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Summary. Data Mining (DM) techniques have been successfudlgd in many
fields and more recently also in geotechnics wibdyresults in different applica-
tions. They are adequate as an advanced techniquanélysing large and com-
plex databases that can be built with geotechnidatmation within the frame-
work of an overall process of Knowledge Discoveryiatabases (KDD). A KDD
process is carried out in the context of rock maasausing the geotechnical in-
formation of two hydroelectric schemes built in fagal and at DUSEL (Deep
Underground Science and Engineering Laboratory)AUBhe purpose was to
find new models to evaluate strength and deforrtglparameters and also em-
pirical geomechanical indexes. Databases of geoteshdata were assembled
and DM techniques used to analyse and extract melwaeful knowledge. The
procedure allowed developing new, simple, and b&dianodels for geomechani-
cal characterization using different sets of ingata which can be applied in dif-
ferent situations of information availability.
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1INTRODUCTION

The determination of geomechanical parameters ok masses for under-
ground structures is still subject to high uncettias that are related to geotech-
nical conditions and construction aspects. An aeudetermination of the geo-
mechanical parameters is important for an effici@mi economic design of the
support of the underground excavation and for teaeation itself. The method-
ologies used to obtain the parameters are baséboratory andn situ tests and
the application of empirical methodologies. The lmels are based on an overall
description of the rock mass and on the deternunaif key parameters that can
be related to strength and deformability of theugic medium [1-3].

DM techniques have been successfully used in metgsfbut rarely in ge-
otechnics. They are advanced techniques which alloalyzing large and com-
plex databases like the ones it is possible tadbwith geotechnical information.



Examples of DM techniques include simple multipdgnession, Artificial Neural
Networks (ANN) and Bayesian networks (BN).

2 DATA MINING AND GEOTECHNICAL ENGINEERING

The formal and complete analysis process, callesWedge Discovery in Da-
tabases (KDD), defines the main procedures foisfoaming raw data into useful
knowledge. DM is just one step in the KDD processcerned with the applica-
tion of algorithms to the data to obtain modelsrett®ough normally for simplifi-
cation sake, the KDD process is referred as DM. d@pplication of DM tech-
nigues aim at the extraction of useful knowledgéhimform of models or patterns
from observed data and it is very important thig kmowledge is both novel and
understandable.

These tools allow a deep analysis of complex daltégch would be otherwise
very difficult using classical statistics tools through one or even a panel of hu-
man experts, who could overlook important detdaewever, the computational
process can not completely substitute human expéomputational tools are on-
ly a complement which allows the automatic findfgpatterns and models em-
bedded in the data. The knowledge discovered iptbeess must be explainable
in the light of science and experience and musagdibe validated before being
used in other applications.

The KDD process consists of the following stepddta selection: the appli-
cation domain is studied and relevant data arecttl; ii) Pre-processing: noise
or irrelevant data are removed (data cleaning) mnttiple data sources may be
combined (data integration); iii) Transformatiomatal are transformed in appropri-
ate forms for the DM process; iv) DM: intelligenethods are applied to extract
models or patterns; v) Interpretation: results fithin previous step are studied and
evaluated.

DM is a relatively new area of computer science th@ositioned at the inter-
section of statistics, machine learning, data mamsmt and databases, pattern
recognition, artificial intelligence, and other ase There are several DM tech-
nigues, each with their own purposes and capasilittxamples of these tech-
nigues include Decision and Regression Trees, Rdlection, Neural and Bayes-
ian Networks, Support Vector Machines (SVM), K-NestrNeighbors, Learning
Classifier Systems, and Instance-Based algoritin$.[

3 APPLICATION TO UNDERGROUND HYDROELECTRIC SCHEMES

Two KDD processes are generally presented conagrgaotechnical data
gathered in two important underground works regemiilt in the North of Portu-
gal in predominantly granite rock masses. New @#tve regression models were
developed using multiple regression (MR) and aitifi neural networks (ANN)
for the analytical calculation of strength and defability parameters and the
RMR index [1]. These models were built up considglifferent sets of input da-
ta, allowing their application in different scerzaiof data availability. Most of the
models use less information than the original fdations but maintain a high
predictive accuracy, which can be useful in thdiieary design stages in any



case where geological/geotechnical informationnntéd. The application of DM
also provided insight to the most influential paedens for the behaviour of the
rock mass of interest.

For the first case, Venda Nova Il hydroelectricesok [1] (Fig. 1), the goal
was to develop models for the calculation of stterand deformability parame-
ters (friction angle ¢'; cohesion - ¢'; deformability modulus - E) whfier the se-
cond case, Bemposta Il hydroelectric scheme [4].(B), the parameters of inter-
est were the values of RMR and E.

1 - Venda Nova reservoir 7 - Tailrace tunnel
2 - Upper intake 8 - Powerhouse cavern
3 - Lower intake 9 - Transformer cavern

4 - Upper surge chamber 10 - Ventilation galleries
5 - Lower surge chamber 11 - Access tunnel
6 - Headrace tunnel 12 - Auxiliary tunnel

Fig. 1. Venda Nova Il underground complex [1]

For Venda Nova Il scheme the SAS Entreprise Mindware was used [1].
The evaluation of the developed models was perfdraséng the results provided
by this software and complementary calculationspreadsheets. The data were
organized and structured in a database composdg2B® examples and twenty-
two attributes [1]. The models obtained for thengmrock formations are pre-
sented in detail in publications [1, 2].

For Bemposta Il, also mainly in granite formatiotiss database is composed
by 286 lines with RMR values and their paramet274 lines with Q values and
their parameters, and 686 lines with values of SAtid parameters;Ro R, and
adjustment factor AF [2]. The software used was RMi[3]. The models ob-
tained are presented in detail in publication [2].
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Fig. 2. Bemposta Il hydroelectric scheme [4]

4 NEW MODELSFOR DUSEL

During the preliminary design for the evaluationtieé DUSEL that was con-
sidered for siting at the former Homestake golderimLead, SD [5], a large da-
tabase of geotechnical data was produced. The devtal database was ana-
lyzed using these innovative DM tools and new aseful models were developed
[3]. The laboratory was seen as a multi-discipfiaeility with particle physics
providing the lead but other disciplines being gngicant part of the facility, in-
cluding geomicrobiology, geosciences, and geoewging. The possibilities for
how the non-physics sciences would participate velrscribed in detail in the
EarthLab report to the NSF [5], (Fig. 3).

Sanford Laboratory
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Fig. 3. Location of the Sanford Laboratory in tHadk Hills, SD [3]



The developed models are presented in detail ifiqagion [3]. The software
used was RMiner [3]. The database included 128scgathered from a mapping
program conducted at 4850 Level from LFA — Lachelide and Associates [3].
The DM algorithms used were ANN, SVM and BN. Sel/&K where learned
and tested for predicting RMR values using softw@eNle. Fig. 5 shows the
structure of Iearned models using different numﬂeparameters
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a) Naive BN with 5 para- b) BN with 3 parameters  ¢) BN with 2 para-
meters (B, P, Ps, Py, Ps) (P,,P; and R) meters (Pand RB)

Fig. 5. Learned BN

4 CONCLUSIONS

In the preliminary stages of design in the contd#ixtock mechanics, the deci-
sion regarding the geomechanical parameter val@®#er important indexes is
normally based on limited information. Thus, the o$ data from past projects to
help in this task appears as a rational solutiomitmyate this problem. The appli-
cation of DM techniques to well organised data gat from large geotechnical
works like underground structures can provide tasidbfor the development of
models that can be very useful in future projects.

The main achievements of this work are pointedmthe next items [1, 2, 3]:

- Development of new and reliable regression modateth on MR and ANN
algorithms for the calculation of the geomechanmalameters’, ¢’ and E
and RMR, Q and GSI indexes.

- Enhancement of the understanding of the main pasameelated to the be-
havior of the granite rock masses.

- The underline of the relevance of the Q index fetedmining rock mass
strength parameters which was already known sinegdlation atangd,) is
used to approximate the inter block shear strength

- The results of some expressions concerning theiletiocn of E were com-
pared. A methodology to define a single final vemethis parameter was es-
tablished and validated with the results of rekaibl situ tests.

- Using a database in the scope of the DUSEL projeety geomechanical
models for the prediction of rock mass quality el namely RMR, Q and
GSI were developed using DM. The MR, ANN and SVMagithms were
used. With the available data it was possible &one BN that has the goal of
predicting RMR. The results of the preliminary asé&d show the potential of
BN as predictors and confirm the results of DM aipons. One of the great
advantages of BN over other methods is the aliitfacilitate the combina-
tion of domain knowledge and data.
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