel excavation, particularly in sections
where the rock formation is expected to change consid-
erably, allowing operators to take adequate measures
before reaching conflictive rock mass formations.

The prediction models, which are the basis of the
automatic systems to be implemented in the drilling
equipment, can be estimated through traditional mathe-
matics, as it has been indicated at the beginning of this
paper, or if this is not possible, through fuzzy logic mod-
els. In both methodologies model adjustments through
wide measurement campaigns are fundamental.

In the first case, the perforability parameters re-
corded by the DPR tools and their adjustment by the cor-
responding measurement campaigns, allow us to predict
the rock mass behaviour and to optimize the drilling pa-
rameters. The Specific Cut Energy, the Uniaxial Com-
pressive Strength and the Specific Destruction Energy,
play an important role in this prediction methodology.

In the Fuzzy Logic model, with a great possibility of
application in mining and civil works and apart from the
appropriate model selection, a wide experience on the
equipment used, the role played by the chosen input vari-
ables with the possible combination between them, the
range and weight and the relation to the output variables
are fundamental. In our case, based on the rock material
parameters and the machine parameters, a model vali-



Journal of Civil Engineering and Management, 2011, 17(2): 197-206

dated has been obtained. The model presented allows us
to predict the type of rock perforated by easy access pa-
rameters.
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MATEMATINIS IR NERAISKIOSIOS LOGIKOS MODELIAI AVPRASANT GEOLOGINES IR
GEOMECHANINES UOLIENOS SAVYBES, NAUDOJANT POZEMINIO KASINEJIMO DUOMENIS

S. Torno, J. Toraiio, M. Menéndez, M. Gent, J. Velasco
Santrauka

Atliekant pozeminius uolieny grezimo darbus ir optimizuojant darbus bei jiems naudojama jranga, labai svarbu progno-
zuoti geologines ir geomechanines uolienos savybes. Siame darbe pateikiamos gautos matematinés i3raidkos, taikant tune-
liy kasimo duomenis, gautus naudojant smiiginio gre¢zimo ir tuneliy grezimo (TBM) iranga. Sios matematinés israiskos
yra naudingos smiiginio gr¢Zimo metu koreguojant grezimo parametro fiksavimo (DPR) duomenis, o naudojant TBM
jranga — nustatant uolienos geomechaninj indeksa (RMR). Atsizvelgiant | gauty matematiniy modeliy kompleksiskuma,
t. y. 1 gautus parametrus ir ju sarysius, naudotinas neraiskiosios logikos modelis, jungiantis parametrus, tinkamus trigalvio
grazto grezimo jrangai.

ReikSminiai Zodziai: neraiskioji logika, tuneliy gr¢zimo iranga, grezimo parametro fiksavimas, trigalvis graztas.

Susana TORNO. PhD, Assistant lecturer in the School of Mines at Oviedo University, Spain. She obtained her PhD. in
Mining, Civil Work and Environment in 2008 at that University. For the past 6 years Dr Torno has been working for the
Mining Engineering and Civil Works Research Group. She is a reviewer for Environmental Fluid Mechanics (Springer)
and Tunnelling and Underground Space Technology (Elsevier).

Javier TORANO. Prof. PhD. Professor in the School of Mines at Oviedo University, Spain. He leads the Mining Engi-
neering and Civil Works Research Group of the School of Mines at Oviedo University. He has worked for over 20 years
as a company director engineer in the most important mining companies in Spain. He has a wide research experience in
the mentioned fields. He has frequently published and reviewed in the most prestigious international scientific journals,
quoted in the Journal Citation Report, in Mining, Civil Works and Environmental fields.

Mario MENENDEZ. Prof. PhD. Professor of Mineral Processing in the School of Mines at Oviedo University, Spain. He
is Director of this School at the present and he has been working for the Mining Engineering and Civil Works Research
Group. He has some publications in the most prestigious international scientific journals in Mining, Civil Works and Envi-
ronmental fields. He heads numerous research projects for different companies.

Malcolm GENT. PhD, lecturer of Mineral Processing in the School of Mines at Oviedo University, Spain. He has been
working for the Mining Engineering and Civil Works Research Group since 2004. He has some publications in the most
prestigious international scientific journals. He has been developing his research interests in the areas of Mining, Civil
Works and Environment.

Judith VELASCO. PhD Student in the School of Mines at Oviedo University, Spain. She received her PhD on Mining,
Civil Work and Environment in 2010 at Oviedo University.



