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Extra
ting Patterns of IndividualMovement Behaviour from a MassiveColle
tion of Tra
ked PositionsGennady Andrienko and Natalia AndrienkoFraunhofer Institute IAIS, Germanygennady.andrienko�iais.fraunhofer.deSummary. A EU-funded proje
t GeoPKDD develops methods and toolsfor analysis of massive 
olle
tions of movement data, whi
h des
ribe
hanges of spatial positions of dis
rete entities. Within this proje
t, wedesign and develop methods of visual analyti
s, whi
h 
ombine intera
tivevisual displays with database operations and 
omputational methods ofanalysis. In this arti
le, we demonstrate by example how visual analyti
smethods 
an help in a
quiring knowledge about the movement behaviourof an individual from a very large set of movement data.





E�e
ts of Aggregation on SpatiallyCorrelated Time SeriesGuiseppe Arbia1, Mar
o Bee2 and Guiseppe Espa3

1 Department of the Bussiness, Statisti
al Te
hnologi
al andEnvironmental S
ien
es, University "G. d'Annunzio", Italyarbia�uni
h.it
2 Department of E
onomi
s, University of Trento, Italymar
o.bee�e
onomia.unitn.it
3 Department of E
onomi
s, University of Trento, Italyguiseppe.espa�e
onomia.unitn.itSummary. The problem of 
hoosing the best fore
asting strategy whendealing with disaggregated time series has a long tradition in e
onomet-ri
s. Gia
omini and Granger (2004) fa
ed this problem in the spe
i�
 
aseof fore
asting a national aggregate when disaggregated regional series areavailable and the individual regional series display spatial 
orrelation. Ar-bia et al. (2006) extended their results in various dire
tions by in
ludingthe 
onsideration of larger datasets and the treatment of edge e�e
ts andof negative spatial 
orrelation. In this paper we perform a more detailed
omparison of the relative e�
ien
y of di�erent fore
asting methods ofspa
e-time series when variables are spatially and temporally 
orrelated.In parti
ular, we study the 
ase where data are available on a �ne grid(e.g. 
ounties within regions) and we have the problem of produ
ing afore
ast on a 
oarser grid (e.g. regions within a 
ountry). The motivation
omes from the need, at a EU level, to produ
e fore
asts for ea
h memberstate (the NUTS1 level) but the available time series of data are at a re-gional level (the NUTS2 level). So our approa
h is general in the sense thatwe 
ome up with a multivariate fore
ast. The out
omes obtained provideoperational suggestions on how to 
hoose between alternative fore
astingmethods in empiri
al 
ir
umstan
es. More pre
isely, the simulation experi-ments show quite 
learly that the best strategy both in terms of minimumMean Squared Error and in terms of smallest Moran index is, in all 
ases



6 Guiseppe Arbia, Mar
o Bee and Guiseppe Espaexamined, the Spa
e-Time AutoRegressive model, namely the only one,among the methodologies 
onsidered in this work, whi
h expli
itly takesinto a

ount the spatial dependen
e of the data.Referen
es[1℄ Arbia, G., Bee, M. and Espa, G. (2006), "Aggregation of regionale
onomi
 time series with di�erent 
orrelation stru
tures", paper pre-sented at the International Workshop on Spatial E
onometri
s andStatisti
s, Rome, May 2006.[2℄ Gia
omini R. and Granger C.W.J. (2004), "Aggregation of spa
e-timepro
esses", Journal of E
onometri
s, 118, 7-26.



Geostatisti
al approa
h to dataharmonizationOlivier Baume1, Jon Olav Skoien2, Gerard B.M. Heuvelink3 and Edzer J.Pebesma4

1 Wageningen University, The Netherlandsolivier.baume�wur.nl
2 Department of Physi
al Geography, Utre
ht University, TheNetherlandsj.skoien�geo.uu.nl
3 Wageningen University, The Netherlandsgerard.heuvelink�wur.nl
4 Department of Physi
al Geography, Utre
ht University, TheNetherlandse.pebesma�geog.uu.nlSummary. Globalization in environmental risk assessment and mappingrequires valid data at a higher level (e.g. from 
ountry level to 
ontinentlevel). In the development of national or even regional measurement net-works su
h as radioa
tivity exposure assessment networks, di�erent proto-
ols are used. These are bent to spe
i�
 devi
es, site spe
i�
ations, labora-tory analysis te
hniques, a

ura
y standards and sampling designs. Theremay even be di�eren
es in the exa
t de�nition of the target variable be-tween organisations. Hen
e in the 
ase of dealing with data from di�erentsour
es, mapping the data a
ross networks 
an show a systemati
 di�er-en
e or bias. It is a well known fa
t that di�erent proto
ols may not allowthe joint use of the data in statisti
al models and may demand pe
uliare�ort. Standardization is the prevailing out
ome of inter-
omparison stud-ies of �eld proto
ols in varied environmental risks assessment issues. But afaster and e�
ient alternative to standardization is harmonization of data.This latter is a �bottom up approa
h� whi
h should be ending in a state of
omparability between data from di�erent sour
es.



8 Authors Suppressed Due to Ex
essive LengthWe dis
uss in this paper how to deal with harmonization of data a
rossnetworks, and how to handle multiple information on measurements, esti-mation of 
onstant biases and predi
tion in spa
e. We de�ne a geostatisti
almodel wi
h in
ludes both 
onstant bias terms (in the form of trend fa
tors)and a random error 
omponent (as a separate 
ovarian
e 
omponent). Themodel ends up in a 
lassi
al multiple regression problem for whi
h somea

ura
y diagnosti
 must be held be
ause of the multiple
ollinearity is-sue. Two appli
ation examples are presented. First a syntheti
 databaseis 
reated so that the method 
an be 
hallenged with a known 
ovarian
estru
ture. The quality of the estimation is 
he
ked through both the resultstatisti
s and the Variation In�ation Fa
tor diagnosti
. Se
ond a real dataexample is taken from the radioa
tivity exposure issue, a european-wideex
hange data base platform (EURDEP - http://eurdep.jr
.it/) whi
h pro-vides data from most of European 
ountries.



Spatial Ve
tor Error Corre
tionMi
hael Beensto
kDepartment of E
onomi
s, Hebrew University of Jerusalem, Israelmsbin�ms

.huji.a
.ilSummary. We "spatialize" residual-based panel 
ointegration tests fornonstationary spatial panel data in terms of a spatial ve
tor error 
or-re
tion model (SVECM). Lo
al panel 
ointegration arises when the dataare 
ointegrated within spatial units but not between them. Spatial panel
ointegration arises when the data are 
ointegrated through spatial lags be-tween spatial units but not within them. Global panel 
ointegration ariseswhen the data are 
ointegrated both within and between spatial units.Spatial error 
orre
tion arises when the SVECM 
ontains error 
orre
tionbetween spatial units in addition to within units. We use nonstationaryspatial panel data on the housing market in Israel to illustrate the method-ology. We show that although regional house pri
es in Israel are globally
ointegrated, there is no eviden
e of spatial error 
orre
tion.Keywords: panel 
ointegration, spatial panel data, regional house pri
es





Analysing Regional Firm Startup A
tivityUsing Geographi
ally WeightedRegression: The 
ase of AustriaRobert Breitene
kerDepartment of Innovation Management and Entrepreneurship, Universityof Klagenfurt, Austriarobert.breitene
ker�uni-klu.a
.atSummary. One subje
t in entrepreneurship resear
h is to �nd fa
torswhi
h explain regional variations in �rm startup a
tivity. Reviewing theentrepreneurship literature points out that in most studies 
lassi
al linearmodels are used to identify in�uen
ing fa
tors on regional founding ratesand that the spatial 
omponent of data is mostly disregarded. Estimatinga global model assumes that the in�uen
e of the independent variablesare 
onstant over the whole study region. I will test in this paper if theglobal linear model is appropriate to estimate the founding a
tivity. There-for global and lo
al indi
ators for spatial auto
orrelation (Moran I, [1℄) are
al
ulated �rst, to show the spatial dependen
e in regional �rm startuprates and additional regional data on the level of 93 
ounties of Austria.Further a geographi
ally weighted regression (GWR) model is estimatedto test whether a 
onstant relationship between the founding rate and de-pendent variables exists over the whole study region [2℄. The test of spatialdependen
e results in signi�
ant positive auto
orrelation for all regionalvariables. The lo
al parameter values of the GWR model indi
ate signi�-
ant regional variations whi
h indi
ates that a global linear model is notappropriate to explain the startup a
tivity in Austria.Keywords: spatial models, geographi
ally weighted regression, founding a
-tivity, AMS: 91B72



12 Robert Breitene
kerReferen
es[1℄ Anselin, L. (1995), "Lo
al Indi
ators of Spatial Asso
iation-LISA",Geographi
al Analysis, 27(2), 93-115.[2℄ Fotheringham, S. A., Brunsdon, C., und Charlton, M. (2002), "Geo-graphi
ally Weighted Regression: The Analysis of Spatially VaryingRelationships", Wiley, Chi
hester.



Automati
 Dete
tion of Spatial Anisotropyin Environmental Data SetsErsi Chorti1 and Dionissios T. Hristopulos2
1 Department of Mineral Resour
es Engineering, Te
hni
al University ofCrete, Gree
ea
horti�mred.tu
.gr
2 Department of Mineral Resour
es Engineering, Te
hni
al University ofCrete, Gree
edionisi�mred.tu
.grSummary. The interpolation and �ltering of environmental data is oftenbased on the assumption that the respe
tive random �eld is isotropi
. How-ever, this assumption fails in most natural data sets. The determination ofanisotropy parameters has so far lain upon either empiri
al methods su
has the visual inspe
tion of geologi
al maps or 
omputationally expensivemethods su
h as the maximum likelihood and dire
tional semivariogramanalysis. In this paper we propose a novel method for the automati
 de-te
tion of geometri
 anisotropy in spatial s
alar �elds. The method 
om-putational 
omplexity is linear to the sample size and it does not assume aspe
i�
 model for the �eld 
orrelation fun
tion. It applies to di�erentiablerandom �elds with normal or lognormal probability density fun
tions. Ituses sample based estimates of the �eld spatial derivatives that we relatethrough 
losed form expressions to the geometri
 anisotropy parameters.We investigate the behavior of the method on simulated data a

ordingto 
ommonly used spatial 
orrelation models, both on regular and irreg-ular latti
es. The automati
 anisotropy dete
tion provides an importantpre-pro
essing stage of the data. Knowledge of the anisotropy parameters,followed by the "isotropi
 transformations" restores isotropy thus allowingkriging and other pro
essing methods to be applied.





Topo-Climati
 Data: Analysis, Modellingand GeovisualisationLoris Foresti1, Alexei Pozdnoukhov2 and Mikhail Kanevski3
1 Institute of Geomati
s and Analysis of Risk, University of Lausanne,Switzerlandloris.foresti�unil.
h
2 Institute of Geomati
s and Analysis of Risk, University of Lausanne,Switzerlandmikhail.kanevski�unil.
h
3 Institute of Geomati
s and Analysis of Risk, University of Lausanne,Switzerlandalexei.pozdnoukhov�unil.
hSummary. Geomati
s and Geographi
al Information S
ien
es are widelyused in many �elds like urban planning, infrastru
ture management, tele
om-muni
ations, remote sensing, epidemiology and environment (forestry, nat-ural resour
es monitoring, pollution, natural hazards). One of the mostre
ent �elds in whi
h geomati
s have grown up is meteorology and 
lima-tology. With growing amount of information 
oming from meteorologi
almonitoring networks, the use of data-driven modeling te
hniques be
omesmore important. The visualization of point measurements in real time pro-vides useful information whi
h 
an be done a

essible through the web.However, the methods for produ
ing and visualization spatially interpo-lated maps of 
limati
 variables su
h as temperature, pre
ipitation, windspeeds still need to be developed. This study aims to exploit ma
hine learn-ing algorithms (Multi-Layer Per
eptron and Support Ve
tor Ma
hines) tomodel meteorologi
al variables. The presented modeling s
heme uses geo-graphi
al information systems and espe
ially the digital elevation models(DEM) with the terrain geo-features extra
ted from them. These featuresare essential to model 
limati
 variables when phenomena are 
omplex andnon-linear. Feature sele
tion te
hniques were applied to 
hoose the 
har-a
teristi
s derived from DEM whi
h are (possibly, non-linearly) 
orrelated



16 Loris Foresti, Alexei Pozdnoukhov and Mikhail Kanevskiwith the variable one wants to model. Multi-Layer Per
eptron and SupportVe
tor Ma
hines are very powerful universal tools to model spatio-temporaldata (meteorologi
al �elds) whi
h depend non-linearly on several 
omple-mentary variables (geo-features). In order to demonstrate the importan
eof these methods for topo-
limati
 modeling in Switzerland, the following
ase studies were 
hosen: monthly mean air temperature, hourly mean airtemperature (föhn situation and temperature inversion), monthly sum ofpre
ipitation, daily sum of pre
ipitation in a storm, monthly mean windspeed, daily mean wind speed, gusts and dire
tion. The study of these
ases has shown that the temporal s
ale is also an important fa
tor tobe taken into a

ount. In fa
t, depending on the temporal s
ale, the samemeteorologi
al parameters will be in�uen
ed by di�erent topographi
al fea-tures. Ma
hine learning methods perform well in produ
ing mean monthlyand mean annual 
limati
 maps whi
h 
an be then in
orporated into aGIS system. However, the task of real-time spatial modeling of instantmeasurements is a more 
hallenging problem. Ideally, the fully automati
pro
edure is desired in order to produ
e spatial topo-
limati
 maps in areal time. The use of the developed modeling methodology based on ma-
hine learning algorithms is dis
ussed in this 
ontext. An important partof the presentation deals with visualization of raw data, geo-features, andthe results using 
ontemporary GIS- and web-based te
hnologies.



Mixing Additive Voronoi Mosai
s andKrigingAlbre
ht GebhardtDepartment of Statisti
s, University of Klagenfurt, Austriaalbre
ht.gebhardt�uni-klu.a
.atSummary. Predi
tion methods for 
orrelated spatial data like kriging arebased on the knowledge of both a global trend fun
tion and an overall
ovarian
e stru
ture. As this knowledge may not be appli
able globallyto a real data set, we try to 
ombine a tessellation approa
h with thekriging predi
tor. The tessellation method is based on a generalized Voronoimosai
, whi
h splits the area of interest into non-overlapping tiles. Pointsbelonging to a spe
i�
 tile 
arry some nearest neighbour property withrespe
t to the 
ell 
enter. Model parameters for trend and 
ovarian
e aretreated as 
onstant per tile of the tessellation. Finally kriging predi
tionwill be performed per tile using these model parameters. The geometry ofthe tiles 
an be used in trend and 
ovarian
e modelling e.g. if the data isassumed to be generated by some 
ontamination pro
ess starting at the
ell 
enters.Referen
es[1℄ Hyoung-Moon Kim, Malli
k, B.K., and Holmes C.C. (2005), "Analyz-ing nonstationary spatial data using pie
ewise Gaussian pro
esses.",Journal of the Ameri
an Statisti
al Asso
iation, 100(470):p.653�668.





The Modi�ed SIMPAT Image Pro
essingMethod for Reprodu
ing Geologi
alPatternsMojtaba GhoraishyDepartment of Petroleum Engineering, University of Kansas, USAseyed�ku.eduSummary. Reprodu
ing geologi
al patterns from the available set of datais one of the most 
hallenging resear
h in the Earth s
ien
e. Su
h reprodu
-tion requires multiple-point statisti
s that 
orrelates three points (plus) ata time. However, inferen
e of multiple-point statisti
s is usually not pra
-ti
al, or well developed. The random fun
tion models have not been devel-oped expli
itly to a

ount for multiple-point statisti
s. The multiple-pointgeostatisti
s use the 
on
ept of training image. This method was intro-du
ed to over
ome restri
tions and 
omplexities of multiple-point statis-ti
s. A training image represents a similar pattern of �eld study geologi
alheterogeneities. A training image does not need to honor any lo
ally a
-
urate information. It represents prior geologi
al and stru
tural 
on
epts.The training image method is applied to model the geologi
al patternsas image 
onstru
tion problems. The image 
onstru
tion method relies onthe 
on
ept of similarity of available data and the patterns of a trainingimage. Similarity distan
e is used as sele
tion 
riteria to �nd the most 
on-sistent and similar pattern for to the existing data. This resear
h 
overs amodi�
ation to the SIMPAT algorithm (SIMulation with PATtern). Thismodi�
ation employs the NCC similarity distan
e instead of the Manhat-tan distan
e. The Comparison of the Modi�ed SIMPAT method with theoriginal SIMPAT method demonstrates a great robustness and improve-ment in the generated results. The Modi�ed SIMPAT is used to improvethe �ow simulation studies in the Petroleum Engineering. Multiple 
asesare studied and results of both the SIMPAT and the Modi�ed SIMPAT are
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ompared. The results show that the Modi�ed SIMPAT has the 
apabilitiesto improve geologi
al patterns simulation dramati
ally.



Resampling SRTM 3"-data with krigingCarlos H. Grohmann1 and Samar S. Steiner2
1 Institute of Geos
ien
es, University of Sao Paulo, Brazil
arlos.grohmann�gmail.
om
2 Institute of Geos
ien
es, University of Sao Paulo, Brazilsamar.steiner�gmail.
omSummary. SRTM data is distributed at horizontal resolution of 1ar
se
(aprox. 30m) for areas within the USA and at 3ar
se
 (aprox. 90m) res-olution for the rest of the world. A resolution of 90m 
an be 
onsideredsuitable for small or medium-s
ale analysis, but it is too 
oarse for moredetailed purposes. One alternative is to interpolate the SRTM data at a�ner resolution; it won't in
rease the level of detail of the original DEM,but it will lead to a surfa
e where there is 
oheren
e of angular properties(i.e., slope, aspe
t) between neighbouring pixels, an important 
hara
teris-ti
 when dealing with terrain analysis. This work intents to show how theproper adjustment of variogram and kriging parameters, namely the nuggete�e
t and the maximum distan
e within whi
h values are used in interpo-lation, 
an be set to a
hieve quality results on resampling SRTM data from3ar
se
 to 1ar
se
. The basi
 points of using kriging to interpolate terraindata are:
• Work only with the immediate neighbourhood of the predi
ted point,due the high spatial 
orrelation of the topographi
 surfa
e and omni-dire
tional behaviour of variogram in short distan
es;
• Add a very small random variation to the 
oordinates of the pointsprior to interpolation;
• Use a small value of nugget e�e
t, to avoid smoothing that 
an oblit-erate terrain features; in our tests, a value of 10m2 was su�
ient toeliminate noise.Keywords: SRTM; DEM; kriging; geostatisti
s; nugget value; variogram;interpolation.





Spatial air quality analysis and assessmentin EuropeJan Horalek1, Peter de Smet2, Bru
e Denby3, Frank de Leeuw4, PavelKurfürst5
1 Cze
h Hydrometeorologi
al Institute, Praha, Cze
h Republi
horalek�
hmi.
z
2 Netherlands Environmental Assessment Agen
y, Bilthoven, TheNetherlands
3 Norwegian Institute of Air Resear
h, Kjeller, Norwaydenby�ieee.org
4 Netherlands Environmental Assessment Agen
y, Bilthoven, TheNetherlands
5 Cze
h Hydrometeorologi
al Institute, Praha, Cze
h Republi
Summary. Spatial air quality analysis and assessment in Europe TheEuropean Topi
 Centre for Air and Climate Change (ETC/ACC) is 
ur-rently 
arrying out a task "Spatial air quality data" for the European Envi-ronmental Agen
y (EEA) that reviews and further develops interpolationmethods for use in European wide air quality mapping. Among the a
tivi-ties of this task, emphasis is on the development of interpolation method-ologies for O3 and PM10, as well as on the preparation of high resolutionair quality maps. Air quality data sele
ted from the database AirBase forthe years 2000-2004 has been interpolated by 
ombining the data with dif-ferent sour
es of supplementary data. The proje
t started with mapping ofhealth- and vegetation related ozone indi
ators (SOMO35, AOT40), andwith PM10 indi
ators (annual average, max 36th daily value), and ex-panded to mapping of other health- (26th highest maximum daily value)and vegetation related indi
ators (AOT40 for forests, SO2 annual meanand NOx annual mean). The urban and rural air quality is dealt with sep-arately; the �nal maps are 
reated by merging the rural and the urbanmaps. All the mapping work is 
arried out in GIS.



24 Authors Suppressed Due to Ex
essive LengthSeveral mapping te
hnologies were 
ompared:
• interpolation of measured air quality data only (inversed distan
eweighting (IDW), di�erent types of kriging),
• the 
ombination of measured air quality data with the results of adispersion model and
• the 
ombination of measured air quality data with di�erent supplemen-tary data, su
h as 
limatologi
al or meteorologi
al parameters, stationaltitude, population density)For the purposes of mapping, the relations of 
on
entrations with supple-mentary data were examined. These relations are utilized in the mappingte
hnology.For all the years, the rural maps of sele
ted pollutants and indi
ators havebeen 
reated by several methodologies. The quality of these maps was 
om-pared using 
ross-validation and RMSE. The best results are given by the
ombination of measurement data with EMEP dispersion model results,altitude and di�erent meteorologi
al parameters. The other �ndings arethat the kriging gives better results than IDW and that the use of loga-rithmi
 transformation gives more pre
ise results for PM10.Spe
ial attention was given to mapping of urban air quality, espe
iallyfor those urban agglomerations for whi
h no measurements are available.These values are interpolated a
ross the border of the 
ities. In this way, amap of European urban air quality is obtained. Finally, the rural and theurban maps are merged together with the help of population density map.The �nal maps are further used to estimate potential exposure of "sto
kat risk": the maps of AOT40 are used by the 
ombination with land 
overdata in order to provide information on the ozone exposure of 
rops andforests. The �nal maps of O3 and PM10 are used by the 
ombination withthe population density for estimation the "population at risk".Referen
es[1℄ de Smet P., Horalek J., Denby B. (2007), "European air qualitymapping through interpolation with appli
ation to exposure and im-pa
t assessment", In: Arno S
harl, Klaus To
htermann (Eds.), TheGeospatial Web. Springer, London



Spatial air quality analysis and assessment in Europe 25[2℄ Horalek J., Kurfürst P., Denby B., de Smet P., de Leeuw F., SwartR., van Noije T. (2007), "Spatial mapping of air quality for Europeans
ale assessment", ETC/ACC Te
hni
al paper 2006/6, http://air-
limate.eionet.europa.eu/reports/ETCACC_Te
hnPaper_2006_6_Spat_AQ





Multis
ale Spatio-Temporal E
o
limati
E
oregioning Pattern AnalysisDidier Leibovi
iCentre for Geospatial S
ien
es, University of Nottingham, UnitedKingdomdidier.leibovi
i�nottingham.a
.ukSummary. In a re
ent paper [Leibovi
i et al., 2007℄ we proposed amethodology to spatially identify di�erent pattern of e
o
limati
 spatio-temporal variations in 
ir
um-Saharan Afri
a. Using a multiway methodenabled us to take into a

ount the dynami
 of multiple 
limati
 indi
atorsinto the 
lustering problem. Here we fo
us on the s
ale issue well known ingeos
ien
e [Mar
eau and Hay, 1999℄ and parti
ularly about its impa
t one
oregion delineation. We propose to extend the above methodology to in-tegrate a multis
ale approa
h. This allow to analyse the impa
t of 
hangings
ale in a spatio-temporal des
ription and also to use a multis
ale approa
hinto the pro
ess of spatio-temporal 
lustering of the regions. Two di�erents
ale 
hanges 
an be 
onsidered: one implied by 
hange of resolution inraster data and one implied by aggregation of levels in given tree hierar
hyof lo
ations.Keywords: MultiS
ale, S
aling E�e
t, E
oregion, Hierar
hy, E
o
limati
,deserti�
ation, 
lassi�
ation, Pattern Re
ognition, Multiway analysis, Ten-sor de
omposition, PTAk.Referen
es[1℄ Leibovi
i D., Quillevere G., and Des
onnets J.C. (2007), "A Methodto Classify E
o
limati
 Arid and Semi-Arid Zones in Cir
um-SaharanAfri
a Using Monthly Dynami
s of Multiple Indi
ators", IEEE Trans-



28 Didier Leibovi
ia
tions on Geos
ien
e and Remote Sensing, Spe
ial Issue on PatternRe
ognition (a

epted)[2℄ Mar
eau D.J. and Hay G.J. (1999), "Remote sensing 
ontributions tothe s
ale issue", Canadian Journal of Remote Sensing, 25(4):357-366



Relating 
limate, habitat, immigration,and establishment pro
esses to a birdspe
ies. range expansionStephanie Joy Melles1, M.-J. Fortin, D. Badzinski and K. LindsayEnvironmental S
ien
es Group, Wageningen University and Resear
hCentre, The Netherlandsstephajm�zoo.utoronto.
aSummary. For the past 40 years, data on the distribution of bird spe
ieshave been a

umulating a
ross North Ameri
a demonstrating that spe
ies'ranges are dynami
, shifting in response to a large number of interrelatede
ologi
al and anthropogeni
 pro
esses. Climate warming is one of themost important drivers of spe
ies' range shifts, but the e�e
ts of other
onfounded e
ologi
al pro
esses are often ignored. To determine the rel-ative e�e
ts of 
limate, habitat fragmentation, and bioti
 pro
esses onobserved expansion rates, we examine hooded warbler (Wilsonia 
itrina)range 
hanges. We fo
us predominantly on the periphery of the spe
ies'northern range in Ontario, Canada, but we also examine data from theentire spe
ies' range. Ten hypotheses were generated to des
ribe the rela-tionship between the rate of range expansion and fa
tors known to in�uen
erange 
hange, and these hypotheses were 
ompared using model-sele
tionte
hniques. Zero-in�ated regression (ZIP) provided a better fun
tional re-lationship than Poisson regression as eviden
ed by lower AIC
 s
ores andsmaller predi
tive errors (RMSE) with withheld validation data. Climatewarming was negatively related to the probability of 'zero' range expansionindi
ating that 
limate 
onstrains the spe
ies' distribution. Establishmentprobability, based on the number of o

upied neighbouring grid squares,and immigration pressure from populations to the south were also impor-tant predi
tors of an in
reased rate of range expansion. Both immigrationpressure and population establishment 
an mask the e�e
ts of habitat avail-ability and fragmentation. Range expansion due to 
limate 
hange may be



30 Stephanie Joy Melles, M.-J. Fortin, D. Badzinski and K. Lindsayslower in fragmented systems, but the rate of expansion will be in�uen
edlargely by immigration from nearby populations and the probability ofspe
ies' establishment in an area; hen
e these are important variables to
onsider in a 
onservation 
ontext.



Long-term regional fore
asting withspatial equation systemsWolfgang Polasek1, Ri
hard Sellner2 and Wolfgang S
hwarzbauer3
1 Institute for Advan
ed Studies, Vienna, Austriapolasek�ihs.a
.at
2 Institute for Advan
ed Studies, Vienna, Austria
3 Institute for Advan
ed Studies, Vienna, AustriaSummary. Long-term predi
tions with a system of dynami
 panel mod-els 
an have tri
ky properties sin
e the time dimension in regional (
ross)se
tional models is usually short. This paper des
ribes the possible ap-proa
hes to make long-term-ahead fore
ast based on a dynami
 panel set,where the dependent variable is a 
ross-se
tional ve
tor of growth rates.Sin
e the varian
e of the fore
asts will depend on number of updating steps,we 
ompare the fore
asts behavior of a aggregated and a disaggregated up-dating pro
edure. The 
ross se
tion of the panel data 
an be modeled by aspatial AR (SAR) or Durbin model, in
luding heteros
edasti
ity. Sin
e thefore
asts are non-linear fun
tions of the model parameters we show whatMCMC based approa
h will produ
e the best results. We demonstrate theapproa
h by a example where we have to predi
t 20 years ahead of regionalgrowth in 99 Austrian regions in a spa
e-time dependent system of equa-tions.Keywords: SARmodels, Bayesian dynami
 panel models, fore
asting stableequation systems, regional e
onometri
s.





Intera
tive Monitoring NetworkOptimization using Support Ve
torMa
hinesAlexei Pozdnoukhov1 and Mikhail Kanevski2
1 Institute of Geomati
s and Analysis of Risk, University of Lausanne,Switzerlandmikhail.kanevski�unil.
h
2 Institute of Geomati
s and Analysis of Risk, University of Lausanne,Switzerlandalexei.pozdnoukhov�unil.
hSummary. Monitoring Network Optimization is a wide interdis
iplinary�eld aimed at resour
es optimization and 
ost minimization in environmen-tal monitoring. The problem is usually 
onsidered in spatial domain, withthe aim to in
rease the a

ura
y of predi
tive models by taking a smallnumber of additional measurements. Two main approa
hes (design-basedand model-based) are usually 
onsidered, whi
h rely on either geometri-
al/topologi
al 
hara
teristi
s of the network or on the un
ertainty-basedoutputs of the model. This setting 
an be extended to the spatio-temporaldomain if the modi�
ation of the network in time is required followingthe evolution of the spatial pro
ess or 
hanging 
onditions. Pra
ti
ally,monitoring network optimization fa
es many real-life 
onstraints and theoptimization s
heme in
ludes intensive intera
tion with an expert. In op-erational use, the de
ision-support system for monitoring network opti-mization must provide tools for fast and 
onvenient intera
tion and easilyinterpretable results.This paper develops a novel method for monitoring network optimisationfor multi-
lass spatial 
lassi�
ation problems. Spatial 
lassi�
ation 
overs awide range of tasks in environmental modelling. The typi
al problems arespatial mapping of 
ategori
al variables (soil types, hydro-geologi
al units,



34 Alexei Pozdnoukhov and Mikhail Kanevskiland 
over types, et
.) and de
ision-support mapping aimed at identifyingthe regions where some quantity (pollutant 
on
entration) ex
eeds a pre-de�ned level. Traditional approa
h to network optimization by means ofthe analysis of the kriging varian
es fa
es a number of di�
ulties in thisdomain. The most frequent one is the insu�
ient number of data samplesof parti
ular 
lass to model the variogram.The developed method is based on the re
ent Ma
hine Learning te
hniqueknown as Support Ve
tor Ma
hine. It is a robust non-parametri
 data-driven 
lassi�er, whi
h gained 
onsiderable su

ess and promising general-ization abilities in many data modelling �elds. The network optimizationmethod, based on Support Ve
tor Ma
hine, is problem-oriented in the sensethat it dire
tly answers the question of whether the advised spatial lo
ationis important for the 
lassi�
ation model. The developed method is aimedto e�e
tively in
rease the a

ura
y of spatial 
lassi�
ation models by tak-ing a small number of additional measurements. The method is based on asolid mathemati
al ba
kground of Statisti
al Learning Theory and purelydata-driven. The queries for perspe
tive measurements, assigned by an ex-pert, are evaluated using Support Ve
tor Ma
hine. The quires are rankedand the potential 
hanges in the model are visualized immediately. Thepredi
tive model is built dire
tly from data and little or no user intera
-tion (su
h as variogram modelling at intermediate step) is required. Themethod opens promising perspe
tives for fast and 
onvenient intera
tivepro
ess of monitoring network optimization.The use of the method and the 
omparison with traditional approa
h ispresented on a real 
ase study with data on soil types.



Estimation of parameters of interspikeintervals observed in a small windowMartin Prokop1, Zbynek Pawlas2 and Petr Lansky3

1 Department of Probability and Mathemati
al Statisti
s, CharlesUniversity, Praha, Cze
h Republi
maris�post.
z
2 Department of Probability and Mathemati
al Statisti
s, CharlesUniversity, Praha, Cze
h Republi

3 Institute of Psy
hology, A
ademy of S
ien
es of the Cze
h Republi
,Praha, Cze
h Republi
Summary. We simulate transfer of information in the nervous systemsby a temporal organization of interspike intervals. Various models of therandom point pro
ess of spikes are used. For the representation we sup-pose n time windows of equal length with independent realizations of thepro
ess. A spe
ial problem is investigated where the length of window isvery short whi
h leads to a low number of spikes observed in ea
h window.Based on the observations we 
an re
onstru
t the distribution of the pro-
ess. The �rst pro
ess type we 
onsider is the stationary renewal pro
essand we suppose the 
ase when interspike intervals are random variableswith Gamma distribution. The se
ond type is a stationary Cox point pro-
ess with random driving intensity in a parametri
 form. We simulate thepro
esses in n windows for several 
ombinations of parameters. Then we
al
ulate the maximum likelihood and moment estimators of the meanlength of interspike interval and the same pro
edure is used for the estima-tion of the 
oe�
ient of variation. The simulation is repeated many timesand we 
ompute the relative mean square errors of these estimators. Whilefor the estimation of the mean length both methods are 
omparable, forthe 
oe�
ient of variation the maximum likelihood method is better.





A County-Level Simultaneous SpatialE
onometri
 Model of TransportationInfrastru
ture Provision andE
onomi
/Population Growth: The Caseof MissouriDennis P. Robinson1, Thomas G. Johnson2 and Yong-Lyoul Kim3

1 Poli
y Analysis Center, University of Missouri, USArobinsonden�missouri.edu
2 Poli
y Analysis Center, University of Missouri, USA
3 Korea Rural E
onomi
 Institute, South KoreaSummary. The purpose of this paper is to investigate the e�e
ts of high-way infrastru
ture provision de
isions on the e
onomi
 and demographi
performan
e of MissouriaEUR(tm)s 
ounties. Using data on the 
ounties ofMissouri for 1990 and 2000, we estimate a simultaneous spatial e
onometri
model of e
onomi
 and population growth and transportation infrastru
-ture provision de
ision-making. In addition, we investigate several spatiale
onometri
 spe
i�
ation issues. First, most re
ent studies of small-areae
onomi
 and population growth have 
onsidered a spatial 
ross-regressiveequation stru
ture (i.e., ea
h equation 
ontains spatial lags of other en-dogenous variables but not the spatial lag of the equationsaEUR(tm) de-pendent variable). We evaluate the e�
a
y of this spe
i�
ation relativeto a simpler formulation of just a spatial lag in the dependent variablesand a more 
omplex spe
i�
ation 
ontaining both the dependent vari-ablesaEUR(tm) spatial lag and the spatial lags of the other endogenousvariables. Se
ond, we 
ompare the use of a variety of alternative spa-tial weights matri
esaEUR"
ontiguity-based, row and not-row normalized,
hara
teristi
-based (e.g., 
ounty-size). Third, we 
onsider the aEURoe-boarder issueaEUR 
reated by only using data for MissouriaEUR(tm)s
ounties to estimate our mode.





Identifying and removing heterogeneitiesbetween monitoring networksJon Olav Skoien1, Olivier Baume2, Edzer J. Pebesma3 and Gerard B.M.Heuvelink4

1 Department of Physi
al Geography, Utre
ht University, TheNetherlandsj.skoien�geo.uu.nl
2 Wageningen University, The Netherlandsolivier.baume�wur.nl
3 Department of Physi
al Geography, Utre
ht University, TheNetherlandse.pebesma�geog.uu.nl
4 Wageningen University, The Netherlandsgerard.heuvelink�wur.nlSummary. Environmental variables are independent of 
ountry borders,and there is an in
reasing interest in 
ombining national observations intointernational data bases. One 
ommon problem while merging data fromdi�erent networks is the fa
t that di�erent 
ountries use di�erent mea-surement devi
es, or treat the measurements di�erently before uploadingthe values into the 
entral database. As a result, the international databasewill 
ontain heterogeneities that will 
ompli
ate the use of the database forinternational 
omparisons and mapping. Although easy in theory, it will inmany 
ases be di�
ult or impossible to 
olle
t the 
orre
t information todetermine these heterogeneities.We will here present a new test statisti
 that 
an be used to indi
atewhether two neighbouring monitoring networks have a dis
ontinuity onthe border between the 
ountries. The proposed method does also quan-tify this di�eren
e, and we suggest how the measurements of the di�erent
ountries 
an be jointly adjusted to a
hieve a data set that is spatiallymore homogeneous than the original data set. The method is based on a
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essive Lengthkriging approa
h.The method is applied on a data set from the EURDEP database of ra-dioa
tive gamma dose rate measurements, 
olle
ted from national gammadose rate networks in more than 30 European 
ountries (http://eurdep.jr
.it).As di�erent 
ountries use di�erent measurement devi
es, and have di�erentmethods for treatments of the data, there are strong heterogeneities a
rossthe 
ountry borders, whi
h we will identify with the proposed method.



Bayesian trans-Gaussian Kriging and theUn
ertainty of Variogram EstimatesGunter Spö
kDepartment of Statisti
s, University of Klagenfurt, Austriagunter.spoe
k�uni-klu.a
.atSummary. The spatial predi
tion method of kriging is based on theGaussian assumption for the underlying random �eld and the assump-tion that the variogram fun
tion is known exa
tly. In most pra
ti
al ap-pli
ations these assumptions do not hold; the distribution of the observedphenomenon is not symmetri
 and the used variogram fun
tion is just anestimate. The 
onsequen
e is that the 
onventional report of the plug-inkriging varian
es underestimates the true, unknown un
ertainty of the krig-ing predi
tions. One way out of this dilemma is to use transformations ofthe original data and make use of the Bayesian paradigm to spe
ify un-
ertainties about the unknown transformation and variogram parameters.Unfortunately nobody a
tually is able to get subje
tive prior knowledgeabout these parameters. So one has to ask for an approa
h to spe
ifyingnoninformative prior knowledge.The approa
h to follow in this presentation is based on a parametri
 boot-strap by simulating both variogram and Box-Cox transformation estimates.The bootstrapped distribution of these estimates is then used in a Bayesianpredi
tive way as a posteriori distribution spe
ifying un
ertainty about 
or-responding unknown parameters. Thus, the sampling distribution of vari-ogram and transformation parameter estimates is taken into a

ount when
al
ulating posterior predi
tive distributions at unsampled lo
ations. Con-
erning the variogram both isotropi
 and anisotropi
 ones in this way are
onsidered fully in their un
ertainty. As bootstrapping repli
as maximum-likelihood and weighted least �tting (variogram) estimates are 
onsidered.



42 Gunter Spö
kA side result of bootstrapping is that the sampling distribution of vari-ogram, anisotropy and transformation parameters 
an be fully investigated.The theoreti
al developments are exampli�ed then by both, results fromsimulated skew, anisotropi
 data sets and a real data set on radioa
tiv-ity taken 10 years after the Chernobyl a

ident in the region of Gomel,Belarus.



Modi�ed method of moments - a fastalternative to Maximum likelihoodestimationMilan Zukovi
1 and Dionisis Hristopulos2
1 Department of Mineral Resour
es Engineering, Te
hni
al University ofCrete, Gree
emzukovi
�mred.tu
.gr
2 Department of Mineral Resour
es Engineering, Te
hni
al University ofCrete, Gree
edionisi�mred.tu
.grSummary. This study fo
uses on the inferen
e of the 
orrelation modelfor spatially or temporally dependent data. We present a 
omparative studyof two methods of model parameter inferen
e: the established method ofmaximum likelihood estimation (MLE) and the re
ently proposed modi�edmethod of moments (MMoM) [1℄. For reasons of 
omputational e�
ien
ythe 
omparisons are based on 
orrelated data arranged on regularly spa
ed1D samples. We 
onsider four 
ommonly used 
orrelation models: the Gaus-sian, the exponential, the spheri
al, and the Whittle-Matern models. We�nd that as the domain size in
reases, the MMoM estimates exhibit lowerbias and dispersion than the MLE estimates for the Gaussian and the ex-ponential models. Both methods produ
e 
omparable results in the 
aseof the spheri
al model. With either the MMoM or the MLE method, TheWhittle-Matern model displays a pe
uliar behavior, 
hara
terized by slowor no 
onvergen
e of the estimates to the true parameters, relatively largedispersion of the estimates, and large optimization times. In all the 
ases,the CPU time required by MMoM is mu
h lower than that of MLE. UnlikeMLE that is signi�
antly slowed-down for large samples, the CPU time ofMMoM is not sensitive to the domain size. In fa
t, our simulations showthat the MMOM 
omputational time 
an even de
rease with in
reasing
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 and Dionisis Hristopulossample size. Hen
e, the MMoM may prove useful for the analysis of largedata sets.Referen
es[1℄ Hristopulos, D.T. (2003) "Spartan Gibbs random �eld models forgeostatisti
al appli
ations", SIAM Journal in S
ient. Computation,v. 24, p. 2125-2162


