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Abstra
tThe thesis deals with learning algorithms, and how they 
an be ap-plied to environmental modelling. A major separation 
an be drawnwithin learning problems, depending on whether linear or nonlinearapproximating fun
tions are 
onsidered.In the linear 
ase, the key-problem is the sele
tion of the suppos-edly best model from among the set of 
andidates. The 
ontribution ofthe thesis on this topi
 is an exhaustive 
omparison between a numberof traditional model sele
tion 
riteria, tipi
ally derived under restri
t-ing asymptoti
 assumptions, and the Stru
tural Risk Minimization(SRM) approa
h; SRM, derived under hypotheses of great generality,is almost unknown in �elds others than ma
hine learning, and it isused in this thesis for the �rst time with time series. The investiga-tion has been performed both on arti�
ially generated time series andreal datasets. Under pra
ti
ally all the huge amount of simulationsinvestigated, our �ndings show that SRM re
ognizes with the high-est probability the true model underlying the data, and that it alsoleads to the lowest predi
tion error in out-of-samples simulations. Asworked 
ase studies, several datasets of animal populations alreadyknown in the e
ologi
al literature are re-analyzed; models sele
ted bySRM are shown to provide lower predi
tion errors on out-of-samplessimulations with referen
e to the models sele
ted in previous works.As for nonlinear learning algorithms, di�erent approa
hes are rig-orously 
ompared in environmental 
ase studies of great pra
ti
al in-terest, su
h as �ood fore
asting and predi
tion of air pollutants. Inparti
ular, several algorithms alternative to feed forward neural net-works (FFNNs), re
ognized as state-of-the-art approa
h, have beenanalyzed, trying to get rid of their known problems (su
h as overpa-rameterization and di�
ulty to assess the relevan
e of the di�erentvii



input variables) and to improve the quality of the generalization.As for �ood predi
tion, two Italian basins have been 
onsideredas 
ase studies. We show that pruned neural networks (PNNs) allowto dete
t irrelevant rain gauges by removing their parameters fromthe ar
hite
ture of the network and that, despite the use of a smallerset of information, PNNs provide the same predi
tive a

ura
y thanFFNNs. This allows for instan
e to move unne
essary instrumentsto more urgent lo
ations if one is interested in improving the designof the monitoring network, minimizing the 
osts; on the other hand,the pruned predi
tor is more robust, sin
e it requires polling a smallernumber of gauges, and therefore it is less subje
t to downtimes due todata a
quisition failures. We show that the best predi
tive a

ura
yhas been however obtained, in both basins, by using a novel neuro-fuzzy (NF) framework, whi
h 
onstitutes an original algorithmi
 
on-tribution of the thesis. Su
h a framework is based on a set of lo
alneural networks, ea
h spe
ialized on a 
ertain 
ondition of basin sat-uration. It is known, in the hydrologi
al literature, that the nonlinearform of the rainfall-runo� relationship strongly 
hanges, depending onthe state of saturation of the basin.As for air pollution, we analyzed the predi
tion of PM10 and O3in Milan; su
h two pollutants 
onstitute a major 
on
ern for the airquality of the 
ity. In this 
ase, we 
ompare FFNNs and PNNs withthe lazy learning (LL) approa
h, whi
h is known to be suitable fortime series predi
tion, and whi
h is used here for the �rst time inenvironmental modelling. LL is a lo
al linear modelling approa
h; itgives linearity a 
han
e via lo
ality, allowing to reuse a large amountof pro
edures taken from the linear statisti
s. The results obtainedon both PM10 and O3 show that all the 
onsidered models te
hniquesprovide a satisfa
tory predi
tion reliability; for instan
e, 
orrelationbetween true and predi
ted values are around 0.9. What deservesparti
ular 
onsideration, besides the performan
es issues, is howeverthat, di�erently from any neural network, LL allows to easily interpretthe relevan
es of the di�erent inputs; moreover, it is mu
h faster todesign and easier to be kept up-to-date.Challenges fur future studies are given by the use of SRM for modelsele
tion also among nonlinear models, and by the improvement of thesele
tion of the linear regressor within Lazy Learning using the Lo
alviii



Risk Minimization approa
h, whi
h is an extension of SRM to lo
almodelling.
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Chapter 1Introdu
tionModern s
ien
e and engineering are based on using �rst-prin
iplesmodels to des
ribe physi
al, biologi
al and so
ial systems. Su
h anapproa
h start with a formalized law of the phenomenon to be de-s
ribed (as for instan
e the Newton's law of me
hani
hs); then, exper-imental measurements are used to verify the appropriateness of themodels, or to estimate model parameters espe
ially hard to measure.However, in many appli
ations physi
al systems are too 
ompli
atedto be des
ribed in their �rst prin
iples; in these 
ases, a viable alterna-tive approa
h is 
onstituted by learning-from-data methods [1℄, whi
hbuild the model by estimating a suitable approximating fun
tion onthe available input/output samples. On
e su
h a relationship has beenestimated and validated, it 
an be used for the predi
tion of the fu-ture system behavior. Generally, learning approa
hes are tabula rasamethods, sin
e they learn from s
rat
h from the training data withoutany initial knowledge besides the representation of hypotheses [2℄.Usually, learned models 
an be developed more qui
kly than �rst-prin
iples (or physi
ally-based) models, obtaining at the same timea high approximation quality. Clearly, their main drawba
k is thelimited explanation of the system under study provided to the inves-tigator, sin
e they la
k an expli
it representation of the 
ausalities ofthe real system. However, their e�e
tiveness in tasks su
h as for in-stan
e input/output simulation, time series predi
tion, 
lassi�
ationis nowadays re
ognized from large part of the s
ienti�
 
ommunity; infa
t, they have been in
reasingly used in di�erent resear
h areas over4



Chapter 1. Introdu
tionthe last years, also thanks to the availability of low-
ost 
omputerswith great 
omputational power.In parti
ular, te
hniques su
h as neural networks, geneti
 algo-rithms, fuzzy systems are thoroughly studied also within the 
om-munity of environmental s
ientists, and for instan
e the InternationalEnvironmental Modelling and Software Conferen
e (www.iemss.org)or the Environmental Appli
ations of Ma
hine Learning Conferen
e( www-ai.ijs.si/SasoDzeroski/ECEMEAML04/e
em.html) pay greatattention to advan
es in learning approa
hes.This thesis 
olle
ts the results of three years of PhD resear
h, de-voted to the appli
ation of di�erent learning methods (neural net-works, fuzzy logi
, lazy learning, statisti
al learning theory) to di�er-ent environmental 
ase studies, su
h as �ood fore
asting, air qualitypredi
tion, analysis of time series of animal populations.1.1 Learning unknown relationships fromdataIf the system under study is 
omplex and its 
onstitutive input/outputrelationship is unknown at all, one has to randomly generate many dif-ferent nonlinear input/output mapping fun
tions, until a satisfa
torydegree of approximation is rea
hed. Learning unknown relationshipsfrom data a
tually 
onstitutes the key problem addressed by Soft Com-puting te
hniques.Among them, feed forward neural networks (FFNN) are re
og-nized to 
onstitute a state-of-the-art approa
h; their �exibility andtheir ability in 
apturing the non-linearities underlying the data arenowadays well-known also outside the ma
hine learning 
ommunity.As for e
ologi
al modelling, for instan
e, a review of neural networksappli
ations in water resour
es and atmospheri
 s
ien
es 
an be foundrespe
tively in [3℄ and [4℄. However, FFNN have also well knowndrawba
ks, su
h as the tenden
y to over�tting be
ause of the heavyparameterization, and the time 
onsuming pro
edures required in or-der to identify via trial and error the optimal ar
hite
ture for a givenmodelling task. Moreover, their �very bla
k-box� nature makes a hardtask the interpretation of the model parameters; for instan
e, it is5



1.1 Learning unknown relationships from dataquite di�
ult to assess the relevan
es of the input variables within thenetwork.The need for addressing the above 
ited drawba
ks and the at-tempt of further improving the quality of the approximation lead tothe adoption of alternative learning approa
hes; in parti
ular, in thisthesis we investigate pruned neural networks (PNN) and lazy learning(LL). Moreover, we introdu
e a novel neuro-fuzzy framework, basedon a set of lo
al neural networks, whi
h 
onstitutes an original algo-rithmi
 
ontribution of the thesis.Pruned neural networks (PNN) 
onstitute a re
ognized resear
h�eld in the ma
hine learning area (see [5℄ for a review); neverthe-less, they are still not widely used for appli
ations. The basi
 ideaof pruning algorithms is to remove the redundant parameters from afully 
onne
ted neural network; pruned networks 
an 
ontain one or-der of magnitude less parameters than fully 
onne
ted ones and, assu
h, they are mu
h less prone to over�tting, 
onstituting a parameter-parsimonious neural networks approa
h. Remarkably, unuseful inputsare dis
onne
ted from the network during the pruning session, andhen
e the really meaningful input variables are highlighted.The proposed novel neuro-fuzzy framework 
onstitutes an originalalgorithmi
 
ontribution of the thesis, suitable for modelling systems
hara
terized by very di�erent forms of the input/output approximat-ing fun
tion in di�erent regions of the input spa
e. The framework isbased on a set of lo
al neural networks, ea
h providing a map betweeninputs and output on a 
ertain region of the input spa
e. The outputsof all the lo
al models are 
ombined in a fuzzy way, in order to havesmooth transitions between the lo
al models. Although 
ombinationsof FFNN have been already subje
t of investigation [6℄ [7℄, the pe
u-liarity of our approa
h is that the 
oe�
ients of the 
ombination arenot �xed: on the 
ontrary, they vary dynami
ally a

ording to thevalues of the provided inputs.While FFNN and PNN are global, nonlinear methods, Lazy Learn-ing (LL) is a lo
al linear modelling approa
h. Probably, the mostrelevant 
ontribution to LL development and di�usion has been doneby the resear
h group working at IRIDIA (http://iridia.ulb.a
.be/~lazy), whi
h 
ontinuously works over LL algorithmi
 enhan
e-ments and appli
ations, and whi
h also releases the LL implementa-6



Chapter 1. Introdu
tiontion as open-sour
e 
ode. LL outperformed [8℄ several alternative ap-proa
hes (in
luding FFNN) in a number of ben
hmark datasets avail-able from the UCI repository (http://www.i
s.u
i.edu/~mlearn/MLRepository.html) and therefore it appears as a suitable approa
hfor time series predi
tion. Moreover, it is worthwhile 
iting that itranked se
ond out of 17 parti
ipants at the International Competitionfor Time Series Predi
tion, held in Leuven in 1998 [9℄. The develop-ment of a LL model is mu
h shorter than in the neural networks 
ase,sin
e the (lo
al) linear nature of the model greatly redu
es the needfor trial and error; moreover, LL models 
an be updated in a very fastand easy way. A �nal relevant strength of su
h an approa
h is thatthe simpli
ity of the lo
al linear regressor allows to easily evaluate therelevan
es of the di�erent input variables.1.1.1 Environmental 
ase studiesThe Soft Computing methods introdu
ed in Se
tion 1.1 are applied toreal world 
ase studies in environmental modelling, su
h as hydrolog-i
al predi
tion, air quality predi
tion, air quality re
overy planning.In ea
h 
ase study, we identify �rst a FFNN model, whi
h then 
on-stitutes the fundamental ben
hmark, and then we assess the perfor-man
es of the alternatives methods.As for the hydrologi
al predi
tion, two di�erent basins have been
onsidered: Olona and Tagliamento. River Olona is lo
ated in Lom-bardia, Northern Italy; it �oods areas around Milan quite often underheavy rainfalls and the study of su
h a 
at
hment has been en
ouragedalso by the Civil Prote
tion. The average �ow is about 2.5 m3/sec,while the maximum expe
ted �ow over a time period of 10 years isabout 108 m3/sec. The basin sizes about 200 km2; it 
an be dividedin an upper part, mountainous and weakly anthropized, and a lowerone, �at and strongly urbanized. Many arti�
ial in�ows in the lowerpart of the basin and a series of small reservoirs built in order to mit-igate �ood events alter signi�
antly the natural behavior of the basin.The data available to us refer to 13 �ood episodes o

urred within theperiod 1999-2001; the dataset 
omprises about 1100 water levels andrainfall measures taken at hourly steps. Given the small size of thebasin, a fore
ast horizon of three hours is judged as suitable by Civil7



1.1 Learning unknown relationships from dataProte
tion te
hni
ians.The se
ond 
ase study refers to river Tagliamento, lo
ated in Friuli,North-East of Italy. The average �ow is about 90 m3/sec, while themaximum �ood peak over the last de
ades rea
hed 4000 m3/sec in1966. The basin measures about 1950 km2; the dataset 
omprises 20�ood events o

urred over the years 1978-1996, for an overall lengthof 2000 hourly time steps. The dataset has been obtained by 
onta
t-ing the authors of a previous paper [10℄, who proposed a feed-forwardneural network for the predi
tion of �ood events. Therefore, the per-forman
es of su
h a model will 
onstitute the natural term of 
ompar-ison for the obtained results. A

ording to [10℄, a fore
ast horizon of
5 hours in advan
e 
an be 
onsidered satisfa
tory on this basin.As for air pollution predi
tion, the 
ase of ozone and PM10 timeseries in Milan has been studied. The Milan urban area, lo
ated at the
enter of the Po Valley, is the most industrialized and populated dis-tri
t in Italy. A

ording to the State of the Environment Report [11℄,the yearly average of pollutants su
h as SO2, NOx, CO, TSP has de-
reased respe
tively of about 90%, 50%, 65%, 60% during the lastde
ade. Also the yearly averages [11℄ of mi
ro-pollutants su
h as ben-zene and lead are largely under the thresholds established for humanhealth prote
tion. However, a major 
on
ern for the air quality of the
ity is 
onstituted by high levels of both PM10 and ozone; these pol-lutants 
onstitute a major 
on
ern sin
e they have been asso
iated inthe epidemiologi
al literature with in
rease in the mortality and 
ar-diorespiratory hospitalizations [12, 13℄. The yearly average of PM10has been substantially stable (about 45 µg/m3) sin
e the beginning ofmonitoring in 1998; on average, it ex
eeds the limit value of 50 µg/m3on about 100 days every year. On the other hand, ozone began torise in the Milan area in the early 90s, partly as a 
onsequen
e ofthe redu
ed SO2 and CO, whi
h 
aused a more oxydant atmosphere.In the period 1997-2002 about 10 yearly ex
eedan
es of the atten-tion threshold have been re
orded. A system able to predi
t ozoneand PM10 
on
entrations 
an provide useful early warnings, allowingPubli
 Authorities to manage the emergen
y, for instan
e by planningan in
rease in the publi
 transports in the 
ase of an in
oming tra�
blo
k, or by warning people to avoid exposures to unhealthy air.8



Chapter 1. Introdu
tion1.2 Learning from data the best model:model sele
tion 
riteriaSoft Computing te
hniques assume generally that the input/output re-lationship is unknown at all, and therefore it has to be found by somekind of random sear
h, trying many di�erent, 
omplex, nonlinear ap-proximating fun
tions. However, there also di�erent situations, wherethe system 
an be modeled by quite simple (i.e., linear or linearizableby suitable transformations) input/output approximating fun
tions;in su
h 
ases, model sele
tion 
an be a

omplished by analyti
al te
h-niques, whi
h provide an estimate the predi
tion error of the modelon future unknown data. The mathemati
al formulation of su
h esti-mates depend on the assumed hypotheses and hen
e di�erent modelsele
tion 
riteria are referen
ed in the literature.A 
lassi
al approa
h is 
onstituted by Information Criteria, whi
htry to a
hieve an optimal trade-o� between the quality of the approx-imation on the training data and model 
omplexity by 
hoosing themodel that minimizes the produ
t of the training square error and apenalization fa
tor, 
omputed as an in
reasing fun
tion of the ratio ofparameters of the model to the number of data. For instan
e, 
riteriasu
h as FPE [14℄ and SIC [15℄ are widely referen
ed in the literature; itshould be however pointed out that their very restri
ting 
onstitutivehypotheses are generally not met in real 
ase studies.As a viable alternative to 
lassi
al approa
hes, the model sele
tion
riterion developed within Statisti
al Learning Theory (SLT), and de-�ned as Stru
tural Risk Minimization (SRM), is investigated in thethesis. SLT, due to the joint work of Vapnik and Chervonenkis [16℄,provides a theoreti
al framework for learning with �nite samples de-rived under very general assumptions. The very 
ore of SLT is theidea of VC-dimension, whi
h is a 
omplexity index for 
lasses of fun
-tions. VC-dimension 
an be easily known for linear models, but it isgenerally unknown for nonlinear models; this 
onstitutes in fa
t a ma-jor obsta
le to the appli
ation of SLT �ndings in nonlinear 
ontexts.With referen
e to linear regression problems, it has been shown [17℄ to
onsistently outperform traditional Information Criteria for di�erentdataset sizes and noise levels, 
hoosing with higher probability modelwith better generalization performan
es, i.e. with better performan
es9



1.2 Model sele
tion 
riteriaon predi
tions issued outside the 
alibration dataset. However, despiteits relevant properties, SRM has been up to now rarely used in real
ase studies.1.2.1 Model sele
tion in e
ologi
al modellingThe appli
ation area of model sele
tion 
riteria 
onsidered in this the-sis is 
onstituted by the analysis of the observed 
ourse of e
ologi
alpopulation abundan
es. Indeed, in these 
ases, one usually 
onsiders alimited set of demographi
 models, whi
h quite often 
an be linearizedby suitable transformations (e.g., taking logarithms). However, we donot 
onsider in this appli
ation non-linearizable demographies, be-
ause neither they 
an be managed by ICs, nor their VC-dimensionsis known. An attempt to estimate the VC-dimension of nonlineardemographi
 models 
an be however found in [18℄.T. R. Malthus, the founder of modern demography, in his famouswork of 1798 [19℄ proposed a simple linear model, a

ording to whi
hthe population 
an in
rease inde�nitely in an exponential way or tendto extin
tion. The main assumption underlying the Malthusian modelis that the environment 
an provide ea
h individual with the sameamount of resour
es ne
essary to survival and reprodu
tion, regardlessof the population density; this is a
tually the density-independen
ehypothesis.However, no population grows inde�nitely; as the density rises,some 
ompetition takes pla
e between individuals (for example forfood, water, or reprodu
tion), slowing down or halting the popula-tion in
rease, whi
h therefore depends in this 
ase on the populationsize (density-dependen
e). For instan
e, a density-dependent popula-tion 
an move towards an equilibrium (
arrying 
apa
ity), �u
tuatingaround it over time.To re
ognize whether a population is growing in a density-dependentor independent way is important sin
e it 
an allow to predi
t the fu-ture animal abundan
es, whi
h is of paramount relevan
e in order todesign 
orre
t poli
ies for the sustainable exploitation of natural pop-ulations. In fa
t, to statisti
ally distinguish density-dependent fromindependent time series stimulated a great resear
h e�ort over the pastthree de
ades [20�22℄ in the e
ologi
al literature.10



Chapter 1. Introdu
tionEarlier works were based on hypothesis-testing approa
hes; a mile-stone in this 
ontext is for instan
e the work of Dennis and Taper [22℄.Despite their statisti
ally soundness, hypothesis tests have the maindrawba
k of 
omparing just a 
ouple of models at a time and that onthe other hand managing many models through hierar
hi
al pairwisehypothesis testing does not ne
essarily lead to the sele
tion of the bestmodel [23℄; therefore, they have been �nally re
ognized to 
onvey justlimited information.Further works [23�26℄ performed model sele
tion among demo-graphi
 models using Information Criteria, su
h as FPE or SIC; aweakness of su
h approa
hes is however that ICs are based on asymp-toti
 arguments, while e
ologi
al datasets are 
omposed generally ofa just few tens of data.The 
ontribution of the thesis on this topi
 is a thorough 
ompar-ison of the above traditional approa
hes (hypothesis tests and ICs)with SRM, the model sele
tion 
riterion developed on the base of the�ndings of Statisti
al Learning Theory and up to now rarely used inreal world 
ase studies.A great amount of experiments has been done on arti�
ial data,simulating di�erent demographi
 models sto
hasti
ally (i.e., with noise),under a wide variety of settings (model parameters, noise levels, sim-ulation length). On ea
h generated time series a set of alternativemodels are identi�ed, and model sele
tion 
riteria are than asked to
hoose one among the 
andidates. This way we statisti
ally assess theability of the model sele
tion 
riteria in re
ognizing the model under-lying the data; then we also evaluate the generalization of the 
hosenmodels, simulating them on data generated by the same sto
hasti
me
hanism, but not in
luded in the 
alibration samples.Our �ndings show that SRM 
hooses the model whi
h really un-derlies the data with signi�
antly higher frequen
y than traditionalapproa
hes and, as a dire
t 
onsequen
e, it allows also the best gen-eralization outside the training set. Su
h a result is 
onsistent in thesense that it is found under almost all the parametri
 settings inves-tigated.As real 
ase study, the ungulates population of Alpine ibex (
apraibex) living in Gran Paradiso National Park (Italy), has been ana-lyzed. The available dataset is unusually long for e
ologi
al appli
a-11



1.2 Model sele
tion 
riteriations, 
ontaining a 45-years time series (1956-2000) of both 
ensusesand meteorologi
al data. Over this period, the population ranged be-tween 2500 and 5000 individuals; there has been no hunting inside oroutside the park, and large predators su
h as lynx and wolf have beenabsent over the last 100 years. Sin
e several studies (see the literatureoverview in [27℄) suggested that, if large predators are rare or absent,the 
hanges in ungulates populations 
an be explained by 
onsidering
limate for
ing and density-dependen
e, we analyze thoroughly thedependen
e of the population growth rates on both population sizeand meteorologi
al variables, and then we 
ompare our results withthe statisti
al analysis 
arried out in [27℄ on the same dataset.
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