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INTRODUCTION

Artificial neural networksare agroup of mathematicaimethodsthat attempt tamimic
some of the processes in the human mind. Although the foundations for these iddaslvasre
early as1943 (McCulloch andPitts, 1943), it wasn't until986 (Rumelhart andvicClelland,
1986; Masters,1995) that applications topractical problems becamepossible. It is the
acknowledgedasuperiority ofthe human mindat recognizing patterntghat theartificial neural
networksare tryng to imitate withtheir interconnectedeurons. lrégrconnectionsised in the
methodsthat havebeendevelopedallow robust garning. @pabilities ofneural networkdall
into three kindsof applications(1) function fitting or prediction,(2) noisereduction orpattern
recognition, and (3) classification or placing into types.

Because of these capabilities and the grfwV abilities ofartificial neural networksthere
havebeen increasing applications thlese methods ithe earthsciences. The abstracts in this
documentrepresenexcellentsamples othe range ofapplications. Talks associatedth the
abstracts werpresented at thBymposium onthe Application of Neural Networks to the
Earth Sciences: SeventhinternationalSymposium on Mieral Exploration (ISME-02), held
August 20-21, 2002, at NASA Moffett Field, Mountaiiew, California. Thissymposium was
sponsored bythe Mining and MaterialsProcessinginstitute of Japan (MMJ), the US
GeologicalSurvey, theCircum-PacificCouncil, and NASA. The ISME symposiahave been
held every two years in order to bring together scierdisigely working ondiversequantitative
methods applied to the eadhiences. Although thetitle, InternationalSymposium on Miaral
Exploration,suggestexclusivefocus on nneral explorationjnterests and presentatiohave
always been wide-ranging—abstracts presented here are no exception.

It is throughthe efforts ofthe OrganizingCommitteelisted below that thesymposium
was held:

Dr. Ryoichi Kouda, Geological Survey of Japay.kouda@aist.go.jp

Dr. Katsuaki Koike (Kumamoto Universityipike@gpo.kumamoto-u.ac.jp
Treasurer: Toshiaki Ueki (Sanyo Technomarineki@ohti.co.jp

Dr. Donald Singer, United States Geological Surgeger@usgs.gov

Dr. Joseph Coughlan, NASfoughlan@mail.arc.nasa.gov

Secretary: Kathy Linal&linale@usgs.gov
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ABSTRACTS



Predicting Lateral-Spread Ground Failure in Coastal California Using
a Probabilistic Neural Network

Richard L. BERNKNOPF *and Laura B. DINITZ *

'U.S. Geological Survey, 345 Middlefield Road, Menlo Park, California 94025, U.S.A.
Email: rbern@usgs.gov

An important barrier toeffective regional risk assessment oéarthquake damage is
predicting vhich locationsand structures wilbe affected. A probabilistic neuraktwork
based orthe Bayesian classifier method ised toclassifyland parcels into one dhree
expert-determinedisk levels for lateral-spreadground failure due toearthquakes. The
expert scientistdentified the geologiaunits susceptibldo lateral-spreadyround failure
using physical attributesind processesand assignedhem relative susceptibility values.
Here we d@empt to produce probabilistic risk mapsthat illustrate thelikelihood of
earthquake-triggeretlazards fronthe results of botha neuralnetwork and agualitative
response regression model. The results from both methods are compared.

Velocity ratio (asurrogate fowsite anplification), distance to streartiree-face), slope, and
averagepercentsand in 336 cells(10,000meter square)were used totrain and test the
network. Slopesgreater tharsix percent and geologimaterialsolder than 10,00§ears
were excluded.Exceptfor averagepercent sand, each tife variables wasransformed by
logarithms to reduce effects skewness. Half othe cellswere randomly selected to be
used intraining the probabilistic neural network and the other hedire used for
independent testing. Tests were performétl a probabilistic neural network employing a
Gaussian kernel and separate sigma weights for each risk level and each variable.

The neural networlassigned 7®ercent of 1,925 cellased inindependent testing to the
same class as the expert. Eighty-six percent dbthest susceptibilitglass and9 percent
of the moderate susceptibility class cells thete classified byhe neural networknatched
thosedetermined by the expefor cells identified by the expert dggh risk, the neural
network identifiedonly 24 percent inthe sameclass aghe expert. Bcause othe high
success rate girobabilistic neural networks irelated problems, geemdikely that some
variables used by thexpert toclassify the high-risk land parcelsverenot included in this
analysis.
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Knowledge Recovery for Continent-Scale Metal Exploration by
Neural Networks

Laurent BOUGRAIN %, Maria GONZALEZ 2, Vincent BOUCHOT?, G. STEIN?,
Cassard DANIE?, and Frédéric ALEXANDRE!

'LORIA//INRIA, campus scientifique, BP 239, Postal Code: 54506, Vandoeuvre-Les-Nancy
Cedex, France
Email: bougrain@loria.fr

2BRGM, Resources Mineral Division, BP 6009, Cedex, France

Data miningperformancesare heavily dependent on thquality of the database and the
efficiency of theapplied dataexplorationroutines.The MineralResource®ivision of the
BRGM ( Bureau de RechercheGéologiques et Miniéresilevelops continent-scale
Geographic InformatiorSystems (GIS), tich support metallogenic research. The
research involveanderstanding ofhe formation ofgold, copper, silver andtherdeposits
andassists irthe exploratiorfor new deposits. Aplication of datamining techniques to
such information systems may thus contribute to the discovemgwfmneral deposits. Of
the differentdatasetsavailable inthe informationsystems, 25attribute have been put
forward by geological expertise as knomw factors andpotential factors controlling the
formation of agold deposit irthe Andes mountainhain (aregionwith extensive mineral
deposits). The attributesnclude: position (longitude, latitude, altitude) of thedeposit, the
type and age of the country rock hostthg deposit, th@roximity of thedeposit to dault
zonedistinguished by it®rientation inmapview, density andocal depthof earthquakes
immediately belowthe deposit, proximity of activevolcanoesgeometry of thesubduction
zone occurring along the westcoast of South Ataesind associatéd the Andes mountain
chain (e.g. distancebetween theleposit andhe subductionzone,angle of thesubduction
zone, and distance to the subduction trench). [alvels are applietd thecorpus:'deposits'
and 'non-deposits’. A 'deposidbelfor a specific netal meansthat this resourcénasbeen
extracted at this location. The set of 'non-deposit’ latmeisists ofarbitrary poins selected
from areaswithout areporteddeposits andvith minimal chance tohost anundiscovered
deposit. 378xamples ofdeposits’ and288 examples of'non-depositswere available.
Artificial neural networks constitute good toéds certain typesf computational modelling
(being potentially efficient, easy toadapt andfast). We applied variousmultilayer
perceptrons with 25 inputs, one hidden lagmal 2 output uté usinga softmaxfunction to
predict theposterioriprobability that a newsite belongs tothe ‘deposit’ andnon deposit’
classes. We obtained between 80 and 85 pecoerct classificatiorior the gold deposits.
Subsequently, as artificial neural netwo(kach asdynamicaland modular networks) can
be used to construct a revised madoelknowledge extraction we appli¢de optimal brain
damage algorithm bizeCun toorderthe 25proposedattributes by theirelevance to the
classification. The approach demonstrated neuralnetworkscan beusedefficiently in a
practical problem of nmeral explorationwhere thegeneral domain knowledge alone is
insufficient to satisfactorily wdel the potentiatontrols on deposiformation using the
available information in the continent-scale information system.
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Use of Fuzzy Membership Input Layers to Combine Subjective
Geological Knowledge and Empirical Data in a Neural Network
Method for Mineral Potential Mapping.

Warick BROWN %, David GROVES!, and Tamas GEDEON

Centre of GlobalMetallogeny, Department ofGeology & GeophysicsUniversity of
Western Australia, Nedlands, WA 6907, Australia
Email: wbrown@geol.uwa.edu.au

“Department of Information Technology, Murdoch University, Murdoch, WA, Australia

Using GIS layers, in whichthe cell valuesrepresent fuzzy membershialues, is an
effective method of combiningubjectivegeological knowledgevith empirical data in a
neural networkapproach to meral prospectivitymapping. Inthis study, multilayer
perceptron (MLP), probabilisti®NN) and self-organisingnap (SOM) neural networks
wereused tocombine up to 1#egional exploratiordatasets topredict the potential for
orogenic golddeposits inthe ArchaearKalgoorlie Terrane, VésternAustralia, in theform
of prospectivity maps. Two types of fuzzy membership layergeused. Inthefirst type
of layer, the statistical relationshipstween know gold deposits and rock types a solid
geologyGIS layer and dayer showingthe nearest typef lithological boundary foreach
cell wereused toconvertlayers containingcategorical datéo fuzzy membershiwalues.
Layers representindavourablelithologies andfavourable lithologicalboundarieswere
prepared in this way. Rock units and contggoés were ranked accorditg the nurber of
known deposits associated with each class. Subjective judgemeamsedasodecide which
categories are definitely favourable and therefm&igned anembershipdegree of one. A
triangular fuzzymembership functionvas used to assigifuzzy membershipgo all the
other rock types (ancbntacttypes). The use offuzzy membership rather thaategorical
inputs is useful for MLP networks, particularhtliereare a large number alasses in the
categoricalayer. Categoricatiata arenormally converted tcmumericalform using 1-of-n
coding and this leads to karge nunber of additional input connections, hich in
combination with smaltraining dataset sizes coultkad to over-fittingof the trainingdata
and poor generalization.

Rheologicalcontrast atithological boundariesvas modeledising a secontype of fuzzy
membership layem which theassignment of fuzzy membershiglue,although based on
geological field observationgyas purely subjective. Ora regional scale,most large gold
deposits irthe Kalgoorliearea aresited in structurallysolated, thickcompetenunits or at
contactshetweenlayers of contrastingompetency, whiclare orientecbetweenNNW and
NNE. Thereason for this ishat the more competenhits tend tofail selectively inthis
orientation anchence becomsites ofincreased structurgermiability and fluid focusing.
Subjectiveestimates of theelative competency ohost rockswerebased orthe degree of
silica content, nodal mineralogygrain size, fabric development, texturegnd metamorphic
grade. For example,banded ironformation and basalvere ranked asvery competent
whereas ultramafic schists were ranked as very incompé&#émack typeswereassigned a
ranking, which wasised tocreate &GIS layer containingcell valuescorresponding to the
competencycontrast athe nearestithological boundary. The approachusedhere could
potentially be applied ta large range ofsubjective data (e.gfavourability of tectonic
environment, host stratigraphy, or reactivaatong majorfaults) currentlyused inregional
explorationprograms but wich would normallynot be employed in aempirical neural
network approach.
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Use of Noise to Augment Training Data to Compensate for Lack of
Deposit Examples in Training a Neural Network for Mineral Potential
Mapping

Warick BROWN *, Tamas GEDEON, and David GROVES

Centre of GlobalMetallogeny, Department ofGeology & GeophysicslUniversity of
Western Australia, Nedlands, WA 6907, Australia
Email: worown@geol.uwa.edu.au

2Department of Information Technology, Murdoch University, Murdoch, WA, Australia

An important problem inapplying neural networks tpredict the potentiafor mineral
deposits from exploration data is the rarity of deposibing patterns compared the very
large nunber of patternshatcorrespond tdarrencells. Inorder toensurethe network
correctly learnghe patterns irnthe data,the trainingdatashouldsample the entireange of
variation in the data population. it alsoimportant to adequatelepresenfeaturevectors
that are located close decisionboundariesn multidimensional featurepace. Both these
requirementsare difficult to fulfil because therare sofew depositexamplesrelative to
barren patterns.

The work described here ibased oma regional GIS data set, which ideing used to
examine the potentidbr orogenic lode-goldieposits in amapproximately100 by 100
kilometre area of the Archaean Yilgarn Block, near Kalgoorlie gst&tnAustralia. Multi-
Layer Perceptron (MLP) neural networks were trained to predict the presence or absence of
deposits. Ten Gl&yers in rasteformat wereused tocreatefeature vectorgor each 100
metre cell on the map grid. The datare splitinto training, training-test and tesets. The
training set was used to train the network weightstraining-test setas used taetermine
when to stop training in order to avoid over-fitting the¢a,and an independent tegdta set
was used to check the performance of the trameddork. Since th&IS data was captured
at a regionalscale,only the 120 depositsvith a total containedgold resource 3000 kg
were used to train and test the neural neta: Anapproximately equal nuper of barren
patternswere selectedrandomlyfrom the map areandallocatedrandomly tothe training
data sets. The training, training-testand testsets contain 99, 88 and 81 patterns,
respectively. Eaclset containsapproximately equahumbers of deposiand barren
patterns.

Random noise was added to each comparfehe original deposieaturevectors tocreate
22 new patterns from each original pattern. Matching numbers of additional barren patterns
wererandomlyselectedrom the map gridresulting innew training and training-test set
sizes 0f2111 and 1792, respectively. Nahangeswvere madeo the test dataset. Ten
networks with different initial weights were trainéat each experimentThe same random
weight initializationswererepeatedor separate experiments #oat it was clear that any
differences inthe resultswere due to changes ithe trainingdata andnot the starting
weights. Experimentsising anexpanded trainingset and bothexpanded training and
training-testdata sets were performed. Different amounts ainiform and normally-
distributed random noiseere also tested(i.e., £5, 10 +20 +40 & £80%where each
value represents the maximum amount added or subtracted).

Results ofthe experimentsvereassessed usingpth the classification performance of the
trained network on theest set asvell asstatisticalmeasures othe quality of thed-class
prospectivitymaps.The lattercategory comrised Spearman’scorrelation coefficient (to
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test thecorrelationbetweenincreasingprospectivity magclass andhe probabilitythat the
region corresponding tihe highestprospectivityclass contains known deposit)the area
under areceiveroperatingcharacteristiccurve ROC) curve, and two forms of acapture
efficiency ratio. The capturefficiency ratios, D/Aand D_D/A, measure the degree to
which themostprospective maglass accountfor the knowndeposits. D refers to the
percentage of knowmleposits and A refers tthe percentage of theotal map area
represented by the region with the highest prospectivity class, respectively.

Networks trained using the noise-augmentedata setsresulted in significantly increased
classification accuracior the test sefoverall) and test-set depogiatterns, areander the
ROC curve and captureefficiency (D/A) and D_D/A statistics. The best resultswere
obtained using an MLP network with a 10-20-1 topolagg +40% noise. Witkhe latter
parameters, thiollowing resultswere obtained;test-setoverall percentage correct (67.9,
728, 76.5), test-setleposit pattern$68.0, 77.1, 85.7)Spearman’scorrelationcoefficient
(0.97, 0.99, 1.00), D/A (8.2, 17.9, 14.m), D/A (105, 226, 216)andareaunderthe ROC
curve (0.79, 0.87,0.90). The numbers inbrackets refer experimentssing the original
training set, expanded training set and expanded training and trainingdtdat sets,
respectively.

The method described here could be applied to increase the number of patigabke for
training in other applications, in which training data are rare, difficult or expensive to obtain.



Development of a CNN For Better Understanding the Seasonal
Responses of a Glacial-Filled Aquifer to Variable Climate and
Pumping Conditions

Emery COPPOLA*, Mary POULTON ?, Ferenc SZIDAROVSZKY?, and Emmanuel
CHARLES*

INOAH, LLC

2Mining and Geological Engineering, University of Arizona, Tucson, AZ 85721, U.S.A.
Email: mpoulton@u.arizona.edu

A computational neural netwo(kCNN) was constructed andrained toestimatemonthly
groundwater levels in a glacial-sediment aquifer in response to variable pumpingreatel cli
conditions. The groundwater system, locateithin the Towacovalley Aquifer of northern
New Jerseysupplies Mntville Townshipwith approximately 2million gallons ofwater
eachday. Recentdrought conditions and increasingroundwaterpumping of the three
production vells haveresulted indeclining groundwatelevels withn the 4 squaremile
watershedprompting concerns adquiferoverdraft. Inorder tohelp assesghe long-term
sustainability of thaquifer, thedevelopedCNN wasused toconduct a sensiity analysis
on the possibleeffects of pumping andlimate conditions ongroundwaterdvels.While a
limited nunber of data(36 records)were available,the resulting training andvalidation
errors were only 5 and 12percent,respectively. Mre importantly, theresults of the
sensitivity analysisagreewith the seasonal dynamics die hydrologicsystem, asvell as
the locationf the pumping andbservation lis relative toeachother. As aresult, the
Townshipwill be installing continuouswater-levelrecorders sdhat aCNN utilizing daily
inputs and outputgrather than monthlyan be developedihis CNN should provide
greaterinsights into both short and long-termed influences on groundwatevdls. In
addition, theCNN may ultimately baused tohelp manag@umping rates sthat potential
adverse aquifer impacts can be minimized to the extent practicable.
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Hybrid Neural Networks for Human-Centered Earth Science
Information Processing

Amulya K. GARGA*, Eileen S. ROTTHOFF, Timothy S SHAW®

'PennState Applied BsearchH.aboratory,3075 Research DriveStateCollege, PA16801,
U.S.A.

Email: garga@psu.edu

’Penn State Applied Research Laboratory, P. O. Box 30, State College, PA 16804, U.S.A.
Email: esrl0@psu.edu

*pennState Applied BsearchH.aboratory,3075 Research DriveStateCollege, PA16801,
U.S.A.

Email: tshaw@psu.edu

Extensiveresearchhas focused othe development ofechniquesfor multi-sensordata
fusion systems irmany domains. The increasing amount and cgiexity of the earth
science datzollected byNASA remotesensorsunderscoreshe needfor researchinto
strategies and techniques facilitate its analysis and understanding. In tipigper, an
application of artificial neural networks to human-centered earth science information
processing iglescribed. Thisvork contributes tomprovedunderstanding ofmulti-source
remotesensordata by utilizing earth scienaomain knowledge, remotesensordata, and
other informationsources formproved contextuainterpretationand understanding. This
hybrid approachuses non-commensuratéenformation, explicit domain knowledge and
knowledge implicit in thedata, to modekepresentand displaycomplex multi-dimensional
terrestrial ancatmospheridataand processesDomain knowledge isvery gerral and is
usually expressed iterms ofrules. Customization of aule base igxtremelytedious and
canonly be done offlineTo illustratethis hybrid method, multi-valuedogic rules were
developedwith three observable paraters thahave animpact onforest fires.The input
and outputvariables werallowed to take values dfow, Medium, orHigh. The rule base
consisting of 27 rulesvere developedbr this application. A neural networlith 3 input
neurons, 4 hidden neurorend 1output neuronwas trainedusing the backpopagation
training method iNMATLAB Neural Network toolboxThe network is db to perform
100% correct prediction on the rulease.Presentlythe neural netork is beingevaluated
with observed data and will lbetrained on thosd@he results ofthe processingcan then be
readily visualized with immersive, milti-modal (visual ad aural) human-computer
interfaces. Webelievethat hunan-centeredusion methods will provide aids to reduce
cognitive biases,improve theunderstanding ofheterogeneous, multi-souragata, and
provide increased opportunities for data discovery.
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Embedding Watershed Geomorphology into Artificial Neural
Networks for Direct Runoff Computations

Bin ZHANG ! and Rao S. GOVINDARAJU

'School of Civil Engineering, Purdue University, West Lafayette, IN 47907, U.S.A.
Email: govind@ecn.purdue.edu

We studythe problem ofestimating directunoff over a wagrshed resuhg from rainfall
excess.The goal ofthis studyis to developan artificial reural network(ANN) that
explicitly accountsfor the geomorphologiccharacteristics of the watershedthm its
architectureSuch ageomorphology-baseattificial neural network GANN) is utilized to
estimate runoff hydrographsfrom several storms over two Indiana watersheds. The
architecture of theGANNs aswell as apart of the network connectiostrengths are
determined by watershegomorphologyeading toimprovedANN modeling ability. Our
results indicate that th@ ANN model performs nore accuratelghan geomorphologianit
hydrograph(GIUH) model when compared to observedhydrographs. Weshow that
GANNSs represent an improvement over conventional ANN models and they appear to hold
promise as a tool for estimating watershed runoff.
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A Fuzzy Neural Network Approach to Predicting Numbers of
Undiscovered Mineral Deposits

Darryn HEDGER *, and Roussos DIMITRAKOPOULOS

"W.H. Bryan Mining Geology Research Centre, University Of Queensland, Brisbane QLD
4072, Australia

Email: brc@ug.edu.au

Mineral explorationis an economicallyrisky business particularly due to theinherent

uncertainties associated with the discovery of mineral resou@egial to any exploration
risk analysis is aquantitative rmeral resource assessmetitat predicts aregion’s

undiscovered deposit number3he assessment mudeal withuncertainties irgeological

data whileproviding a nodel describingthe uncertaintyassociatedvith any prediction of

undiscovereddepositnumbers. The probabilisticneural network(PNN) is anintrinsic

classifierthatused aweighted disancefunction. It can betrained, with datdor known

deposit classes, to generate nonparametric probability density fun(gdihslescribing the
probability that unknown dataelongs tathe respectivedeposit classes.Deposit numbers
can then be modellettom the pdf using confidence lints if the assumptionthat the

training classesare exhaustiveand mutually exclusive istrue. In mineral resource
assessmerttaining classegarely represendll the possiblealternativesand in somecase
they can overlap making this assumption invalid.

This paper demonstrateshybrid methodbasedupon aprobabilistic neural net and fuzzy
nearest neighbor (FNN) asaay to measure the uncertainty the predicted undiscovered
deposit numbers. The FNN is an objective fuzzy clasgtierusesmembership proximity
betweendesired depositlasses, irthe unknowndata,and known depositlasses in the
training data. The resulting classesfamzy events, ihis case th@ossibility of a deposit
class. Fuzzyprobabilitiesare calculatedusing classprobabilitiesfrom the PNN and the
fuzzy eventsfrom the FNN. This calculation isdone via a-level Borel type measures of
significance that a deposit class is possible. The fuzzy probabilities représery aet or
possibility distribution describinghe fuzzy probability of a possible deposit class.
Estimates ofundiscovereddepositnumbers based ofuzzy depositprobabilitiesare not
bound bythe lawsof exhaustivenesand mutually exclusivity, unlike the stand-alone
probabilistic based estimates. A case study illustrates how the use of fuzzy probabilities can
enhance estimating numbeir deposits byadding aével of significance to any prediction;
for example a probable prediction may become “highly” probable.
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Analyzing Multi-Hazard Risk for Populations and Infrastructure of
the Pacific Rim

David G. HOWELL !, Eric S. YURKOVICH 2, and Heather V. GOS$

'U.S. Geological Survey, 345 Middlefield Rd. MS 975, Menlo Park, CA 94025, U.S.A.
Email: dhowell@usgs.gov

u.S. Geological Survey, 345 Middlefield Rd. MS 975, Menlo Park, CA 94025, U.S.A.
Email: eyurkovich@usgs.gov

%U.S. Geological Survey, 345 Middlefield Rd. MS 975, Menlo Park, CA 94025, U.S.A.
Email: hgoss@usgs.gov

An exploding population andinprecedentedirban development withinthe last century
helped fuel an increase in teeverity of naturatlisasters.The worldalso hasbecome a
more interconnected social structuaspeople,information and commoditiesatvel greater
distances andervicelargerpopulations andities. This consequence of naturdisasters
with interrelatedneseequires an expanded analy&s understandinghe rising risk. To
improve disaster planning we propose a model comprising 1) a comparative intsxtof
assesdghe impact offive natural hazards:earthquake, flood, tropicatorm, tsunami and
volcanic eruptions, 2) population density a3)roxy representing the distribution suicietal
infrastructure, 4) a vulnerability indicatéor the elements aisk (2 & 3); and 5) dinkage
index portraying the connected nature ofjlabalized’ world. We depicthis relationship
with the equation

Risk = f (Hazard Elements at RiskVulnerability ,| nterconnectivity)
Because population and infrastwe are distributed differently, two contrasting
representationsf risk emergefrom this study. Eachassessment—accessible to planners

and implemented by public-domain data &18 software—reflects differemepercussions
from natural disasters: immense losses, either to life or economic activity.
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The Optimum Mining Plan for Phosphorus Adjustment in a
Limestone Quarry Using a Genetic Algorithm

Toshihide ITO! and Takashi NISHIYAMA 2

'Kansali University, Dept. of Informatics, 2-1-1 Ryozen;ji, 569-1095. Japan
Email: toshi@ipcku.kansai-u.ac.jp

2Kyoto University, Sakyo-ku, Kyoto, 606-8501, Japan

Email: nishivama@energy.kyoto-u.ac.jp

The limestonequarrieswhere slaked ime is produced forsteel makers are strongly
requested toeduce concentration gfhosphorus irtheir products. Inmany quarries in
Japan, limestonelocks with low concentrations arblendedwith limestoneblocks with
high concentrations to keep below the limit of permitted phosphorus qualitylifel bé the
quarry is extnded as long gsossible by thivlending. Some quarridsave ageological
database to keep accurate records of operations for the phosphorus adjustment.

However,the combination problem of thed#ocks typically is addressed byynamic
Programmingthatis, all combinations ofpossiblelimestoneblocks are examined in the
solving processandthe combinatiomumbersare sohugethat the optimum combination
could not besolved inpracticalprocesgimes. Though it tooklessthan 20hours tosolve
600 blocks in2 GHz high performancepersonalcomputers, it wouldake morethan 53
days to approximately solve for 1200 blocks. Therefitve,Genetic Algorithm was tried to
solve the optimum combination. Firstlipetblocks that cabe dug out arehosen in quarry
and theirdigging sequence makes genotyple Order-base othe Grefenstette ethod
was applied tavoid generaitig lethalgenes in crossoverhe fithessvalue was estimated
by the number of products that include less than permitted concentration of phosphorus.
The GAprocesgook only 8hours tosolvefor 1200 blocksSince theprocessing time is
almostproportional tothe block numbersthis GA method ispractical inlarge quarries.
Moreover, this method iseasy to applyto other conditionan mining plans, such as
environmental protectiomoise preventionand eyesore problems. These problems are
becoming important factors in quarries near towns in Japan.
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Classification of Geographic Images by a Shift Invariant Neural
Network

lzumi KAMIYA *

1Geographical Survey Institute, Kitasato 1, Tsukuba, Ibaraki, 305-0811, Japan
Email: kamiya@gis.go.jp

Shift invariant neural networks, &ind of feedforwardneural networkwith error back-
propagation learning, awesed toclassify aerialphotographsnd other geographimages.
Neurons in aayer of theshift invariant neural network arearranged as @gird in 3-
dimensional space. Twaxes, xand y, correspond tthe spatiabxes ofthe image. The
remainingaxis, z,corresponds to kinds of neurons irager like ordinary feedforward
neural networks.The z-axiscorresponds tthe spectrabands inthe input layer and the
classification categorids the output layer, and isexpected tacorrespond tappropriate
characteristics of thenage in the intermediatayers. Classification result oé pixel shall
be influenced byonly its neighbompixels; so connectionsetweenonly spatially neighbor
pixels are allowed in the shift invariant neural netwofFke same input shall bring the same
classification resultseven if their spatialpositionsdiffer; so weights ofthe connections
depend only orthe kinds ofthe neuronsandthe relative coordinate between theneurons,
instead of the absolute coordinat@$e firstconditionreduceshe nuniber of connections,
and the second reduces the number of independent connections.

The shift invariant neural network has twmportant characteristics: it extradiseth sgctral

and spatial information simultaneousind it executethe feature extractiostep and the
classification step in a narrow sense simultaneou8he shift invariant neural network was
applied totwo kind of image classification. Anoperatorinterpreted ancclassified the
images first. The network classified them using half of the operator's classification result as
training samples. The classification result ofrieevork was evaluated using the remaining
half as verification samples.

Thefirst example is a geologicalassification into serpentinite arathers usinga slope
gradation rap, which is amonochromatiadmagegeneratedrom DEM showsgradient of
the earthsurface. Serpentinite-distributed arease easily interpreted on theage, but
cannotsuccessfullyclassifiedwithout spatialinformation. The answer was 97 percent
correct in the verification samples. The success shows thénsiifiantneural network has
ability to extract speciaimageinformation. The secondexample is landiseclassification
into housingareas,agricultural landand forests using aolor aerial photograph. The
answer was 92 percent correct in the verification samples.
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Limestone igrelatively abundant aga non-metallicresource in Japawhich, otherwise, has
few mineral resourcest is chiefly used as aaw materiaffor cementand as a supplement
for iron and steel manufacturing@he factorghat determine the suitability of limestone for
industrial use andits commercialvalue are contents of impuritiesuch as dtate and
phosphorus. From 24gample points in 18rillhole sites ina limestonemine, southwest
Japan, we collected the data foar impurity elements, Sig) Fe&O;, MnO, and BO:s. It is
generally difficult toestimatespatial distributions of theseontents,becausanost of the
limestonebodies in Japaare located in the accretionazgmplex lithologiesof Paleozoic
and Mesozoic ages. Since the spatial correlations of contenvelaaot clearly shown by
the variogramanalysis, a feedforward neunaétwork was applied to estimate the content
distributions Thenetwork structureconsists otthree layersinput, middle, andutput. The
input layerhasnine neuronsandthe outputlayer has four neuronslhree neurons in the
input layercorrespondwith X, y, z coordinates of a sample pbiand theothersare rock
types such asrystalline ancconglomeratidimestones.Four neurons irthe output layer
correspond with the amounts of $j®&e0;, MnO, and FOs. Numbers of neurons in the
middle layerand trainingdata vary with eaclkstimation point t@void overtraining ofthe
network. We coulddetect severaimportant characteristics of the contettistributions
throughthe networksuch as aontinuity of low contenzones alongENE-WSW. The
zoneswere clarified to correspondwith a specific biostratigraphic zone. laddition, we
comparedtwo spatial distributions bythe neural network and a geostatistical method.
Capability of theneural network-baseahethod issuperiorto the geostatistical method as
shown from a viewpoint of estimation errors of multivariate data.
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Artificial Neural Networks have beapplied infields of earthsciences ranging from flood
forecasting and reservoir characterizatmmemotegeologic mapping.In mineralresource
exploration these networks contributerecognizingmineralizedand barrerzones, ¥ping
of ore-forming environments, estimating poterfildeposits, and san. In thepast,these
kinds of recognitionwere madehrough deterministicclassification on the onkand, or
through statistical analysis on the other hand. Gftersourcedata ardoo complicated to
clearly separate groups or make estimates las#uecharacteristics, the structure, and the
values of weights. Artificial Neural Networksprovide a solution to recognize the
complicatedfeatures of natur@and contribute to ake theexploration targetslearer and
comprehensivahrough the cognitiveprocesses othe input, reactionand outputlayer
simulations of the brain functions. We present some examples of applicatibesisé of
Artificial Neural Networks irthe explorationfor kuroko ore deposits. Weeview some
simple programmingodes and resultsf steepestlecent, rean squareerror, perceptron,
ADALINE, maximum likelihood, back propagatiorand soon. Afew relatedmethods of
Artificial Neural Networksthat could be applied tesome earth science targetse also
considered.
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Geostatistics have been widely used for regionalized geologitaktay spatial correlation
structures. In someasesthesestructurescannot beclarified by asemivariograndue to
limited dataand/or comlexity of the datadistribution. Weapplied afeedforward neural
network tothis kind of problem bychoosingchemicalcontent data in &uroko-deposits
area innorthern Japan aa casestudy. Kuroko isthe blackore that mainly contains
sphalerite, galena, amdrite. Kuroko-typedepositsare oneof the kinds of massivesulfide
deposits havingenetic relations to submarine volcanic activitye content dataf multiple
chemicalcomponentsvere collectedrom 1917 samplepoints at143 drillhole sites. The
network structureconsists ofthree layersinput, middle,and output. Inputdata of the
network are the coordinate§samplepoint, Bougueranomaly, andock code. Contents of
principal metalsof kuroko, Cu, Pb,and Zn, and value of alterationindex areestimated
throughthe network Numbers of neurons ithe middle layer ahtraining datavary with
the location toavoid overtraining of thenetwork. Suitablenumbers ofneuronswere
determined by repeatingoss-validation atachpoint. Three-dimensionalistributions of
Cu, Pb, and Zn were successfully estimated bytbposedmethod, ashown byanomaly
zones localized near the known kuroko-type depasttisthe marginsf Tertiary volcanoes
or calderas.Using the weightsconnectingadjacentneurons,sensitivity analysis of the
neural network was carriealit. Influencefactorswere calculated ithis analysis to clarify
geologicfactorsthat affect thedistributions ofCu, Pb,and Zn contents. Depth and the
mudstones irthe lower Mnagawa orNishikurosawageologic stagewere found to be
significant factors. Another interesting featig¢ghatsomeanomalyzones exnd along the
large sensitivity vectors.
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A GIS-basedpplication ofartificial neuralnetworks(ANN) to map potentiafor mineral
deposits is developed and demonstrated in the south-central parfohvall metallogenic
province (vesternindia). Recognitioncriteria for mineral depositswere represented as
multi-classevidential naps, which weresubsequentlytestedfor conditional independence
vis-a-vis thelocations of mineral deposits. The conditionally-independennaps were
combined to generateunique conditionor featurevector)map. Thelocations of known
mineraldepositswere dividedinto two subsetsyiz., the trainingand thevalidation points.
Feature vectors spatially associated with the training points were extracted alosgverti
randomly-selected featukeectorspreviously modelled asot spatiallyassociatedvith the
training points to generate the trainimgctor subsetRadialbasisfunction neural networks
(RBFNN) wereused in a rare generalisedorm called radialbasisfunctional link nets
(RBFLN) for training the networkThis feedforwardnetwork has asimple three-layered
structure comprising an inpldayer, the hidden neurodes(radial basis functions or the
RBFs) and an output layer. The training was accomplished in two stagesiali3ation of
the centres, spread parameters and weights; and 2) adjustment of the weights and parameters
to minimise totalsum-squared error (TSSEA)fter training the network taecognise the
presence or absence ofneral deposits, it was testeahd thenused forclassifying the
feature vector map. The output for each feature vector is in the formabiexanging from
0 (absence of mineral deposit) to 1 (presenceioénal deposit). Theseutputvalueswere
used tomap zoneswith favourability for mineral deposits.The threshold favourability
values were determined ansed to generaterank favourability mapfor mineral deposits.
Spatial coincidence between the pregtichigh-favourabilityareas andhe validation points
demonstrates the usefulness of the method.
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Predicting Salinity Intrusion in the San Francisco Bay Estuary
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The atmosphere, the waterstaetl thecoastal oceaall contain a richspectrum ofspatial
and temporal structure, much ofhieh is incorporated intothe variability of the San
FranciscoBay/Delta. The amount ofvateraccumulated in th&ierraNevada is the major
contributor tothe freshwaterfeeding to the Bay/Delta. Likall estuaries, the .5. Bay/
Delta is linked to the coadtocean ando the inlandrivers, resulting in highvariability at
many scales.Also the estuaryhas undergonextensivehumandevelopmenbver the past
150 years, ashas itsupstream watershed. |warticular bng-term changes estuarine
conditionsprovides a moreomplete piaire of theestuary andts ever-changingclimatic
context. To understandhe complexinteractionsbetweenclimatic conditions, hydrologic
changesand tidal effects,over the long term, requires substantishmount of computer
models in various fields. We addressied complex model using neuralnetworkusing a
Levenberg-Marquardt learning algorithm. Wsed agenetic algorithm(GA) to optimize
the minimum nurber of trainingdata asvell nunmber of hiddenneurons toprovide faster
convergence. Theaputs forneural networkrange fromprecipitation, snowfall, flow and
salinity data collectedrom monitoring instruments in and arounthe Bay/Delta. The
USGS hasestablished aetwork of flow monitoring stations inthe Delta. Using flow
monitoring datafrom Rio Vista, Three Mile SloughJersey Bint, andDutch Slough, a
direct estimate ofNet Delta Outflow (NDO) is computed. NDO is an arithmetic
summation ofriver inflows, precipitation,agricultural consumptivelemand, and project
exports. NDO characterizes thapstream watershedApart from hydrodynamiaata, the
stations collect physical andaterquality data on @ontinuousbasismonitored onameter
below thesurface. The parameters providefftom the nonitoring stations are water
temperaturepotential hydrogen, dissolved oxygen, d@mperature, electrical conductivity
[hence, salinity], wingpeed, wd direction,solar radiationintensity, and cldrophyll. The
GA optimizedneural network is trained tonderstanchydrodynamicsyunoff andwater
quality of the Bay/Delta. This hybrid nodel is agood predictorfor any variable in the
Bay/Delta and it helps to understand the complexity very rapidly.

19


mailto:rajkumar@mail.arc.nasa.gov

Use of a Probabilistic Neural Network to Reduce Costs of Selecting
Construction Rock

Donald A. SINGER! and James D. BLISS$

'U.S. Geological Survey, 345 Middlefield Road, Menlo Park, California 94025, U.S.A.
Email: singer@usgs.gov

U.S. Geological Survey, DeConcini Building, 520 North Park Ave., Room 355, Tucson,
AZ 85719-5035, U.S.A.
Email: jbliss@usgs.gov

Rocks used as aggregate in construdgtidemperate climatesdeteriorate tosarying degrees
due torepeated freezingndthawing. The magnitude of the deterioratid@pends on the
rock's properties. Aggregate,including crushed carbonaterock, is required to have
minimum geotechnical qualitidsefore itcan beused inasphalt andoncrete costruction.
In order toreduce chances of premature @&xgensive repairgxtensive freeze-thatvests
are conduced on potential construction rocks. Thesetypatally involve 300 freeze-thaw
cycles and catakefour to five months tocomplete. Less timeconsuming testshat (1)
predict durability asvell asthe extendedreeze-thawtest or thai(2) reduce the nubrer of
rocks subject to the extended test, could save considerable amounts of money. Here we use
a probabilistic neural network to try apcedict durability asletermined bythe freeze-thaw
test using fourrock propertiesmeasured or843 limestonesamples fromthe Kansas
Department of Transportation.

Modified freeze-thaw tests, which talbouttwo weeksandless ime consumingspecific
gravity-dry, specific gravity saturated, and modified absorption tests were conduet@chon
sample. Durability factors of 9% more agleterminedrom the extensive freeze-thaw test
areviewed asacceptable—rockwith values belowd5 are rejected. Ibnly the modified
freeze-thawtest isused topredict which rocks are acceptable,about 45 percent are
misclassified. When 421randomlyselectedsamples anall four standardized andcaled
variables weraised totrain a probabilistic neural nebrk, the rate ofmisclassification of
422 independent validation samples dropped to 28 percenh€eliverk was trained so that
eachclass (groupland eachvariable had itsown coefficient(sigma). In an &mpt to
further reduce errors, an additional class a@dded to theraining data to predictiurability
valuesgreater than 84ndlessthan 98, resulting in onlyl1 percent ofthe samples being
misclassified. Aout 43 percent of the tedata was @ssed bythe neural net into the
middle group—these rockshould besubject tofull freeze-thawtests. Tus,use of the
probabilistic neural network woultean that thextended test wouldnly needbe applied

to 43 percent of the samplesd 11 percentf the rocks chssed aacceptable would fall
early. About 6 percent of the test samples were consistently predicted to meet standards and
yet failed theextendedfreeze-thamest—thesesamplesshould beexaminedfor possible
errors in the extended tests or for clues to identify a new variable to properly class them.
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A test of the ability ofa probabilistic neural network tolassify depositinto types on the
basis of deposit tonnage and averageMiy,Ag, Au,Zn, and Pbgrades isconducted here.
The purpose is to examine whether this lohdystem might senas a basifor integrating

geoscience information available in large mineral datalbasgassifysites bydeposit type.
Benefits of proper classification of many sites in large regions are relatively rapid

identification of terranespermissivefor deposit types andecognition that specific sites

might be worth exploring further.

Ore tonnagesandaveragegrades of 1,37 well-exploreddeposits frompublishedgrade
and tonnage models representing 13 deposit tyeesused totrain and testhe network.
Tonnages were transformed by logarithamsl grades by squareots toreduce effects of
skewness.All values werescaled bysubtractingthe variable’s mean and dividing by its
standard deviationHalf of the depositswererandomlyselected to besed intraining the
probabilistic neural network and the other ha#fre used forindependent testing.Tests
were performedwith a probabilistic neural network employing Gaussiankernel and
separate sigma weights for each class (type) and each variable (grade or tonnage).

Deposit types were selectaa challenge th@eural network. For many typestonnages or
average grades are significantly different frothertypes,but indvidual depositsmay plot

in the grade and tonnage space of more than one type. Po@nyrgrphyry Cu—Au, and
porphyry Cu—Motypes have similar tonnages andelatively snall differences ingrades.
RedbedCu depositstypically havetonnageshat could be confusedwith porphyry Cu
deposits, also contain Cu and, in some cases, Ag. Cyprus and kuaiskivesulfide types
haveabout the samtonnagesCu, Zn, Ag,and Au grades.Polymetallicvein, sedimentary
exhalativeZn—Pb, andZn—Pb skarntypescontain many of the same metals. Sediment-
hosted Au, Comstocldu-Ag, and low-sulfide Au-quartz vein types are principally Au
deposits with varying amounts of Ag.

Among the largest classificatioarrors are skarn Zn—Pband Cyprus massive sulfide
deposits classed be neural network akuroko massivesulfides—24 and 63ercent
error respectively. Other large errors are theclassification of 92 percent gorphyry
Cu—Mo as porphyry Cu deposits. The number of deposits udesintghe neural network
was 25 or less for each thfese deposit typesitiv large errors,suggestinghat some errors
might be due to using too few training samples. Gimenintent to test the neural network
under the most difficult conditions, an overall 75 percent agreement betwesxpéres and
the neural network is considered excelle@tzer 91 percent of thgold deposit typesvere
properly classed an€l8 percent ofporphyry Cu depositsvere classes as sontgpe of
porphyry Cudeposit. The overall successate could probably be raisedo more than 90
percent with the addition of information on the presence of a few rock types.
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This paper discusses sortiearacteristideatures ofordinary kriging ad a neurahetwork
aslocal methodsfor interpolation of two-dnensional dataBias andsmoothnesslerived
from both methodsre presented andiscussed irthis paperOrdinary krigingestimation
is based oan underlyingspatial correlatiorfunction (semivariogram)previously modeled
from datapoints. Thismethod providesestimateswith minimum error variance, which
ensureslocal accuracybut not global accuracythat is thereproduction ofthe spatial
correlation function. On the othéand, arartificial neural networl(ANN) is anetwork of
many simple units, lich areconnectedand passing signals teach otler. ANN can be
used forfunction approximation, classification, anterpolation. Theconnectionsare made
by weights, which ar@adjustedfor atraining pattern and so successiviy each training
pattern to minimize aerrorterm so that at thend of thistraining processthe adjusted
weights can be used for prediction.

In this paper wecompare performance dfoth ordinary kriging and aartificial neural
network for datainterpolation in two-dimensionapace.The cross-validatiorprocedure
waschosen tacarry out thiscomparativestudy, becausé&r each data point whave the
actual value and the estimatate. Moreover, theross-validation wabased orvarying the
size ofthe localneighborhoods, i.e., 8 and 12 nearesteighbor samplesvere taken for
estimating each data pai\ multi-layer neural networkwith one hidderayer (5neurons)
was used in this study. Maximum total erveasestablished to bequal t00.001. Aslong
as the localneighborhoodincreasesthe nunber of stepsincreases, irorder to ensure
convergence to the maximuenror. Thus, weused avarying maximum nutoer of steps
according to local neighborhood (100000 steps fpouits,300000 steps for 8 points and
600000 points for 12 points). Synthetic datre consideredor this study (mean equal to
2.65and standardeviationequal t03.376).This dataset presents positive asymmetric
distribution, probably lognormal distribution because its higloefficient of variation
(1.274). Therefore this dataset simulateslistributions ofrare metals in nmeral deposits,
such as gold, tungsten, etc. Analyzing results of this comparative study we can conclude that
RMS errorsareslightly smallerfor ordinarykriging (1.547,1.576and 1.658,respectively
for 4, 8 and12 nearestpoints) than for neural network interpolation (1.721,939 and
2.066, for the same sequencenefrespoints). Displaying resultsn scattergramgactual
values on Yaxis andestimated values on #Axis) weobserve that thslopes ofthe least
squaredines arelessthan one (0.9960.774 and 0.757) for neural network predicted
values;and systematically greater thame (1.0581.186 and 1.217) forordinary kriging
estimates. Inaddition, correlation coefficients areslightly higher for ordinary kriging
estimates (0.891).893and 0.882)than for the neural netork predictions(0.859,0.838
and 0.806). However, interms of rankcorrelation,for 8 and 12 points, neural network
predictions present higher valu@s923and0.914)thanordinary krigingestimateg0.915
and0.904). Ordinarykriging estimates are momisceptible tdhe smoothingeffect than
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the neural networkestimatesThis meanghat thevariance ofordinary krigingestimates is
alwayslessthan thevariance ofthe actual valuest-or neural network predictions, the
variance ofprediced valueausing 4 nearestpoints islessthan thevariance ofthe actual
values, showing that the neural network interpolatioased on a sali neighborhood
produces some smoothing effect. Howetf@rjncreasing neighborhoailzes,the variances
of neural network predicted values are greater thanahance ofthe actual valueszinally
comparinginterpolated imagewith actual images, weoncludethat all ordinary kriging
images are smoothedhile neural network imagefor 8 and 12 pointspresent agood
spatial correlation with the actual image.
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Dams have social andeconomical impact on thenvironment, ath their safety and
performance are ajreat importanceDam monitoringproduces darge quantityof data.
The analysis of monitorindata is arimportant factor when determinirige behavior of a
dam. Mathematicamodelssuch as atatisticalmodel, or adeterministic model are idely
used in dam safety monitoring figld China. These modelsrebased orinear regression,
which cannot reflecthe nonliearity in the dam observation datambining chaos theory
with neural networktheory, afuzzy network model of phase spacéor analyzing the
monitoring data ondams is established ithe paper. The analysis onthe horizontal
displacements of a gravity dam is given as an example of the application of the model.

First, theraw nonitoring data isadjusted taemovethe deterministiccomponents (i.e. the
trends effect, theeasonakffect,and theeffect of hydrostatic load othe dam) in thelata
by using regression analysisSecond, according tahaos heory, the phase space
construction of diltered time series is performedlhe chaotic invariants of filteretime
series such as the correlatiomédnsion, the Lyapunoexponent, are calculated. Thesults
showthat the databservation data ia chaotictime series. hien, aFuzzy neural network
model of phase space idevelopedbased orthe filtered dataChaos tkory is used to
determine theénputs ofthe fuzzy neurahetwork,and thearchitectureof the fuzzyneural
network is determined. The modelused topredict horizontal displacement. Thesults
indicate that the prediction based on this model outperforms the statistical model.
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