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Preface

This book collects the proceedings of the International Conference “Spatial Data
Methods for Environmental and Ecological Processes - 2" Edition”, the 2011 European
Regional Conference of The International Environmetrics Society, satellite of the 58"

World Statistics Congress of the International Statistical Institute (I1SI).

The main scope of the conference is exchanging past results and new ideas among
researchers with different scientific backgrounds, all working on spatial and spatio-

temporal environmental problems.

The conference is structured into five plenary sessions, twelve specialized sessions and

a poster session, as follows:

Plenary sessions:

Climatology and Meteorology

Ecology and Water Analysis

Ensemble Forecasts

Sampling and Accurate Predictions for Environmental Management
Spatial Functional Data

Specialized sessions:

Air Quality

Animal and Plant Ecology

Climatology and Meteorology

Disease mapping and Environmental Exposure
Environmental Data Analysis

GIS and Soil Sciences

Landscape Ecology and Natural Resource Management
Methods and Environmental Modelling

Proximal and Remote Sensing in Precision Agriculture
Sampling Designs for Natural Studies

Space-time Surveillance for Public Health

Space-time Surveillance of Natural Assets

Main themes of the poster session

Agriculture, Biodiversity, Groundwater Pollution and Hydrogeology
Air Quality and Disease Mapping

Climatology and Meteorology and Sampling design

Ecology, Conservation and Natural Resources Management
Environmental Risk Assessment

The poster discussion was held during a “Spatial Café”


http://www.environmetrics.org/
http://www.isi2011.ie/content/
http://www.isi2011.ie/content/
http://www.isi2011.ie/content/
http://www.isi2011.ie/content/
http://isi-web.org/

The Spatial Café was organized in five discussion tables. For each table two facilitators
were chosen to stimulate and organize the posters discussion.

The Conference's Scientific Committee tailored the program to provide fruitful
interactions among various research fields, under the common heading of “spatial
analysis”. This was very clear during the course of the conference, as communication
among participants both from Italy and abroad, from universities and research centers,
and most importantly, among statisticians and researchers from other subject areas, was
facilitated by a charming, very friendly atmosphere.

This Volume of Proceedings contains 110 short papers and abstracts that were presented
during the conference and is articulated in three parts, each corresponding to a session
held in the conference. All published papers were submitted to a refereeing process. The
refereeing process has been attended by the Scientific and Organizing Committees.

The Scientific and Organizing Committees are very grateful to the University of Foggia,
the University of Bari, the Fondazione Cassa di Risparmio di Puglia, The International
Environmetrics Society, the International Statistical Institute, the Societa Italiana di
Statistica, the CRA-CSA of Bari, the Agenzia Regionale per la Prevenzione e la
Protezione dell’Ambiente - Puglia - and the GRASPA research group for supporting
the organization of the conference and allowing us to publish this volume.

In quality of Scientific Committee and Organizing Committee Presidents, we would like
to thank the members of the Scientific Committee (Liliane Bel, Annamaria
Castrignano, Corrado Crocetta, Alessandro Fasso, Giovanna Jona Lasinio, Alessio
Pollice and Marian Scott) and of the Organizing Committee (Barbara Angelillis,
Francesca Bruno, Rosalba Ignaccolo, Giovanna Jona Lasinio, Alessio Pollice and
Alessia Spada) for their outstanding work and all the participants to the conference for
their contributions.

Daniela Cocchi, President of the Scientific Committee
Barbara Cafarelli, President of the Organizing Committee



Global temperature analysis with
non-stationary random field models
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Abstract: Analysis of regional and global mean temperatures based on instru-
mental observations has typically been based on aggregating temperature measure-
ments to grid cells. Due to the uneven data coverage, this makes analysis of the
associated uncertainties difficult. We here present an alternative model based ap-
proach, where the climate and weather are modelled as random fields generated by
a stochastic partial differential equation. Using the efficient Markov representations
developed by Lindgren et al. (2011), direct numerical optimisation and integration
with the R-INLA software provides Bayesian temperature reconstructions and asso-
ciated uncertainties.

Keywords: Global temperature analysis, Stochastic partial differential equa-
tion, Gaussian Markov random field

1 Introduction

When analysing past observed weather and climate, the Global Historical Climato-
logy Network (GHCN) data set (Peterson and Vose, 1997) is commonly used. The
data spans the period 1702 through 2010, though counting, for each year, only sta-
tions with no missing values, yearly averages can be calculated only as far back as
1835. The GHCN data is used to analyse regional and global temperatures in the
GISS (Hansen et al., 1999) and HadCRUT3 (Brohan et al., 2006) global temperature
series, together with additional data such as ocean based sea surface temperature
measurements. Differing in detail, the analyses aggregate the data into grid boxes,
which are combined into global averages. To reduce the influence of station spe-
cific effects, the methods are based on the temperature anomalies, defined as the
difference in weather to the local climate, the latter defined as the average weather
over a 30 year reference period. Due to the difficulty of assessing the statistical
uncertainty of the resulting estimates, we instead choose to construct a stochastic
model for the climate and anomalies, based on a non-stationary stochastic partial
differential equation.



2 Model

I order to avoiding the computational difficulties associated with calculations based
on covariance matrices, we use the link between the stochastic partial differen-
tial equation (SPDE) formulation of Matérn fields and Gaussian Markov random
fields (GMRFs), as developed by Lindgren et al. (2011). Together with the INLA
method (Rue et al., 2009) this allows us to perform a fully Bayesian analysis in a
fraction of the time required by a traditional MCMC approach.

The climate (or expected weather) is u, the yearly anomalies are x;, and the
observations are y,. The anomalies are taken as solutions to the SPDE

(*(u) — A) (t(uw)z(uw) = W(u), ueS? (1)

where W is a white noise process, A is the Laplacian, and x and 7 are spatially
varying parameters. The prior distribution for the climate field is chosen as approx-
imate solutions to the SPDE Apu(u) = 0,W(u), which are intrinsic random fields.
The model is governed by a parameter vector @ = {0,,0.,60,, 6.}, where 6, and 0,
controls the non-stationary dependence structure of the anomalies.

Introducing observation matrices A;, that extract the nodes from x; for each
observation, the full model is given by

(1l0) ~N(0,Q,"), (2)
(%:]0) ~ N(0,Q;"), (3)
(Yelp, @1, 0) ~ N(Ae(p + x0) + 5,6, Q;ﬁwc)a (4)

where S;60; are station specific effects (elevation), and the Q. matrices are the pre-
cision matrices corresponding to each conditional distribution, obtained with the
finite element method (Lindgren et al., 2011).

3 Results

We implemented the model using R-INLA. The Bayesian analysis draws all its con-
clusions from the properties of the posterior distributions of (8|y), (u|y), and (x|y),
so that all uncertainty about the weather anomaly x; is included in the distribution
for the model parameters 6, et cetera. Since (x|y, @) is Gaussian, the Bayesian
integration results are only approximate with regards to the numerical integration
of the covariance parameters (6,,0.,0.). Due to the large size of the data set, the
initial analysis is based on data only from the period 1970 through 1989, and the
analysis took approximately one hour on a 12 core Linux system.

The spatial covariance parameters are harder to interpret individually, but we
instead show the resulting spatially varying field standard deviations and correlation
ranges in Figure 1, including pointwise 95% credible intervals. Both curves show a
clear dependence on latitude, with both larger variance and correlation range near
the poles, compared with the equator.
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Figure 1: Three transformed B-spline basis functions of order 2 (a), and approximate
95% credible intervals for (b) standard deviation and (c) correlation range of the
yearly weather, as functions of latitude.

Mean for Climate 1970-1989 (C) Empirical Anomaly 1980 (C)
-30 -20 -10 0 10 20 30 -20 -15 -1.0 -05 0.0 05 1.0 15 20

Latitude
Latitude

-180 -135 -90 -45 0 45 90 135 180 -180 -135 -90 -45 0 45 90 135 180
Longitude Longitude
(a) (b)

Std dev for Climate 1970-1989 (C) Std dev for Anomaly 1980 (C)

0.00 0.05 0.10 0.15 0.20 0.25 0.30 0.35 0.40 00 02 04 06 08 10 12 14 16 18

Latitude
Latitude

-180 -135 -90 -45 0 45 90 135 180 -180 -135 -90 -45 0 45 90 135 180
Longitude Longitude

() (d)

Figure 2: Posterior means for the empirical 1970-1989 climate (a) and for the em-
pirical mean anomaly 1980 (b), together with the corresponding posterior standard
deviations in (¢) and (d). The climate includes the estimated effect of elevation. An
area-preserving cylindrical projection is used.



In Figure 2(a) and (b), the posterior expectation of the empirical climate, E(u|y),
is shown (with the estimated effect of elevation added), together with the posterior
expectation of the temperature anomaly for 1980, E(x19g0|y). The spatial depend-
ence model was based on the GHCN data, but these Kriging estimates also include
ocean-based data. A preliminary analysis indicates that the dependence structure
is different for land and ocean, which can be handled by adding appropriate basis
functions to the x and 7 models. The pre-gridded ocean data is also a good example
of how the observation matrix A; can solve the problem of “misaligned” data, since
it decouples the spatial model from the data locations, allowing arbitrary linear
measurement equations from one spatial model.
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Abstract: Detection and attribution (D&A) have played a central role within
the assessment of the human influence on climate and within IPCC’s reports. De-
tection involves the statistical demonstration that a change has happened within
climatic observations. Attribution consists in assessing the respective contributions
of one or several causes to some observed change. Both require the use of climate
model simulations, and are based on spatial or spatio temporal patterns of change.
This paper provides a very short presentation of the classical ”optimal fingerprint”
method for D&A. Some recent developments, regarding the use of ”error in variable”
are introduced. Some of the challenging aspects of the method will be discussed too,
in particular regarding the very large dimension of the typical datasets used.

Keywords: Climate change, detection, attribution, linear model, high dimen-
sion.

1 Introduction

Detection and attribution (D&A) have played a central role within the assessment of
the human influence on climate and within IPCC’s reports. Detection involves the
statistical demonstration that a change has happened within climatic observations.
Attribution consists in assessing the respective contributions of one or several causes
to some observed change. Both are based on the characterisation of the spatial or
spatio-temporal pattern of change corresponding to each physically plausible cause.
However, specific tools from spatial statistics have been poorly used on that theme.

This paper aims primarily at giving a state of the art picture of some of the
concepts, statistical tools, and current challenges in D& A analysis. The secondary
attempt is to shortly discuss both difficulties and potential benefits of using spatial
statistics tools.

Introduction of D&A first requires to introduce some concepts used in climate
sciences. Climatologists use to first define their subject of study: the climate system.
It includes the atmosphere, the ocean, and several other components (see IPCC,
2007). This system is influenced by several boundary conditions (e.g. the solar
activity, the chemical composition of the atmosphere), usually referred to as external
forcings, that may impact its state or dynamics. However, the variables used for
describing the state of the system show some variability, even under fixed boundary



conditions. This variability is called internal variability, and corresponds to the kind
of variability expected while the climate is not changing.

Statistical D&A requires to have some knowledge on two parameters: first, the
statistical properties or the distribution of the internal variability, and second, the
expected response of the climate system to a given external forcing. Physically-
based climate models are usually used for evaluating both objects instead of e.g.
parametric models. Indeed, internal variability involves very specific spatial patterns
and a large set of spatial scales that may hardly be accounted for in a parametric
model. Instead, the use of climate model allows the evaluation from our physical
understanding. D&A then requires careful comparison between observed changes
and outputs from climate models.

2 Optimal fingerprint method

The more classical approach for climate change D&A is usually referred to as the
optimal fingerprint method. This method has been gradually introduced at the end
of the 90’s (Hasselmann, 97, Hegerl et al., 97, Allen & Tett, 99). The latter presents
this method as a linear regression of the observed climate time-series on the expected
responses to the external forcings :

I
Y =) Bigite, (1)
i=1
where Y are the observations, 3; are unknown scaling factors, g; is the expected
response of the system to the i-th external forcing (as simulated by one or several
climate model), and e denotes the internal variability. In Eq. (1), Y is usually
a spatio-temporal vector, Y; typically consisting of the average of the temperature
over a region, and a decade. g; and ¢ have the same dimension and structure as Y.
Model (1) basically assumes that climate models have some accuracy at simu-
lating the spatio-temporal pattern of the response to each external forcing, whereas
they may fail at simulated the proper amplitude of that response. Within model
(1), detection of a change associated to the forcing ¢ corresponds to the rejection of
the null hypothesis “3; = 0”. Attribution, in addition to the detection, requires to
show that the observed response is consistent with the expected one, or equivalently,
that the null hypothesis “8; = 1”7 cannot be rejected.
Assuming that C' = Cov(e) is known, for example from climate models simula-
tions, the computation of maximum likelihood estimate (MLE) for 3 is easy:

3= (G'Cc'e)tG'CcYy, (2)

where G = [¢1, ..., g7]. Under the same assumption, the distribution of the MLE is
known, so as hypothesis testing on (3 is easy to perform.

Some refinement of the method has been introduced by Allen and Stott (2003)
and Huntingford (2006), in order to take into account the uncertainty at simulating
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the spatio temporal patterns g;. In that case, the uncertainty may come from internal
variability (within the climate model simulation), or multi-model uncertainty. The
main statistical model is then slightly changed to

I
Y:Z@(gi%—ui)—i-e, (3)
i=1

where v; represents the uncertainty on g;. Assuming, similarly to ¢, that ¥ = Cov(v)
is known, the optimal estimate of 3 may be derived by using a Total Least Square
(TLS) procedure instead of the Ordinary Least Square technique involved in the
MLE mentioned before.

Such methods have led to one of the important figures of the last IPCC report
that deals with the quantification of the contribution of several external forcing to
the observed warming (Figure 9.6, IPCC, 2007).

3 Estimation of ' and high-dimension

The method presented before assumes that C' (and X) is known, while, in a real-
life problem, it is not. Several difficulties arise from the estimation of C', that is
usually done from a control runs (i.e. climate simulations without any change in the
external forcings). We here will focus in the problem related to the high-dimension
of the typical global temperature datasets.

Current datasets are providing homogenised temperatures on a 5 “x 5 ° grid, that
results in 2592 grid-points in space. D& A study typically consider a 50-yr period in
time, decomposed in 5 decades. The dimension of Y is then close to 13000. Note
that missing values will likely decrease this number, but won’t change the typical
size of, say 10*. Consequently, C' is a 10* x 10* matrix, that has to be estimated
from available control runs, that are typically covering 10* years (when considering
together control runs from various models). Classical covariance matrix estimates
being very poor in such cases, the dimensionality needs to be reduced.

Two approaches have been mainly used in order to reduce this dimension while
focusing on the large spatial scales. First, global temperatures have been projected
onto some first spherical harmonics (e.g. Stott, 2006). Second, particularly at the
regional scale (where the dimension of the dataset is smaller but remains too high),
data have been projected onto the first principal components (e.g. Zwiers, 2003).
In both cases, projection may reduce the accuracy of the [ estimates (there are
no results of optimality), and requires to choose the reduced dimension (i.e. the
number of spherical harmonics or principal components), what may be sensitive.

One possible alternative consists in using a regularised estimate of the covariance
matrix C, that is a linear combination of the empirical covariance matrix estimate
C' and the identity (Ribes et al., 2009) :

C =~C +pl. (4)
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Such an estimate has been shown to be more accurate than C' in high-dimension
(Ledoit and Wolf, 2004). To plug (4) into (2) also leads to an improved estimate of
[ in the context of high dimension data.

This approach may help the estimation of 3, but no result of optimality has been
proved. As a consequence, the problem of efficiently estimating 3 in the context of
high dimension dataset is still open. One potentially attractive way may be to use
the spatio-temporal structure of Y in order to improve the estimation of C'.

4 Concluding remarks

D&A deal with one key-question regarding climate change, that is the quantification
of the human contribution to the current warming. While initially based on a simple
linear model, D&A involve some recent statistical tools and also provide some chal-
lenging questions, in particular related to the high dimension of the corresponding
datasets.
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Abstract: Regulatory bodies, such as the Environment Agency of England &
Wales, regularly monitor river surface water to assess quality. Maintaining and
improving quality is important for society but is also a necessary requirement to
comply with European directives. Spatiotemporal additive models for nutrients in
hydrological areas in England & Wales are presented to assess and describe spatial
and temporal trends over the past 20 to 40 years.
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1 Introduction

Previous modelling of nutrients within English & Welsh rivers has been carried out
at individual monitoring locations in order to investigate trends over time and the
effect of the contributing area at individual locations. However, for future nutrient
policy decisions, there is a need to understand how historical patterns of water
quality are described by catchment-scale influences rather than at individual sites.
Spatiotemporal additive models have been developed for Large Hydrological Areas
(LHASs) to investigate and describe nutrient trends on a catchment-wide basis.

2 Materials and Methods

2.1 The Data

There are 59 LHAs in England & Wales that contain independent river networks
and their associated catchments. Monitoring locations within each LHA are associ-
ated with Water Framework Directive (WFD) waterbodies and each LHA consists
of a number of such areal units. Orthophosphate (OP) and Total Oxidised Nitrogen
(TON), mg/1, have been monitored on approximately a monthly basis by the Envi-
ronment Agency of England & Wales over a period of 20 to 40 years at monitoring
locations within each of the LHAs.



For this paper, the OP data in the Severn LHA, see Figure 1 (top left), will be
investigated. These data span the time period 1971-2009 and have been aggregated
within waterbodies. The OP data have been transformed using natural logs, to
stabilise the variability throughout time, and measurements that were flagged as
being below the limit of detection have been treated as censored observations and
imputed (Helsel, D.R., 2005).

In order to investigate the effect of catchment covariates on nutrient levels, mon-
itoring locations were selected which have no monitoring locations in further up-
stream waterbodies. This enables information from all local land area draining to
the waterbody (contributing land) to be incorporated in the covariate value for an
individual waterbody ensuring that contributed areas do not overlap and that there
is little spatial correlation between measurements for a particular covariate.

The possible catchment covariates of interest are long-term (1961-1990) aver-
age base flow index (BFI) and discharge, total annual population, monthly total
rainfall, fertiliser yearly application rates, land cover variables, livestock variables,
crops, Agricultural Land Classification (ALC), slope of the land and soil type. All
covariates have been aggregated within the 173 waterbodies of interest. Many of
the continuous covariates have been log transformed to make their distributions
more symmetric. Categorical variables were used for: slope (gentle to very steep),
ALC (high quality agricultural to low quality grazing and non-agricultural land)
and soil type (light to heavy), and for land cover, land use and population the
hectares/counts have been standardised by the size of the contributing area.

2.2 Statistical Modelling

Model (1) was fitted to describe the relationships between the response of log,(OP)
and all possible covariates: spatial and temporal trend and seasonality and the
catchment covariates. A model which excludes the first three smooth terms of Model
(1) was also fitted to investigate the relationships, and the percentage of variability
explained, using only the catchment covariates, Model (2).

y = «a+ s(Easting, Northing) + s(Year.month) + s(month) + s(discharge) + s(BFI)
+s(land use) + s(land cover) + BaLc; + Vsiope,, + Isoil, + S(rainfall)
+s(population) + s(fertiliser) + € (1)

where y is log.(OP), s() is a smooth function, Year.month is decimal year and the
errors (€) are assumed to be N(0,02) and independent. For land use and land
cover a series of different covariates are included individually such as potatoes, field
vegetables, cows, etc. and the levels of the categorical variables are j = 2,...,6,
k=2 ...,4 and | = 2,...,8. The degree of smoothing has been constrained to
allow a maximum of 6 degrees of freedom for each univariate component to aid
interpretation.



Functions from the sm library, see Bowman & Azzalini (1997) for details, and the
gam function in the mgev library, see Wood (2006) for full details, of R were used to
fit these models. For the models that incorporate many covariates there is unlikely
to be much spatiotemporal correlation remaining in the residuals and hence the
assumption of independence appears appropriate. However, Moran’s I Test in the
spdep package of R and temporal variograms were used to check this assumption.
If necessary, the methods of analysis can be modified to incorporate spatiotemporal
correlation.

Severn
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Figure 1: Map of Large Hydrological Areas in England & Wales with the Severn
area highlighted (top left). For the Severn area: spatial trend (top right), temporal
trend (bottom left), seasonal pattern (bottom right). The dashed lines indicate +
2 standard errors.

3 Results

Figure 1 (top right and bottom panels) displays the spatial pattern, temporal trend
and seasonality, respectively, for the Severn LHA. It highlights that the largest
change for this area is spatial, followed by a smaller change over time and a small
seasonal signal. Model (1) explains 70% of the variation in log.(OP), see Table 1,



with 66% of the variability explained using only the catchment covariates, Model
(2). Therefore, the catchment covariates are usefully explaining the trends and
seasonality in the area. Applying Moran’s I and temporal variograms to the residuals
from Model (1) suggests that there is very little evidence of spatial or temporal
correlation remaining after incorporating all covariates.

In general, covariates are statistically significant as a result of the large amount
of data. Many of the variables individually only explain a small proportion of the
variability and hence it is difficult to reduce the number of covariates in the model.
However, there are various possible combinations of a smaller subset of covariates
that explain a reasonable amount of the variability. For example, reducing the
number of catchment covariates from 23 to 8: ALC, soil, discharge, cattle, pigs,
poultry, “other animals” and cumulative rainfall, still explains 46% of the variability.
For this set of variables, relationships with discharge and rainfall appear to be curved
with a decreasing relationship evident at higher values indicating a dilution effect.
Relationships with the animal covariates are generally positive, especially for larger
counts, indicating increases in measured OP with increasing animal waste. Higher
grade agricultural land appears to contribute more to OP levels than lower quality
grazing land with medium/heavy soils contributing more than chalk or light soils.

Model | Adjusted R? | Number of covariates
1 70.1% 26
2 65.7% 23

Table 1: Adjusted R? values for the Severn LHA

4 Concluding Remarks

Trends and seasonality have been explored in all LHAs in England & Wales for
OP, TON and Total Nitrogen with covariate information incorporated for a subset
of these LHAs and a space-time interaction incorporated using p-splines for one
example area. Future work will include exploring alternative approaches to dealing
with large data dimensions and the hierarchical nature of the data.
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Abstract: Defining ‘reference conditions' (sensu Water Faork Directive) in
Mediterranean lagoons is a challenging issue stheeMediterranean societies have
used lagoons for centuries, lagoons are naturailycleed ecosystems, physically
stressed and characterised by strong and unstablmal gradients and lagoons show
an high taxonomic redundancy and a low taxonommalarity. Here, accounting for
these peculiarities, we have compaeegriori anda posterioriapproaches to identify
the main sources of uncertainty in the ecologidatus of Mediterranean lagoons.
Mixed model analysis showed that th@osterioriapproach emphasises metric-specific
ecosystem types and reduces the uncertainty ddblegical status classification when
compared with tha priori approach based on fixed ecosystem Typology.

Keywords:. macroinvertebrate, lagoon, reference conditiotygology, ecological
status, mixed models, uncertainty.

1. Introduction

The Water Framework Directive (hereafter WFD) regsii EU Member States to
classify the ecological status of every water bowdiurope larger than some minimum
threshold defined in the Directive (WFD, 2000). Bgical status is an ecosystem
property, which is a measure of ecosystem funatprand is assumed to be high in
aquatic ecosystems totally or nearly totally undis¢d by human activities. Therefore,
ecological status of ecosystems is conceptuallgpeddent of the natural variability of
its structural components, which can be very largeditions on spatial and temporal
scales both among and within aquatic ecosystemse&icological status of ecosystems
is commonly assessed from the characteristics @if tsiotic components, the natural
variability of plant and animal guild attributesgpending on the abiotic context (i.e.,

! WISER (Water bodies in Europe: Integrative 530 &yst to assess Ecological status
and Recovery) funded by the European Union ‘under Tth 531 Framework
Programme, eme 6 (Environment including Climateai@e) 532 (contract No.
226273), www.wiser.eu.



the niche of the environment, Emlen, 1973; Zob887), represents a major source of
uncertainty in the process of ecological statussssent.

The WFD addresses the uncertainty derived from rabktwariability with the
classification of ecosystems into ‘types’, definadcording to the main drivers of
variation of the biotic components using a discrstale. For example, Typology of
lagoon ecosystems in the Mediterranean ecoregia praposed to be based on a
hierarchical organization of three drivers, tidahge, lagoon surface area and water
salinity, producing globally 20 types (2 classesidél range x 2 classes of surface area
x 5 classes of water salinity; Basset et al., 2Q@@ena-Moya et al., 2009). Recently,
the degree of confinement was also proposed asjar mhiaver of biotic component
variation in Mediterranean lagoons. A classificatiof ecosystems into types, if the
proper drivers are selected, actually reduces #tara variability within every type,
but being generally based on the assumption ofatimesponses along the driver
gradients it can incorporate both redundancy betvigpes and uncertainty within a
few types. Recently, the application of a mixed elodpproach was found very
effective in optimizing the definition of ‘ecosystetypes’ and assessment of ecological
status in Mediterranean lagoons (Barbone et all1R(ut thisa posterioriapproach
may be biased by the data source used and lessagtran thea priori approach.

Here, we have compared thepriori and thea posterioriapproach using a data-set on
benthic macroinvertebrate guilds of Mediterranead Black Sea lagoons and the
priori typological classification of Mediterranean andaéd Sea lagoons available in
the literature or on official documents of the Cortt@e in charge of implementing the
methodological procedures of aquatic ecosystensassnt in Europe according to the
WEFD.

2. Materials and M ethods

Data analysis was performed of biotic and abiottadavailable at the Transitional
Water Platform Www.circlemednet.unisalentd).it Data were originally collected on
fourteen Mediterranean and Black Sea lagoon eaasgstin the framework of the
European project TWReferenceNet. The studied etasgsor ecosystem areas were
selected because of their high degree of naturalibhen compared with the average
conditions in the EcoRegional area; all studiedsgstem areas were exposed to low
anthropogenic pressures (Table 1) and utilisecbtenpal reference conditions in order
to explore the influence of spatial and temporailrees of natural variability. The data
used for this study are based on a nested sampithchabitat types (2/3), sites (2) and
replicates (5) nested within lagoons (14) and tif2¢sAbiotic data include measures of
pressures, ecosystem physiography and hydrologlgeacosystem level, and measures
of chemical-physical water parameters, at the lefelampling sites/times. Biotic data
refer to the macroinvertebrate guilds of the stddagoons/lagoon areas and include
measurements of species composition, numericaldamoe and individual traits at the
replicate level; data were then aggregated foatiadysis at the site level. As individual
trait, individual body size was quantified on ahspled individuals as body length and
ash free body mass; body mass was not determinddsgnthan 5% for technical
problems.

Simple metrics and multi-metric indices were coneplufrom the original data; the
former includes measures of species compositionreheess, numerical abundance,




diversity, average individual mass and size spemtraponents, the latter include four
main multi-metric indices, namely BAT (Benthic Assement Tool), BITS (Benthic
Index based on Taxonomic Sufficiency), ISS (Index Size Spectra), M-AMBI
(multivariate AMBI).

The amount of variation of both simple and multitriceindices explained by standard
lagoon typologies, based on water salinity, lagsumface area, tidal range and
confinement, or by a posteriori assessed typologi§h wthe use of mixed model
approaches have been quantified and compared. ftertainty of ecological status
assessments at the level of sampling sites, orotesydollowing the two different
approaches and the different indices was also agelde

Table 1. Pressure evaluation on the list of thesitebnal water ecosystems considered: A = orghuaid;
B = nutrient load; C = hazard substance$=[fishing; E = alien species; F = navigation; Gysgical
modification; H= average pressur@ net pressure The intensity of every pressure typs evaluated
using a scale of value ranging from 0 (absent) (é=high).

Transitional waters Pressures

C D* E F G H I*
Agiasma 2 2 1 3 - - 2 20 17
Logarou 1 2 1 4 - - 3 22 17
Alimini 1 1 - 3 1 - 1 14 10
Grado Maranb 2 2 3 - 2 3 2 23 23
Grado Valle Cavanatal 1 - 1 1 10 10
Grado Vallida Pesta 1 1 4 4 2 24 20
Le Cesine - 1 - - - - 2 15 15
Margherita di Savofa 2 2 - 1 - - 4 22 26
Torre Guaceto - 1 1 - - - 110 10
Karavasta 1 1 - 4 1 1 318 14
Nartd 2 2 3 4 27 26
Patok - - - 2 1 - 1 13 10
Lehaova 1 1 1 1 110 10
Sinoe 1 1 - 3 3 20 16

 Fishing pressures are not considered so effeotieenthic
macro-invertebrates. Net Pressures exclude fistingssures at
less perturbed sites can be estimated 0.33 of iéespres.

3. Results

The main results achieved from with the data amabe listed below:
1. Simple metrics are sensitive to internal lagoorcipatess while multi-metric
indices are not;
2. All multi-metric indices showed a significant vdriity among lagoon
ecosystems;
3. Considering only the multi-metric indices, BITS ha® higher intrinsic
variability than the other three metrics;



4. Water salinity is the typological categcaccounting for most variability of -
AMBI, BAT and ISS, while confinement was an impattesource of BITS
variability;

5. The a posteriori mixed model analysis showed clear mespecific, type
specific reference conditior

6. Accounting for these referenconditions, the accuracy of both-AMBI and
ISS in the classification of ecological status loé studied lagool was highly
improved (Figure 1

7. A priori, categorical, lagoon classification alsgpkined part of the mu-
metric variation, improving thecological status classification of the stuc
lagoons.
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Figure 1: Ecological quality classification of the study si@mong type specif
categorie (da Barbone et al., 2011).

4. Concluding remarks

The comparative analysis of the performance priori and a posteriori approaches
the definition of a typological classification ofj@atic ecosystem ha major applied
implication in theoptimizatior of the regional and national monitoring progre.
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Abstract: One of the main challenges for Numerical Weather Prediction is the
Quantitative Precipitation Forecasting (QPF). The accurate forecast of high-impact
weather still remains difficult beyond day 2 and many limited-area ensemble predic-
tion systems have been recently developed so as to provide more reliable forecasts
than achievable with a single deterministic forecast. As a consequence the cali-
bration of ensemble precipitation forecasts has become a very demanding task, for
improving the QPF, especially as an input to hydrological models. Different cali-
bration techniques are compared: cumulative distribution function, linear regression
and analogues method.

Keywords: Ensemble Prediction Systems, Quantitative Precipitation Forecasts,
Calibration techniques.

1 Introduction

The first approach to the probabilistic predictions in meteorology occurred in the
early seventies, the emphasis being on the study of stochastic-dynamics equations.
Recently, other approaches have been developed, one of these is based on the descrip-
tion of the temporal evolution in the phase space of the probabilistic distribution
function (PDF) of the model state vector by the Liouville equation (LE), or the
Fokker-Plank equation (FPE), if model errors are taken into account through spe-
cific random forcing terms in the governing model equations (Ehrendorfer, 1994).

Actually, an approach based on LE and FPE is considered impractical in the
context of forecasting forecast skill, because the high dimensionality of the state
vector of realistic meteorological models and of the associated phase space (Ehren-
dorfer, 1994) and a finite ensemble of numerical predictions appears to be the only
feasible way to predict the evolution of the atmospheric PDF beyond the range in
which error growth can be prescribed by linearized dynamics. Two requirements
arise: statistics of this finite ensemble should sample correctly the PDF of analysis
errors and model trajectories in the phase space should be good approximations of
the corresponding trajectories of the atmosphere (Molteni et al., 1996).

The idea of probabilistic weather predictions is widely accepted now: since 1992,
both the National Center for Environmental Prediction (NCEP) and the Euro-
pean Center for Medium-Range Weather Forecast (ECMWF') have been providing
weather ensemble predictions (Tracton and Kalnay, 1993 and Palmer et al., 1993).



Specifically, the ECWMF Ensemble Prediction System (EPS) has been tuned for
predictions ranging from day 2 to day 15, and is based on a configuration with 50
perturbed and 1 unperturbed (i.e. starting from the ECMWF analysis, say control)
members. Perturbed analyses are obtained by adding and subtracting to the oper-
ational analysis 25 orthogonal perturbations (representing the observation errors),
obtained using a combination of singular vectors, computed to optimize total energy
growth over a 48 hours time interval (Molteni et al., 1996). Model uncertainties are
simulated by adding stochastic perturbations to the tendencies due to parameterized
physical processes (Buizza et al., 1999).

2 The COSMO-LEPS Ensemble Prediction Sys-
tem

One of the main challenges for numerical weather prediction (NWP) is still rec-
ognized as quantitative precipitation forecasting. Computer power resources have
greatly increased in the last years, thus allowing the generation of more and more
sophisticated NWP models with accurate parametrization of physical processes sup-
ported by high horizontal and vertical resolution. Nevertheless, the accurate forecast
of high-impact weather still remains difficult beyond day 2 and sometimes, also for
shorter ranges (Tibaldi et al., 2006).

Many limited-area ensemble prediction systems have been recently developed,
either in research or in operational mode, so as to address the need of detailing
high-impact weather forecasts at higher and higher resolution and to provide more
reliable forecasts than achievable with a single deterministic forecast. The method-
ology aims at combining the advantages of the probabilistic approach by global en-
semble systems with the high-resolution details gained in the mesoscale integrations
(Montani et al., 2011).

As far as operational implementations are concerned, the COnsortium for Small-
Scale MOdelling Limited-area Ensemble Prediction System (COSMO-LEPS) is based
on 16 integrations of the non-hydrostatic mesoscale model COSMO (Montani et al.,
2011). In the construction of COSMO-LEPS, an algorithm selects a number of
members from the ECMWEF ensemble system (Marsigli et al., 2001; Molteni et al.,
2001), which are used to provide both initial and boundary conditions to the inte-
grations with the COSMO model.

3 Calibration of the Quantitative Precipitation
Forecast

The calibration of precipitation forecast at high resolution is a challenging and quite
new scientific issue (Hamill et al. 2008).



Fundel et al. (2009) experienced with reforecast of COSMO-LEPS (30 years) the
calibration of the COSMO-LEPS precipitation over Switzerland. They carried out
some sensitivity studies in order to determine the impact of the length of the refore-
cast period. Diomede et al. (2010), focusing the calibration work on the statistical
adjustment of 24-h Quantitative Precipitation Forecasts provided by COSMO-LEPS
over the Emilia-Romagna region (Northern Italy), have been used the reforecasts
run by MeteoSwiss for comparing three calibration techniques: cumulative distribu-
tion function, linear regression and analogues method, based on the similarity of the
forecasted precipitation fields. Two different implementations of these techniques
with respect to the method used for spatial aggregation of the model grid points
have been tested: calibrating functions defined either for each model grid point or
for eight areas partitioning the Emilia-Romagna region. The calibration process
provided a slight improvement for the reliability and skill of the COSMO-LEPS
QPFs, except for the autumn season. Generally, the raw and calibrated forecasts
were overconfident. Forecasts of lower precipitation events were more skilful than
forecasts of higher precipitation events. The calibration functions defined for each
model grid point showed higher performance. The lack of improvement related to
the CDF and LR-based methods can be ascribed to the lack of a strong relationship
between forecast and observed data. Results suggested that weather-regime specific
correction functions should be required for improving the COSMO-LEPS QPFs.

4 Concluding remarks

It is expected the calibration of QPF could improve the skill of COSMO-LEPS
forecasts, making the system more reliable and the calibrated QPF introduced as an
input to hydrological models. In the future, an increase of the horizontal resolution
of COSMO-LEPS will be tested. The higher resolution will likely provide more
detailed forecasts for the interaction of the flow with orography and will describe
with a higher degree of accuracy mesoscale-related processes and local effects. This
would have a positive impact on the prediction of a number of those surface fields still
nowadays strongly influenced by local effects and not always properly represented
in terms of their uncertainty by mesoscale ensemble systems.
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Abstract: The past fifteen years have witnessed a radical change in the practice
of weather forecasting, in that ensemble prediction systems have been implemented
operationally. An ensemble forecast comprises multiple runs of numerical weather
prediction models, which differ in initial and lateral boundary conditions, and/or
the parameterized representation of physical processes. However, ensemble fore-
casts are subject to biases and dispersion errors, and thus statistical postprocessing
is required, with Bayesian model averaging and ensemble model output statistics
being state of the art approaches. Future work is called for to ensure that the
postprocessed forecast fields show physically realistic and coherent joint dependence
structures across meteorological variables, geographic space and look-ahead times.

Keywords: Bayesian model averaging; ensemble model output statistics; nu-
merical weather prediction; statistical postprocessing

1 Introduction

A major human desire is to make forecasts for an uncertain future. Consequently,
forecasts ought to be probabilistic in nature, taking the form of probability distri-
butions over future quantities or events (Dawid 1984; Gneiting 2008). That said,
weather forecasting has traditionally been viewed as a deterministic exercise, draw-
ing on highly sophisticated numerical models of the atmosphere. The advent of
ensemble prediction systems in the 1990s marks a radical change (Palmer 2002;
Gueiting and Raftery 2005). An ensemble forecast comprises multiple runs of nu-
merical weather prediction models, which differ in initial conditions, lateral bound-
ary conditions, and/or the parameterized representation of the atmosphere being
used. An example from the University of Washington Mesoscale Ensemble (Grimit
and Mass 2002) over Western North America and the Northeast Pacific Ocean is
shown in Figure 1.

2 Statistical postprocessing of ensemble weather
forecasts

Realizing the full potential of an ensemble forecast requires statistical postprocessing
of the model output, to address model biases and dispersion errors.
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Figure 1: 36-hour ahead ensemble forecast valid October 30, 2000 over Western
North America and the Northeast Pacific Ocean, with color representing precipita-
tion amounts. Three members of the University of Washington Mesoscale Ensemble
(Grimit and Mass 2002) are shown.

Popular approaches for doing this include the Bayesian model averaging (BMA)
method developed by Raftery et al. (2005) and the ensemble model output statis-
tics (EMOS), or heterogeneous regression, technique introduced by Gnueiting et
al. (2005). The BMA approach employs a mixture distribution, where each mix-
ture component is a parametric probability density associated with an individual
ensemble member, with the mixture weight reflecting the member’s relative contri-
butions to predictive skill over a training period. In contrast, the EMOS predictive
distribution is a single parametric distribution.

To fix the idea, consider an ensemble of NWP forecasts, fi,..., fi, for temper-
ature, x, at a given time and location. Let ¢(z;u,0?) denote the normal density
with mean p € R and variance 02 > 0 evaluated at € R. The BMA approach of
Raftery et al. (2005) employs Gaussian components with a linearly bias-corrected
mean. The BMA predictive density for temperature then becomes

k
pla| fi,..., fx) = Zwiﬁf)(ﬂﬁ;ai—i‘bi i 02)7
i=1

with BMA weights, wq, ..., wy, that are nonnegative and sum to 1, bias parameters
ai,...,a; and by, ..., b, and a common variance parameter, o2, all of which being
estimated from training data over a rolling training period that consists of the recent
past. The EMOS approach of Gneiting et al. (2005) employs a single Gaussian
predictive density, in that

p(@| fis. oo fo) = d(@ya+bifi + -+ b fr, ¢+ ds?),

with regression parameters a and by, ..., b, and spread parameters ¢ and d, where
s? is the variance of the ensemble values. The EMOS technique thus is more parsi-
monious, and the BMA method is more flexible.



While the original methodological development of Raftery et al. (2005) and
Gneiting et al. (2005) was addressed at temperature and surface pressure, more
recent work aims at the statistical postprocessing of ensemble forecasts for quan-
titative precipitation (Sloughter et al. 2007), wind speed (Sloughter et al. 2010;
Thorarinsdottir and Gneiting 2010) and wind direction (Bao et al. 2010). For a
fully Bayesian alternative to the BMA approach of Raftery et al. (2005), see Di
Narzio and Cocchi (2010).

3 Challenges for future work

Even though Bayesian model averaging and ensemble model output statistics are
state of the art methods, they treat distinct weather variables at distinct geographic
locations and distinct look-ahead times independently of each other. This conflicts
with key applications such as air traffic control, flood management or winter road
maintenance, where it is critically important that the postprocessed forecast fields
show physically realistic and coherent joint dependence structures across meteoro-
logical variables, geographic space and look-ahead times.

Perhaps the most advanced technique in these directions is the Spatial BMA
approach of Berrocal, Raftery and Gneiting (2007), who merged the traditional
BMA approach of Raftery et al. (2005) with the geostatistical output perturbation
(GOP) technique of Gel, Raftery and Gneiting (2004) to obtain probabilistic tem-
perature field forecasts that honor the spatial structure of observations. Similarly,
the Bernoulli-Gamma BMA approach of Sloughter et al. (2007) could be merged
with the two-stage spatial method of Berrocal, Raftery and Gneiting (2008), which
uses Gaussian copulas, to yield spatially and/or temporally coherent postprocessed
forecast fields for quantitative precipitation. Variants of the Schaake shuffle (Clark
et al. 2004) provide nonparametric alternatives. Work along these lines is a critical
research need in the statistical postprocessing of ensemble weather forecasts, and
there is ample scope for continued methodological development, using nonparametric
tools, methods of spatial and spatio-temporal statistics, and/or copula techniques.
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Abstract: We consider the problem of spatial interpolation and outline the the-
ory behind kriging and more specifically intrinsic random function kriging. We also
mention thin-plate spline theory and show its link with kriging in order to overcome
problems in which the available data are not sufficient to estimate the spatial co-
variance structure of the process. A generalization of the theory to include kriging
with directional derivatives is also considered.

Keywords: Kriging, Spatial processes; Thin-plate splines, Derivative process.

1 Introduction

In this paper we are interested in predicting or interpolating values of a spatial
process X. Many models for spatial and spatio-temporal data use Gaussian Random
Fields (GRFs), and the geostatistical approach of specifying the covariance function,
and hence determining the variance matrix 3. In this paper, the approach is to
assume that a specified covariance function is of interest and that interpolation of
the process is required. However, we consider the case in which there is only a
little prior knowledge of the field so that an estimation of the covariance structure is
difficult or unfeasible. In this framework, we exploit the one-to-one-correspondence
between Reproducing Kernel Hilbert Spaces (RKHSs) and positive semi-definite
(p.s.d) functions and show that thin-plate splines, considered as a special case of
RKHSs, provides a useful solution of the interpolation problem.

2 Materials and Methods

2.1 Kriging

In this section we provide a brief introduction of the kriging predictor for both
stationary and intrinsic random fields. For convenience, for known results we mainly
refer here to Cressie (1993) and Mardia et al. (1996).

Suppose that a spatial process, {X(t),t € R?}, is observed at sites ti,to,...,t,
with t; = (#;[1],...,%[d])T. An important problem in spatial analysis is to predict
X (tg) at some new site to € R%. The problem reduces to find a predictor of the
form



X(to) = ATx (1)
where x = [z(t1), z(t2), ..., z(t,)]" and X is a (n,1) coefficient vector chosen to

minimise the prediction variance, F {[X (to) — X (to)]2 }, subject to the unbiasedness

A

constraint, F [X (to) — X (to)} = 0. To provide a solution at this problem, suppose

the random field has some polynomial drift of order r. Also let G, be the space of

. . S d )
these polynomial terms, whose dimension is given by M = ; " > . Denote with
U = {uim}; wim =t i=1,2,...,n,|m| <r, the (n, M) drift (design) matrix and
with ug the vector of drift terms at to, with elements t{', [m| < r. Assume also that
3 = {oy;} is a non-singular covariance matrix with entries obtained by defining a
”potential” function, o(|h|) = o(|t; — t;|), 4,7 = 1,...,n. Finally, let 6% = o(0)
and o a covariance vector with elements o(|tg — t;|), ¢ = 1,...,n. Following this
notation, it can be shown that A is given by

A= Au, + Boyg (2)

where A and B are (n, M) and (n,n) matrices respectively, whose form depends
on the underlying assumptions about the random process, and in particular on the
properties of the covariance matrix X. Also, note that for the case when X (t) is an
intrinsic random field, we have the additional constraint that the coefficients of the
prediction error, [>°, \iz(t;) — X (to)], are generalised increments of order r. This
constraint can be written in the form UTX = uy, which is the only constraint we
need in the kriging problem (Cressie, 1993).

In the stationary random field case, it is known that X is positive definite. In the
case of an intrinsic random field, the assumption that X is positive definite is no
longer valid. Hence we must find an alternative form for the kriging predictor which
only requires X to be conditionally positive definite. It can be shown that X still
takes the form of equation (2), but A and B must be represented in a way which
does not require X to be positive definite. Provided ¥ is non-singular, one method
for determining A and B is to define the matrices (Mardia et al., 1996)

2 U B Kll K12
K—[UT 0] and KI—{Km K22}
such that
A=K"? and B=K".

Then, by setting a = ATx and b = B”x, we may write



X(to) = aTll() + bTG'O

M n
= ZCL]‘U]'O + ijO'(iS(),ti). (3)
7=1 i=1

One possible common choice for o(+) is any valid covariance function for a stationary
stochastic process in space, for which any null space of functions G, will suffice.
However, in all cases in which the number of spatial sites is small and the estimation
of the covariance structure appears difficult, the following class of functions is useful:

(h) |h|?*log |h|, for a an integer
Oq = .
|h|?e, for o not an integer

where « is a smoothness parameter which can be specified ahead of time. Note
that this class of functions represents the covariance functions for intrinsic random
functions of order k = [a], with [a] the integer part of «. Also, these functions are
self-similar and so o,(h) and o,(ch) yield the same predictions.

2.2 Kriging with derivative information

There are some cases of interest in which the information about objects (e.g. plants
and weeds in crop images) comes from the boundary, which is a continuous curve.
In this framework, the kriging predictor can be used in order to modelling the
continuous outline of the object. A key aspect to our particular problem is thus the
introduction of some extra information, such as derivatives, in order to get a better
performance of the modelling procedure.

Suppose that all the known values and derivatives of a specific spatial pattern are
collected into a vector y. Let k be a vector of corresponding indices to show the
order of the derivative; for example, assuming d = 1, k; = 0 if y; is a data value,
k; = 1 if y; is a first derivative. For each site t; there may be several choices of x;
if the value of the function and of some of its derivatives are all known at that site.
The problem is, as before, to find a coefficient vector A such that X (tg) = Ay is
the best unbiased linear estimator of X (to).

Let r; = (k[1], ..., Ki[d]) be a d—dimensional multi-index of non-negative integers
with |k;| = ki[1]+. ..+ k;[d]. If we have derivative information of order p = |x;|, then
« must satisfies the inequality a > p. In the following we also take the smallest drift
allowable, that is r = [a]. In order to define the d—dimensional kriging predictor for
derivatives of order up to and including p and with polynomial drift of order r, the
covariance matrix, X, consists of entries which have the form

Uij = (—1)|nj‘0'g{i+nj)(ti — tj)7 1 S Z,j S n



where o denotes the partial derivative of 0q(h) of order k;. The drift matrix U
instead consists of elements
=il

T
3

(t"), 1<i<n, |m|<r.

)

3 Applications

In the following we provide a list of applications in which the kriging framework, as
outlined in sections 2.1 and 2.2, plays an important role.

Spatial and spatio-temporal data occur widely. There is often interest in predicting
or interpolating values. Some data sets may have missing values at some sites, or at
some times. These missing values may be separated or clumped. Separated missing
values may, for example, occur because of random instrument malfunctions. An
example of clumped missing values occurs with passive satellite images when there
is cloud cover.

A different application when prediction or interpolation is required is checking ob-
servations which may appear to be aberrant or influential. Typical influence and
outlier statistics are based on estimating the values using all other values.

A wide range of methods used for constructing optimal spatial sampling designs are
also based on sampling schemes with minimal prediction variance. However, a basic
problem of this approach is that before the actual sampling takes place there is only
a little prior knowledge of the field. To overcome this problem, we may set a = 1
and chose o(h) = |h|*log |h|, which is conditionally positive definite whenever the
null space contains the linear trend, i.e. G, = span (1,t[1],¢[2]),t € R% In this
case, it turns out that the kriging function (1) is an interpolating thin-plate spline.
Finally, we note that the appearance of agricultural products can be evaluated by
considering their size, shape, form and the absence of visual defects. Among these
features the shape, also measured through the outline of the object, plays a crucial
role. Description of agricultural product shape is often necessary in research fields
for a range of different purposes, including the investigation of shape for cultivar
descriptions, plant variety or cultivar patents and evaluation of consumer decision
performance.
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Abstract: Detailed information on soil to manage pollutedagricultural sites is often
prohibitively expensive to obtain. To sample adeéelya the approximate scale of
spatial variation needs to be known. If soil data available, variograms can be
computed and used to determine the kriging errorsséveral grid intervals and an
interval selected to meet a specific tolerablereirothe absence of prior knowledge, if
soil properties appear related to ancillary dathsas aerial photographs, elevation or
apparent electrical conductivity (B)C individual or multivariate variograms of such
data may indicate the scale of variation in thé $ioihe scale of variation indicates too
few data to compute a reliable variogram conveiatignit can be estimated by residual
maximum likelihood or a standardized variogram francillary data can be used.

Keywords:. variogram, residual maximum likelihood (REML)astlardized variogram
1. Introduction

Solil properties can vary at markedly different ggatcales within sites of interest, such
as fields. The variation comprises that over skiistances of a few metres and over
longer distances of tens or hundreds of metresnfest environmental and agricultural
management, it is variation over tens or hundrefdmetres that managers want to
resolve and we can regard the short-range varia@grmoise’ or a sampling effect.
Many soil attributes have to be determined from @astaken in the field, therefore
there is a need to predict accurately at placesemMiere are no data. Kriging provides
a sound basis for prediction leading to accuraggtadi mapping for managing soil
attributes (Oliver, 2010). The accuracy of krigatd ather interpolated predictions,
however, depends on the quality of sample inforomatd compute accurate variograms
and availability of spatially dependent data fromief to predict (Webster and Oliver,
2007). This means that sampling should be at aarvak that is well within the
correlation range of spatial variation. Therefates essential that the spatial scales of
variation in the properties of most importance &mvironmental and agricultural
management are used to guide sampling.

Sampling on a grid is often used because it prevadeeven cover of values and
minimizes the maximum estimation variance (or grfor a given grid interval and it is
efficient for sample collection in the field. If nagrams of soil properties from
previous surveys exist for an area with a simital garent material, they can be used
with the kriging equations to determine an optignad interval. If the scale of variation
is large, the sampling intervals recommended kg/riiethod will also be large and there
may be too few data from which to compute a refialdriogram by the usual method
of moments estimator. Webster and Oliver (1992wstbthat at least 100 data are
required to compute a reliable variogram in thisyvilam isotropic data. However,
Kerry and Oliver (2007) have shown that a variogestimated by residual maximum



likelihood (REML) can provide more accurate predics with fewer data than one

estimated conventionally. For some soil propertibs, variation might be evident in

remote and proximally sensed imagery. Variogrammpded from such ancillary data
can be used to determine the approximate scalgaifaé variation. A standardized

variogram based on ancillary data or existing \@ams of soil properties can also be
used to krige spatially dependent (Kerry and O|i2808). We illustrate these methods
with a case study in England.

2. Materials and M ethods

Matheron’s method of moments (MoM) estimator to pate the variogram is given by
1 M
= zZ(x;) - z(x; +h 1

() 2(h)Z{() (5 +h)}, a0
wherez(x;) andz(x;+h) are the actual values dfat places; andx;+h, andm(h) is the
number of paired comparisons at lag The parameters of the model fitted to the
experimental variogram can be used with the datapfediction at points or over
blocks. Kriged predictions are a weighted averafghe dataz(xi), z(x2), ..., zZ(Xn), at
the unknown point or bloclg,

2(B)= ) Az(x), @

wheren usually represents the data points within thellnegghbourhood and; are the
weights. To ensure that the estimate is unbiasedvitights are made to sum to one.
The estimation variance @(B) is

vaf2(8)|= E[{ 2(8)f } 22/1 70.B) -3 A v, x, )~ 7(8.8), ®

i=1 j=1
where y(x;,B) is the average semivariance b@Etvwiata poink; and the target blocR,
and y(B, B)is the average semivariance witldnthewithin block variance. The kriging

error is the square root of this.

McBratney et al. (1981) showed how the variogramh lamging equations could
be used to determine an optimal sampling intereal grediction by kriging before
obtaining new data from a surveélhe kriging weights, and also the kriging variances
or errors, depend on the configuration of the sargpboints in relation to the target
point or block and on the variogram and not depemdhe observed values at these
points. Therefore if we have a variogram functioanf a previous survey we can
determine the kriging errors for any grid size lbefsampling.

The experimental multivariate variografBourgault and Marcotte, 1991yas
computed from aerial photograph data by the stahdarmula adapted for the
multivariate case:

1 m(h)

y(h) = 2m(h) Z{Z(X) 2(x; +h)} M{z(x;) = z(x; +h)}, (4)
where zkj) and zk; + h) are the vectors of observationsxatandx; + h, T is the
transpose an®l is ap x p positive-definite symmetric matrix defining theatons
between the variables.



Pardo-Iguzquiza (1998) suggested that a reliablimgem could be computed
from a ‘few dozen’ data by maximum likelihood orsidual maximum likelihood
(REML). Kerry and Oliver (2007) examined this ideather and suggested that 50 to
60 data might suffice (this paper also providesdéil on the theory of the method).

3. Results

The model parameters of a variogram computed fimga bn ignition (LOI) data of a
field in Wallingford, Oxfordshire, England were dsto determine the kriging errors
over blocks of various sizes and for a range ol gniervals. The kriging errors are
plotted against grid spacing Fig. 1a and a suitahiepling interval would be 120 m for
a tolerable error of 0.5%.
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Figure 1. (a) Graph of kriging error against grid spacitg loss on ignition and (b)
multivariate variogram of aerial photograph dat&Vatlingford, Oxfordshire, England.

The multivariate variogram computed from the receg and blue wavebands
of an aerial photograph of bare soil at Wallingfeves fitted by a stable exponential
function with an approximate range of 205 m (Fig).1Based on less than half the
variogram range, this suggested a sampling intervabout 90 m. Figure 2a—c shows
kriged maps based on the conventional variograntls thie original data on a 30-m
grid, the suggested interval of 90 m and for 5@ssibased on a 120-m grid with
additional samples at 60 m, respectively for LOWAllingford. Figure 2d,e shows the
kriged maps of LOI based on the 90-m grid with aogram estimated by REML, and
based on a 120-m grid with 15 additional targeted@es estimated by the variogram
in Fig. 1b standardized to a sill of unity. Figure-e shows that additional samples at a
shorter interval, a variogram estimated by REMlamtandardized variogram improve
estimates from sparse data.

4. Concluding remarks

The results show the importance of knowing the escdil spatial variation, of having
data at distances shorter than half the rangeroéletion and of alternative methods of
estimating the variogram.
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data); (e) 90-m grid with variogram estimated byMREand (d) 120-m grid + 15
targeted samples with standardized variogram.
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Abstract: Often environmental scientists face the problem of clustering dif-
ferent sites, areas or stations in a monitoring network in order to identify some
common features among data collected at different locations. In a functional data
analysis approach, each location can be seen as a specific individual, on which noisy
observations from a continuous random function are collected at discrete times. The
definition of suitable models for samples of such functional observations, can provide
useful insights about the dynamics of the variables of interest. In such a context, a
cluster can be defined as a group of individuals (i.e. locations, stations, areas etc.)
where the observed trajectories share common salient features. We present some
classification results in a water quality network and focus on some open issues.

Keywords: Cluster analysis, Functional data, Water quality.

1 Introduction

Often environmental scientists face the problem of clustering different sites, areas
or stations in a monitoring network in order to identify some common features
among data collected at different locations. It is a common practice to use standard
classification methods such as k-means or hierarchical classifiers, by considering
temporal (e.g. annual) averages of one or more variables measured at each site.
This is clearly a limitation, since the whole information about the dynamics of
the observed variables is lost. Moreover, such methods do not take into account the
uncertainty that should characterise any partition based on sample information. The
combination of functional data analysis (Ramsey and Silverman, 2005; Ferraty and
Vieu, 2006) and probabilistic cluster analysis methods (Banfield and Raftery, 1993),
which allow one to estimate the probability that a given object belongs to a given
group, represents, in our opinion, an important step towards a better understanding
of environmental data.

Here, we shall provide a classification of the sites of a water quality monitoring
network located in Venice Lagoon, by using a trophic index (TRIX, Vollenweider
et al. 1998). We apply a classification method based on functional data analysis,



introduced by James and Sugar (2003), which allows to take into account sample
information about the temporal dynamics of the variable of interest, as well as
quantify the uncertainty in the partition.

2 Classification of functional data

Grossly speaking, functional data analysis methods look at time series of data col-
lected on each individual, in our case on each site, as measurements of a continuous
function taken at a finite number of instants and corrupted by noise. Any observed
trajectory can be seen as the noisy measurement of an unobservable curve, which is
the object of interest. Following the classification method proposed by James and
Sugar (2003), data are modelled as a mixture of Gaussian spline regressions, where
each mixture represents a model for a specific cluster. Spline coefficients are the
sum of a deterministic term, which represents the cluster effect on the mean of the
variable, and a stochastic component, which represents an individual (site-specific)
random effect. Parameters can be estimated via maximum likelihood. Mixture
weights can be seen as prior membership probabilities of any site. The applica-
tion of Bayes theorem, after plugging maximum likelihood estimates into the model,
leads to posterior membership probabilities for each site in the network (Banfield
and Raftery, 1993). A generic monitoring station is then allocated to the group
which encompasses it with highest posterior probability. The number of groups,
i.e. the number of mixture components, is selected by using BIC criterion.

3 Site classification in terms of water quality

The data. Venice Lagoon, with an extension of about 500 km? is one of the largest
wet areas in Europe. It is a shallow water system with average depth of one meter
crossed by a network of canals which determine a rather complex hydrodynamic
circulation. As other European estuaries and lagoons, it is classified as a transition
water body. Overall, the tributary discharge is about 30 m?/sec. Rivers bring in
freshwater, nutrients and pollutants, whereas tides bring in marine water. Internal
hydrodynamics disperse the pollutants and, eventually, dissolved compounds are
exported to the sea.

Data were collected at 30 monitoring sites which are shown on the map in figure
1. The first chacter of site labels identifies a particular category: letter B means
that the site is located in a shallow area, letter C indicates that the site is located on
a canal and letter M identifies sites located in the coastal area, next to the Lagoon.
The same figure shows (in blue) the network of canals which are very influential in
the Lagoon hydrodynamics and must be taken into account when interpreting clas-
sification results. Measurements were repeated in time at 38 subsequent instants
(in the period ranging from January 16th, 2001 to December 17th, 2003) corre-
sponding to neap tides. We considered a subset of the variables which have been



monitored, namely: chlorophyll-a (CHL-a), dissolved oxygen (DOX), total nitrate
(NIT) and reactive phosphorus (PPO4). CHL-a and DOX can be taken as proxies
for actual primary production. Even though in shallow lagoons and coastal areas,
including the lagoon of Venice, macroalgae and seagrasses usually account for the
major fraction of the production, phytoplanctonic production is extremely impor-
tant, since the planktonic compartment represents a source of food for fish juvenils
and shellfish. The concentrations of dissolved oxygen, total nitrate and reactive
phosphorus provide information about the trophic potential of a water body. In
fact, an excess of these chemicals could enhance the primary production of phyto-
plankton and macroalgae and cause the symptoms of eutrophication, as happened
in Venice Lagoon in the 1970ies an 1980ies.

TRIX. TRIX is a widely used trophic index for marine coastal waters proposed
by Vollenweider et al. (1998). It considers both factors that are direct expressions of
productivity (chlorophill-a and dissolved oxigen) and nutritional factors (nitrogen
and phosphorous). Some alternative formulations have been proposed. Here we
consider the following one:

log,(CHL-a x DOX x NIT x PPO4) + 1.5
1.2

TRIX = , TRIX € [1,10]
where DOX is the absolute deviation of oxygen from saturation and the other sym-
bols indicate the concentrations, in mg/m3, of the compounds mentioned above.
The values of TRIX range from 1 to 10: low values indicate oligotrophy (scarcity of
nutrients); high values indicate hypertrophy (exeedence of nutrients). A water body
in a good trophic state should not exceed the value 5.

4 Results

In our application we identified two groups: the first one characterised by good val-
ues of TRIX and the second one exhibiting high TRIX values for the most part of
the sample period. Figure 1 shows the raw data, the group specific mean trajectories
and individual mean trajectories. The same figure shows a map where two spatial
clusters are clearly identified. It is worth to note, however, that the posterior mem-
bership probabilities of sites B11, C06, C01, and C'05 range between 0.54 and 0.87,
indicating a rather strong uncertainty in their allocation to one of the two groups
(for the remaining sites, the allocation probability was always higher than or equal
to 0.99).

An explicit treatment of spatial dependence has not yet been developed for the
class of models we have considered here. Important advances in this direction have
been made in the Bayesian nonparametrics literature and research in this field is
under way.
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Figure 1: Plots of raw data, group specific mean trajectories, individual mean tra-
jectories and map of monitoring sites (red=“high TRIX”; blue=“low TRIX").

References

Banfield J. D. and Raftery A. E. (1993) Model-Based Gaussian and Non-Gaussian
Clustering, Biometrics, 49, 803-821.

Ferraty F. and Vieu P. (2006), Nonparametric Functional Data Analysis: Theory
and Practice, Springer, New York.

James G. M. and Sugar C. A. (2003), Clustering for Sparsely Sampled Functional
Data, Journal of the American Statistical Association, 98, 397-408.

Ramsey J. O. and Silverman B. W. (2005) Functional Data Analysis, Springer,
New York.

Vollenweider R. A. , Giovanardi F., Montanari G. and Rinaldi A. (1998) Char-
acterization of the trophic conditions of marine coastal waters with special
reference to the NW Adriatic Sea: Proposal for a trophic scale, turbidity and
generalized water quality index. Environmetrics, 9, 329-357.



Spatially correlated functional data'

Jorge Mateu
Department of Mathematics, University Jaume I, Castellon, Spain.
mateu@mat.uji.es

Abstract: Observing complete functions as a result of random experiments is
nowadays possible by the development of real-time measurement instruments and
data storage resources. Functional data analysis deals with the statistical descrip-
tion and modeling of samples of random functions. Functional versions for a wide
range of statistical tools have been recently developed. Here we are interested in the
case of functional data presenting spatial dependence, and the problem is handled
from the geostatistical and point process contexts. Functional kriging prediction
and clustering are developed. Additionally, we propose functional global and local
marked second-order characteristics.
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1 Introduction

In many fields of environmental sciences the observations consist of samples of ran-
dom functions. Since the early nineties, Functional Data Analysis (FDA) has been
used to model this type of data (Ramsay and Dalzell, 1991). From the FDA point
of view, each curve corresponds to one observation, that is, the basic unit of infor-
mation is the entire observed function rather than a string of numbers. Functional
versions for many branches of statistics have been given (Ramsay and Silverman,
2005).

The standard statistical techniques for modeling functional data are focused
on independent functions. However, in several disciplines of applied sciences there
exists an increasing interest in modeling correlated functional data: this is the case
when samples of functions are observed over a discrete set of time points (temporally
correlated functional data) or when these functions are observed in different sites of a
region (spatially correlated functional data). In these cases some statistical methods
for modeling correlated variables have been adapted to the functional context.

We can define a spatial functional process as {Xs,s eDC ]Rd} where s is a
generic data location in the d-dimensional Euclidean space, the set D C R? can be
fixed or random, and x, are functional random variables, defined as random elements
taking values in an infinite dimensional space (or functional space). Typically x,

!Research partially supported by the Spanish Ministry of Education and Science through grant
MTM2010-14961, and Bancaja grant P1-1B2008-27.



is a real function from [a,b] C R to R. The nature of the set D allows to classify
spatial functional data. Geostatistical functional data appear when D is a fixed
subset of R? with positive volume and n points sq, ..., s, in D are chosen to observe
the random functions x,,, i = 1,...,n. We say that we have a functional marked
point pattern, when a complete function is observed at each point generated by a
standard point process.

We focus here in the methodological issues opened around the geostatistical
problems of spatial prediction and classification of functional data following Delicado
et al. (2010) and Giraldo et al. (2010, 2011). In addition, and following Comas et al.
(2011) and Mateu et al. (2008), we also present some issues concerning second-order
characteristics in functional marked point patterns.

2 Materials and Methods

2.1 Geostatistical functional context

Let {x,(t),t € T, s € D C R?} be a random function defined on some compact set
T of R. Assume that we observe a sample of curves x, (t), fort € T and s; € D,i =
1,--- ,n. It is usually assumed that these curves belong to a separable Hilbert space
H of square integrable functions defined on 7. We assume for each t € T" that we
have a second-order stationary and isotropic random process, that is, the mean and
variance functions are constant and the covariance depends only on the distance
among sampling sites. Formally, we assume that:

o E(x,(t) =m(t), forallt € T,s € D.

hd COV(Xsi<t>7X5j(u>> - C(h7t7u)7 Siy S5 € D)tau € T7 h = ||SZ - Sj”a the Eu-
clidean distance. If t = u, Cov(x,, (%), x,, (t)) = C(h;?).

o Vx,,(t) = x;(w) = y(h;t,u), si,85 € Ditbu € T, b= sy — 5] Tt =,
3V, () = x, (1) = y(h; 1)

The function ~y(h;t), as a function of h, is called the variogram of x/(t).
We can use a family of point-wise linear predictors for x, (), t € T', given by

Xso(t> = Z /\z<t>st<t>7 /\1(t)7 s ’)‘n(t) T — R? (1)

For each t € T, the predictor (1) has the same expression as an ordinary kriging
predictor. This predictor is called the point-wise linear predictor for functional data.
This modeling approach is consistent with the functional linear concurrent model
(FLCM) as mentioned in Ramsay and Silverman (2005) in which the influence of
each covariate on the response is simultaneous or point-wise. In our context, the
covariates are the observed curves at n sites of a region and the functional response

2



is an unobserved function on an unsampled location. Consequently, the objective
function is

Bl () = O = [ B (1) = ., .

The predictor (1) is unbiased if E(x,,(t)) = m(t), forallt € T', thatis, if Y- | X;(t) =
1 for all ¢ € T. In this case E (X, () — X, (t))2 =V (X, (1) — x4, (1))

We then present an approach for spatial prediction based on the functional lin-
ear point-wise model adapted to the case of spatially correlated curves. First, a
smoothing process is applied to the curves by expanding the curves and the func-
tional parameters in terms of a set of basis functions. The number of basis functions
is chosen by cross-validation. Then, the spatial prediction of a curve is obtained as
a point-wise linear combination of the smoothed data. The prediction problem is
solved by estimating a linear model of coregionalization to set the spatial dependence
among the fitted coefficients. We extend an optimization criterion used in multivari-
able geostatistics to the functional context. We also extend cokriging analysis and
multivariable spatial prediction to the case where the observations at each sampling
location consist of samples of random functions, that is, we extend two classical mul-
tivariable geostatistical methods to the functional context. Our cokriging method
predicts one variable at a time as in a classical multivariable sense, but considering
as auxiliary information curves instead of vectors. We also propose an extension of
multivariable kriging to the functional context by defining a predictor of a whole
curve based on samples of curves located at a neighborhood of the prediction site.
In both cases a non-parametric approach based on basis function expansion is used
to estimate the parameters, and we prove that both proposals coincide when using
such an approach.

Finally, noting that classification problems of functional data arise naturally in
many applications, we present methods to detect groups when the functional data
are spatially correlated. Our methodology allows to find spatially homogeneous
groups of sites when the observations at each sampling location consist of samples of
random functions. In univariable and multivariable geostatistics various methods of
incorporating spatial information into the clustering analysis have been considered.
Here we extend these methods to the functional context in order to fulfill the task of
clustering spatially correlated curves. In our approach we initially use basis functions
to smooth the observed data, and then we weight the dissimilarity matrix among
curves by either the trace-variogram or the multivariable variogram calculated with
the coefficients of the basis functions.

2.2 Point pattern functional context

Despite of the relatively long history of point process theory few approaches have
been performed to analyse spatial point patterns where the features of interest are
functions (i.e. curves) instead of qualitative or quantitative variables. Examples
of point patterns with associated functional data include forest patterns where for



each tree we have a growth function, curves representing the incidence of an epi-
demic over a period of time, and the evolution of distinct economic parameters such
as unemployment and price rates all for distinct spatial locations. The study of
such configurations permits to analyse the effects of the spatial structure on indi-
vidual functions. For instance, the analysis of point patterns where the associated
curves depend on time may permit the study of space-time interdependencies of such
dynamic processes. However, note that time has not necessarily to be the depen-
dent argument. Here point patterns with associated curves will be called functional
marked point patterns.

Following Comas et al. (2011), we formulate and illustrate a new second order
characteristic to analyse functional marked point patterns, the functional mark cor-
relation function. This new statistic is a counterpart version of the mark correlation
function where instead of a test function relating a quantitative mark we consider
a test function involving two whole functions. This permits to analyse the spatial
dependence in the functional marks. An additional mark configuration is considered
by defining local characteristics in terms of LISA functions (Mateu et al., 2008), and
we exploit these functions to obtain functional information of the point pattern.
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Roberto Giug Angela Morabitd, Annalisa Tanzarelfa
! ARPA Puglia, r.giua@arpa.puglia.it

Abstract: Outdoor fires, including wildfires, prescribed rbs, slash burns, and
agricultural field burning can emit significant aumas of particulate matter and gaseous
pollutants into the atmosphere, which can haversegect on local and regional air
quality. The aim of this study was to evaluate tmpact on air quality of a waste
storage fire, using a dispersion modeling systeneldped by Arianét The system
includes a micrometeorological processor to repredthe meteorology and the
atmospheric turbulence and a lagrangian dispersiotiel to simulate the dispersion of
inert pollutants on the local scale. A crucial ssuas the accuracy in characterizing the
emission source. Model results were compared widasured concentrations at air
quality monitoring stations.

Keywords: fires, air quality, modeling system

1. Introduction

Modelling is extensively used in air quality forstawith the aim of providing next day
and near real time information to the public andtfee implementation of short term
action plans; it represents a useful operative esdpm accidental events such as
wildfires, slash burns and agricultural field bungi supplying a fast view of impacts
over the territory. Pollutant concentrations atugra level can be directly influenced by
these events, going to affect local air qualityn@a Q., 2009) .

The fire event analysed in this study broke outraue area near Brindisi, shown in
Figure 1, in the south-eastern part of Apulia ragiapped to the east by the Adriatic
sea. It started on July"@&t 14:30 pm and burned out until July™&x 6:00 am. This
period was characterized by high pressure and estabhditions, with a complete
rotation of winds from northern quadrant, due tedzie circulation, during the first day.
The fire developed in a waste storage, on an &rd@@) nf which contained mainly
undefined plastic material for a total amount obatb2000 ton. The emission was
considered as a point source of particulate méeter10), uniformly emitting during the
whole period of 16 hours. Hourly meteorologicaladatere provided by three stations
(M1, M2 and M4 in Figure 1), while sounding metdogical data were provided every
12 hours by the Air Force by a station a few kilteng from Brindisi (station M3). The
meteorological parameters measured by these stati@nindicated in the table at the
side of Figure 1.

In the area of study, PM10 is measured continuowgly different sampling times, at 4
air quality monitoring sites, handled by RegionalvifEonmental Protection Agency
(ARPA). The position of each station is shown igufe 1.



Stations M easured variables
M1 — Torchiarolo (ground wv (m/s), wd (deg), T
level station, ARPA) (),

M2 — Enel (at 10m and 50m) wv (m/s), wd (deg), T
Q)

§585¢8%

M3 - Brindisi (radiosonde, up

to 2000m)

wv (m/s), w(’j (deg), T
().

M4 - S.M. Cerrate ( ground
level station, ARPA)

wv (m/s), wd (deg), T
().

AQ1 - via Taranto (BR)

CO, C6H6, PM10 (daily),
NO2, 03, SO2

AQ2 — via dei Mille (BR)

PM10, NO2, SO2

CO, C6H6, PM10, NOZ2,

AQ3- Sisri (BR)

AQ4 - Mesagne PM10 (daily), NO2, SO2

Figure 1: Domain (left); study area (right) where triangledicate meteorological
stations (M1, M2, M3), black points indicate airatjty stations (AQ1/AQ4), and the
cross represents fire location.

2. Materials and M ethods

The fire from waste disposal was simulated as argtdevel point source emitting fine
particulate matter (PM10). Plume rise was calcdlatg modified Briggs’ equation,
which takes into account for effective diametertioé pool fire (Fisher B., 2001).
Emission was estimated considering waste dispasalraunicipal refuse with a PM10
emission factor of 8 kg/tonn (EPA user guide). Dsgd was considered mainly
composed of plastic material with a calorific powé&B1425 KJ/Kkg.

The impact on air quality of the fire was simulatesing a dispersion modeling system
developed by Arian8t The system includes a micrometeorological pramess
SURFPRO (Arianet, 2007) to reproduce the atmosphearbulence and the lagrangian
dispersion model SPRAY (Ariarfet 2007) to simulate the dispersion of primary
pollutants on a local scale. Modeling system caminutwo modalities: the forecast run
uses forecast at +24 and +48 hours, elaboratetidogdupled meteorological models
NCEP-RAMS (Pielke et al., 1992), the analysis rwilds meteorological fields by
available meteorological measures using the diggnesnd field model MINERVE
(Geai, 1987).

In order to evaluate the performance of modelirgfesy to reproduce the evolution of
pollutant over the area, the system was run intwee modalities, for 24 hours (from
July 9" at 13:00 pm to IDat 13:00 pm). In Table 1 we summarized the maatufes
of the modeling system.

NCEP-RAMS Minerve SurfPro SPRAY
92 x 66 x 15 92 x 66 x 15 92x66x3
Grid Ax=Ay=1 km Ax=Ay=1 km Ax=Ay=1 km
Top domain = 6000m Top domain = 6000m| Top domain = 5000m
Reconstruction of gridded } . .
An;as;zslrun meteorological fields by the 2D grldcfiiztlidtsurbulence Trans;())(f)rt(;lrsj(:a(:]ltsperym
Y stationsM1, M2 andM 3 P
3D Gridded . . . . .
case?2 . Interpolation of prognostic | 2D gridded turbulence] Transport and dispersion
meteorological S e )
Forecast run fields wind fields fields of pollutant

Table 1: Model configuration



3. Results

To verify the capability of the models to reprodumeteorological features of the area,
a comparison between meteorological model resulisnaeasurements was performed.
Figure 2 shows the evolution of modelled (foreaasd analysis) and observed hourly
average wind speed and direction at M1, M2 and N&tioms, for the 24 hours
simulation.
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Figure 2: Evolution of modelled (forecast an analysis) abderved hourly average
wind speed (top) and direction (down) at the tratagions M1, M2 and M4, for the 24
hours of simulation

M1 and M2 stations were only compared with forecastulation (case 2), while M4,
being independent by the analysis run (case 1 Wwih forecast and analysis run. The
model seemed to overestimate wind speed measuedidia stations in case 2, while a
good accordance with analysis model could be afgiest at station A4. Simulated
wind direction in case 2 delayed at 19:00 the ratadf the wind, while measured data
at 14:00 already detected the onset of a breegelaiion. The analysis modality (case
1) reproduced quite good this rotation at statiof M Figure 3, comparison between
measured and modelled PM10 concentrations for tedlk 1 and 2 at AQ1, AQ2, AQ3
and AQ4 air quality stations is shown, togethethwibn the right of the same figure -
maps of modelled average and maximum PM10 condemtsa Measurements at AQ1,
AQ2 and AQ3 stations, near the city centre andbilmaed area, did not appear to be
affected by the fire event; only AQ4 daily measueets (red line in Fig. 3) showed an
increase on July™

It can be observed that, in general, modelled dmriton of the fire event to total PM10
concentration was quite low. Case 1 reproduces maxi concentrations on July 10
around 6:00 a.m., but it shows a peak at AQ4 statind" at 17:00 p.m. Case 2 shows
maximum values for all the stations ofi 9between 18:00 and 20:00 p.m. A shift in
time is evident between simulated PM10 in analys&se 1) and forecast modalities
(case 2), due to the reproduction of local ciréafat As a consequence, modelled
impact area in case 1 is substantially differeatrfrcase 2. In case 1, model indicates
that most significant effects were not observedr i¥andisi urban area, but in S-SO
direction from the ignition point, while in casePMM10 remain localized around the
burned area.
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Figure 3: (left) bihourly (AQ2 and AQ3) and daily (AQ1 ar®4) PM10 measures
(Lg/nT) versus modelled (case 1 and case 2) hourly corat®n; (right) average
simulated ground level concentration fields of PM1@/'m3) for the two case studies

4. Concluding remarks

Air quality system developed by Ariaffetvas used to simulate the transport and
dispersion of particulate matter produced by a frent inside a waste storage.
Modelled results were compared with measured data.

Results pointed out that: i) analysis modality seémbe more reliable in reproducing
the evolution of pollutants over the domain, ii¢ tBvaluation in forecast mode is rather
affected by the quality of meteorological forecagtin the short term; iii) the fallout of
PM10 due to the fire is low with respect to meadw@ncentrations.

We have to stress the importance of having cogsussion data, the knowledge of the
type of the burned material from which to calcul#te calorific power, and a good
representation of meteorology able to reproduce @astribe the characteristics of
circulation on a local scale.
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Abstract:

Each year Member States have to report to the EaropCommission on the
exceedances of air quality limit values which ocedron their territory. Quantitative
information is required about the areas and pojulaxposed to such exceedances.

A probabilistic methodology for defining exceedazomes has been developed, based
on preliminary air quality mapping. Atmospheric centration fields estimated by
kriging and the corresponding kriging variance ased to identify areas where the
exceedance or non-exceedance can be considereértam cand areas where the
situation with respect to the limit value is indetenate. The methodology is applied on
national and urban scales focusing on exceedarid@Mg daily limit value and N@
annual limit value. Results are discussed from atpm@ral perspectives.

K eywords: threshold exceedance, geostatistics, krigings, N\

1. Introduction

In addition to reporting air quality measurementadabove limit values, Member States
have to provide estimates of the surface and ptpuoleexposed to the observed
exceedances. This study aims at developing a metibgyl that can be easily
implemented both at national level for an overa#laation of exceedance areas, and at
local level for a more detailed assessment.

A two-stage methodology is proposed. It first inkgsd estimating concentrations over
the domain of interest and computing the estimatemmnce. A kriging based mapping

approach can be used at that stage. Non-excee@dalcexceedance zones are then
determined from kriging results, considering ttek of misclassifying a point.

! This work was funded by the French Ministry in @f&of the Ecology and Sustainable Development.



The calculation steps are described in section &cti®& 3 provides application
examples on national (Pl and urban (Ng) scales. Improvement issues are discussed
in the concluding part.

2. Materials and M ethods

Let LV designate the considered limit value. LV & @g/n? for NO, or PM annual
mean concentrations; LV = 50 pgimmot to be exceeded more than 35 times per year,
for PMyo daily mean concentrations (Directive 2008/50/EC).

Let Z(x) denote the concentration at locatiothat has to be compared to L¥/(x) its
estimate from kriging andok(x) the kriging standard deviation. Let us take the
estimation errorg(x) into account,conventionally assumed to be a Gaussian process
with zero mean and a standard deviation equak (x):

elx) = Z(x) — Z*(x) = o (x).T with T ~» 3 (0,1) (2)
Evaluating whether Z(x) exceeds the limit value barwritten as follows:

Z(x) = LV 22 +ox(x) - T> LV=T> % (2)
In the proposed method, non-exceedance and exaeedaras are delimited from
inequality (2), considering a non-detection probgbihresholda, which is the risk ok
belonging to a non-exceedance zone whereas Z@fase the limit value, and a false
detection probability thresho[g] which is the risk ok belonging to an exceedance zone
whereas Z(x) is below the limit value.
If the priority is to keep the number of exceedapomts wrongly included in the non-
exceedance area as small as possible, dhshould be set to a low value whereas a
higher value may be allowed f@ Cori (2005) suggests thatbe given the classical
value of 5% while3 could empirically be set to 1/3 to have a modergte of false
detection. This leads to the following definitions:

- non-exceedance zonex}{such as P{(x) > LV] < a
& P [T > __W—ﬂ] zaeZ%(x) <LV — gy_q * 0x(x)
= Z5(x) < LV — 1.65 = gx{x) fora=5% (3)
- exceedance zonexf{such as Pf(x) < LV] < B
L,Lﬁﬂ] =B e Z'(x) = LV — g« og(x)

S Z*(x) = LV + 0.41 « gp{x) for pB=34% (4)
01« and @ are the (1a) andpB-quantiles from the standard normal distribution.

s Plr=

The locations satisfying none of those conditionakenthe “uncertainty zone”. In
section 3 this formal approach is compared to aeneanpirical methodology previously
developed for identifying exceedances of gllaily limit value and rapidly answering
to urgent regulatory requests (Malherbe and Cagj&2t)9; GT Zones sensible, 2010).



3. Results

National level. On French scale, daily Py and annual N® concentrations are
estimated on a 1 km x 1km grid by combining surfabservations from background
monitoring stations with outputs from the chemidtgnsport model CHIMERE
(resolution : about 10 km). For NOwhich is mainly related to local emission sources
additional high resolution variables, precisely ;Némission density and population
density within a 2-km radius, are introduced in khiging as external drift.

Figure 1 shows the example of one polluted dayndua PM, event (April 2009).
Results are provided both for the methodology dlesdrin section 2 and the more
empirical methodology in which only two states alefined (hypothesis (1) being
unchanged):

- exceedancd:x} such as PZ(x) < LV] < n with n: false detection probability threshold

ﬁP[TE%]%n = T+ (x) > LV—q,?*GK(x} (5)

g, is empirically adjusted by comparing the annuahbars of exceedances estimated
by cross-validation at the monitoring sites witle tactual observed numbers. In this
application ¢ has been set to approximately 0.52, which amotntiefining a false-
detection probability threshold of 70% and takingu&off value lower than LV.

- non-exceedancexf making the complementary set, i.e. :
{x} such asz*{x) = LV — g, = ox(x) (6)
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Figure 1: PMy,. Exceedance of the daily threshold (50 piy/om a highly polluted day.
Left: newly formalized methodology. Right: empitdicaethodology.

Local level

Exceedance areas defined for NOn national scale are very small since ,NO
exceedances mostly occur at traffic-related sf{fslocal scale, detailed concentration
maps accounting for both background and roadsidletpm can be established from
passive sampling surveys, using high resolutioniliamx variables and additional
information about traffic emissions and distancéhwroads (Malherbe et al., 2008).
Results obtained for the French city of Montpellee displayed in Figure 2. During
year 2007 an extensive sampling campaign was daaug in this city by the local
agency Air Languedoc-Roussillon. The sampling ddtascludes eight 14-day periods
of measurement at background and traffic sites.
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4. Concluding remarks

Annual reporting to the European Commission bub dhe working out of local air
quality plans require the delimitation of areas wehatmospheric concentrations do not
comply with environmental objectives. A first appoh was developed with a view to
rapidly producing realistic exceedance maps for;Mhe identified areas are
consistent with observed exceedances but might\wbatebe overestimated, especially
where or when kriging variance is high. The notidrexceedance and non-exceedance
was then formalized making some conventional astong due to operational
constraints. The advantage of this second appraadhat it distinguishes the non-
detection and false detection probability threshaildhich can be adjusted according to
the objectives of the study. However, a remaingsye is the way of addressing the
uncertainty area. In the end authorities and datisnakers will rather have a single
figure (spatial extent of the exceedance) thannéerval of values. Among envisaged
solutions are the refining of the uncertainty aaeal its inclusion in the exceedance
area.
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Abstract: Many studies link exposure to various air pollutants to respiratory
illness, making it important to identify regions where such exposure risks are high.
One way of addressing this problem is by modeling probabilities of exceeding specific
pollution thresholds. In this paper, we consider particulate matter with diameter
less than 10 microns (PM;jg) in the North-Italian region Piemonte. The problem of
interest is to predict the daily exceedance of 50 micrograms per cubic meter of PMy
based on air pollution data, geographic information, as well as exogenous variables.
We use a two-step procedure involving nonparametric modeling in the time domain,
followed by spatial interpolation. Resampling schemes are employed to evaluate the
uncertainty in these predictions.

Keywords: exceedance probability map, air pollution, space-time modeling

1 Motivation, background, data

It is well known that high levels of pollutants in the ambient air have adverse effects
on human and environmental health. Environmental directives have been issued
in order to account for such potential dangers, setting limit values for various air
pollutants. By estimating the probability to exceed a fixed value of a given pollu-
tant, we can identify areas where the risk to exceed such limit values is high. Past
environmental studies focused on mean behavior revealed that inclusion of exoge-
nous variables may lead to better estimators and predictors of pollutant concentra-
tions. It seems therefore natural to expect that including additional information,
such as meteorological and orographical variables might improve daily predictions
of exceedance probabilities. In this study we extend the methodology introduced

Tgnaccolo’s work was partially supported by Regione Piemonte, while Sylvan’s research was
funded in part by the PSC-CUNY Research Award 63147-00-41.



in Draghicescu and Ignaccolo (2009) by including exogenous variables. Our case
study considers daily PM;q concentrations (in zg/m?) measured from October 2005
to March 2006 by the monitoring network of Piemonte region (Italy) containing 24
sites. As covariates we use daily maximum mixing height (HMIX, in m), daily mean
wind speed (WS, in m/s), daily emission rates of primary aerosols (EMI, in g/s),
altitude (A, in m) and coordinates (UTMX and UTMY, in km). Note that the time-
varying variables are obtained from a nested system of deterministic computer-based
models implemented by the environmental agency ARPA Piemonte. For a complete
description and preliminary analysis of the data we refer to Cameletti et al. (2010).

2 Theoretical Framework

Let D C R? and assume that at each location s € D we observe a temporal
process X(t) = G(t, Zs(t)), where Gy is an unknown transformation, Z; is a stan-
dardized stationary Gaussian process with (1) := cov(Zs(t), Zs(t + 1)), such that
Yoo o rs(D)] < oo. For fixed zy € R, define the exceedance probability

Puy(t,s) = P(Xs(t) = mo). (1)

Clearly P, (t,s) takes values in [0,1] and is non-increasing in zy. The problem of
interest is to predict P, (¢, s*) at location s* € D where there are no observations
and at any time ¢, based on observations of the process X;(t) at n time points and
m spatial locations.

In the first step we use the methodology proposed in Draghicescu and Ignaccolo
(2009). For each site s, we model the temporal risks non-parametrically, by using
the Nadaraya-Watson kernel estimator

. S K () Lix e
P, (1,5) = 125 bt[()(t{i—t()t )> 0}7
i=1 be

where K is a kernel function. The temporal bandwidth b; should not depend on
the threshold xg, in order for the resulting estimator to be non-increasing. In what
follows, the threshold zq is considered fixed and, to keep notation simple, we write
b instead of b;. In the second step, we use universal kriging with exogenous variables
to predict the exceedance probability field at a location s* € D where there are
no observations. Since linear interpolation does not guarantee that the resulting
exceedance probability estimator takes values in the interval [0, 1], we first apply
a 1 : 1 transformation and consider Q,, (t,s) = ® (P, (t,s)) which is defined on
R, where ®(-) is the standard Normal cumulative distribution function. After per-
forming kriging on the transformed field on (t,s), we obtain the desired exceedance
probability maps by inversion: P, (¢, s) = ®(Qy,(t,s)). For fixed time point ¢ and
location s;, we consider the model

Qwo (t, Si) = ﬂE(t, 82') —+ U)(t, Si), (3)

(2)
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where E(t,s;) is a vector of exogenous variables at time ¢ and location s;, 3 is the
vector of “slopes”, and w(t, s) is a zero-mean second-order stationary spatial process
for any s € D Cc R2. Time point t is fixed, and the spatial covariance is denoted
by C(t,||s; — s|) :== Cov(w(t, s;), w(t, s;)). We then use the Mateérn class to model

. . . 2/t |si—s; ||\ **t 2 /7% || si—s5]|
. J— Ot J J
this covariance function: C(t,||s; — s;||) = =TT ( o Ko, )

The parameter v; > 0 characterizes the smoothness of the process, o, denotes the
variance, and p; measures how quickly the correlation decays with distance. For each
t, the parameters of the Matern covariance are estimated by weighted least squares.
The best linear unbiased predictor of the transformed field at location sqg € D is
obtained via universal kriging (Gaetan and Guyon 2010, p. 44) as

Qx,(t, 50) = BE(t, s0) +w*(t, s0). (4)

Here B is the generalized least squares estimate of the trend coefficients and w*(t, sg) =
SO Ntb(t, s;) is the simple kriging predictor, with (¢, s;) = Quy(t, 51) — BE(L, ;).
The weights \;, 1 < ¢ < m are completely determined by the covariance function
parameters v, p;, and o;. The standard error of Q;O (t,s0) can be also expressed in
terms of the interpolation parameters \;. However, this standard error may not be
completely accurate since the Matern parameters are estimated from the same data
thus adding uncertainty, and the error induced by the first step of our procedure
is not considered. For these reasons, we use block bootstrap (Buhlmann, 2002) to
take into account all the uncertainty sources.

3 Results

In this case study on the North Italian region Piemonte we used data at m = 24 sites
and n = 182 days. The PM;, threshold was set to zo = 50 pg/m?3. The computations
were done in R, using the gstat package (Pebesma, 2004). Regarding the bootstrap,
we sampled with replacement k& = 13 blocks of length [ = 14 from the (n — 1 + 1)
possible overlapping blocks. We chose [ = 14 empirically. A temporal window of two
weeks captures the meteorological and air pollution patterns well. Also, by trying
other values we did not get significantly different results. In future research we plan
to generalize the methodology of Li et al. (2007) to more complex dependencies.
The block sampling was then repeated B times, yielding the B bootstrap samples.
Bootstrap replicated exceedance probability maps were obtained by performing the
first and second steps on each bootstrap sample. In the spatial interpolation step
we used a 56 x 72 regular grid covering Piemonte. Based on the distribution of the
B bootstrap replications, we obtained the quantile maps together with the standard
errors of the exceedance probability predictions. In our computations we used B =
500 bootstrap replications. Maps of the 10th, 50th and 90th percentiles of the
exceedance probability bootstrap distribution for March 5, 2006 are showed in Figure
1, identifying increased risks around the metropolitan area of Torino.
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Figure 1: Maps of the bootstrap predicted 50 pg/m?® PM;y exceedance probabilities
on March 5th, 2006: 10th (left), 50th (center) and 90th percentile (right).

4 Discussion

This work is a continuation of Draghicescu and Ignaccolo (2009), where preliminary
exceedance probability maps were obtained based on a two-step procedure. Seasonal
(winter and summer) maps were quite good, however, the daily exceedance proba-
bility maps did not seem to reflect the true air pollution spatial patterns well. By
introducing exogenous variables we were now able to obtain more reasonable spatial
patterns for air pollution risks in Piemonte. In addition, we obtained confidence
regions by estimating uncertainty in our predictions through bootstrap. It seems
though that the standard errors might be too large, possibly because the shuffling in
the block bootstrap did not respect the temporal evolution of the process. Our ongo-
ing research is focused on improving these confidence bands by considering seasonal
time series bootstrap.
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Abstract: In this work we consider a geostatistical spatio-temporal model for
PM; concentration (particulate matter with an aerodynamic diameter of less than
10 pm) in the North-Italian region Piemonte. The model involves a Gaussian Field
(GF) affected by a measurement error and a state process with a first order autore-
gressive dynamics and spatially correlated innovations. The main goal of this work
is to propose an estimating and mapping strategy for such a model. This proposal
is based on the work of Lindgren et al. (2011) that provides an explicit link between
GFs and Gaussian Markov random fields (GMRF) through the Stochastic Partial
Differential Equations (SPDE) approach. Thanks to the R library named INLA, the
SPDE approach can be easily implemented providing results in reasonable comput-
ing time (with respect to other MCMC algorithms). For these reasons, the SPDE
approach is proved to be a powerful strategy for modeling and mapping complex
spatio-temporal phenomena.

Keywords: spatio-temporal model, Integrated Nested Laplace Approximation,
big n problem.

1 Introduction

In the geostatistical approach, data coming from monitoring networks are assumed
to be realizations of a continuously indexed spatial process changing in time ) (s, t) =
{y(s,t) : (s,t) € D C R? x R}, also named random field. These realizations are
used to make inference about the process and to predict it at desired locations (i.e.
kriging). Generally, we deal with a Gaussian field (GF) that is completely spec-
ified by its mean and spatio-temporal covariance function Cov (y(s,t),y(s',t')) =
a?C((s,t),(s',t")), defined for each (s,t) and (s/,t') € R? x R. Even if the geosta-
tistical approach is very intuitive, it suffers from the so-called “big n problem” that
arises especially in case of large datasets in space and time. In particular, this com-
putational challenge arises in the Bayesian framework where matrix operations are

LCameletti’s research was funded in part by Lombardy Region under “Frame Agreement 2009”
(Project EN17, “Methods for the integration of different renewable energy sources and impact
monitoring with satellite data”).



computed iteratively for MCMC algorithms. A possible solution for facing this issue
consists in representing a Matérn random field - a continuously indexed GF with a
Matérn covariance function - as a discretely indexed random process, i.e. a Gaussian
Markov Random Field (GMRF, Rue et al. (2005)). This proposal is based on the
work of Lindgren et al. (2011), where an explicit link between GFs and GMRFs is
provided through the Stochastic Partial Differential Equations (SPDE) approach.
The key point is that the spatio-temporal covariance function and the dense covari-
ance matrix of a GF are substituted, respectively, by a neighbourhood structure
and by a sparse precision matrix, that together define a GMRF. The advantage of
moving from a GF to a GMRF stems from the good computational properties that
the latter enjoys. In fact, GMRFs are defined by a precision matrix with a sparse
structure that makes it possible to use computationally effective numerically meth-
ods, especially for fast matrix factorization. Moreover, when dealing with Bayesian
inference for GMRFs, it is possible to make use of the Integrated Nested Laplace
Approximation (INLA) algorithm proposed by Rue et al. (2009) as an alternative
to MCMC methods. The most outstanding advantage of INLA is computational
because it produces almost immediately accurate approximations to posterior dis-
tributions, also in case of complex models. Thus, the joint use of the SPDE approach
together with the INLA algorithm can be a powerful solution for overcoming the
computational problems of spatio-temporal GF's.

2 The spatio-temporal model and the SPDE ap-

proach
Let y(s;,t) denote the PM;y concentration measured at station ¢ = 1,...,d and day
t=1,...,T. We assume the following measurement equation
y(sist) = 2(si,t)B + x(si,t) + &(si, 1) (1)
where z(s;,t) = (21(si,1), ..., 2,(si, 1)) denotes the vector of p covariates for site s; at

time ¢, and B = (B, ..., 53,) is the coefficient vector. Moreover, € (s;,t) ~ N (0,02)
is the measurement error defined by a Gaussian white-noise process, serially and
spatially uncorrelated. Finally, z(s;,t) is the so-called state process, i.e. the true
unobserved level of pollution. It is supposed to be a spatio-temporal GF that changes
in time with a first order autoregressive dynamics with coefficient a and coloured
innovations, given by

x(si,t) = ax(s;,t — 1) +w(s;, t) (2)

where z(s;,0) ~ N(0,02) and |a| < 1. In particular, the zero-mean Gaussian process
w(s;,t) is supposed to be i.i.d. over time and is characterized by the following
spatio-temporal covariance function Cov (w (s;,t),w (s;,t')) = 02C(h) for t = ¢/
and i # j. The purely spatial correlation function C(h) depends on the location
s; and s; only through the Euclidean spatial distance h = ||s; — s;|| € R; thus,



the process is supposed to be second-order stationary and isotropic. The spatial
correlation function C(h) is defined in the Matérn class and is given by C(h) =
W (kh)” K, (kh), with K, denoting the modified Bessel function of second kind
and order v > 0. The parameter v measures the degree of smoothness of the
process. Instead, x > 0 is a scale parameter whose inverse 1/k can be interpreted
as the range, i.e. the distance at which the spatial correlation becomes almost
null. Collecting all the observations measured at time ¢ in a vector denoted by
Y, = (y(s1,1),...,y(sq4,1)), it follows that (1) and (2) can be written as

Yt :Ztﬁ+wt+5t7 &t NN(O,O'?Id) (3)
Ty = axi_1 + Wy, Wi ~ N(O, Y= O‘Zi) (4)
where z, = (z(s1,t),...,2(s4,1)")" and x, = (x(sl,t),...,@(sd,t))/ with @y ~

N(0,021;). Moreover, the d-dimensional correlation matrix ¥ is defined as ¥ =
C (Ilsi = sll); j—1... 4 and the correlation function C (.) is parameterized by « and v.

The aim of the SPDE approach is to find a GMRF, with local neighbourhood
and sparse precision matrix Q, that best represents the Matérn field w(s,t). As
described in Lindgren et al. (2011), this results in expressing the Matérn field as
a linear combination of basis functions defined on a triangulation of the domain
D using n vertices. It follows that, for each time point ¢ the term w; introduced
in Eq.(4) is represented through the GMRF @; ~ N(0,Qg"), whose n-dimensional
precision matrix Qg comes from the SPDE representation and is computed using
Eq.(10) of Lindgren et al. (2011). In particular, this defines an explicit mapping
from the parameters of the GF covariance function (x and v) to the elements of the
precision matrix Qg of the GMRF.

Parameter estimation and mapping are carried out in a full Bayesian framework
using the INLA algorithm which is an alternative to MCMC for getting the approxi-
mated posterior marginals for the latent variables (all over the triangulated domain)
as well as for the hyperparameters (see Rue et al., 2009).

3 Data and results

In the case study on the North-Italian region Piemonte, we analyze log-transformed
daily PM;, concentration (in pg/m?) measured from October 2005 to March 2006
(for a total of T' = 182 days) by d = 24 monitoring stations. In addition, we consider
the following covariates proved to have a significative effect on pollutant dispersion:
daily maximum mixing height (HMIX, in m), daily mean wind speed (WS, m/s),
daily emission rates of primary aerosols (EMI, in g/s), daily mean temperature
(TEMP, in K), altitude (A, in m) and coordinates (UTMX and UTMY, in km).
For a complete description and preliminary analysis of the data we refer to Cameletti
et al. (2010). We perform the analysis using the R library named INLA (www.r-inla.
org) considering n = 600 triangle vertices and v = 1. Figure 1 displays the posterior
mean of PM;o (on the logarithmic scale) for January 29th, 2006 together with an

3



uncertainty measure (standard deviation). As expected, higher levels of particulate
matter pollution are detected in the metropolitan areas of the region located near
the main cities (Torino, Vercelli and Novara) and moving eastwards toward Milan.
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Figure 1: Map of the PM;y posterior mean on the logarithmic scale (left) and
standard deviation (right) for January 29th, 2006.

4 Concluding remarks

In this work we present a modeling strategy - based on the SPDE approach - for
a geostatistical spatio-temporal model, and show the results for a case study on
air quality in Piemonte. Our ongoing research is focused on the change of support
problem in order to include covariates with different spatial support in our modeling
framework.
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Abstract: Most of the analysis and modeling approaches ypsy moth population
dynamics have been applied to a continuous spditia¢nsion, and therefore they do
not account for the possible role of highly fragmeehforest stands on pest dynamics.
Spatially explicit metapopulation models show soatantages in representing the
spatio-temporal metapopulation dynamics in frageehabitats. In this work, the most
popular of these models has been extended to tieaccount periodicity in the pest
dynamics. Data on the gypsy mdtiimantria dispar(L.) (Lepidoptera Lymantriidae),
one of the main oak forest defoliators in the HatiarRegion, referring to the period
1980-2010 in Sardinia (Italy) are analyzed.

Keywords. Spatially explicit metapopulation models, IncidenFunction Model,
Lymantria dispar(L.) (Lepidoptera Lymantriidae)

1. Introduction

The gypsy mothLymantria dispar (L.) (Lepidoptera Lymantriidae) population
dynamics modeling has a long history. Models depedorange in complexity and
approaches that have been used, from statisticadéism@Zhou & Liebhold, 1995; Cocco
et al, 2010) to simulation models based on complex raptons on ecological
processes (Sharov & Colbert, 1996). In many sibnati especially in the oak forests of
the Mediterranean basin, the host plants for thpsgymoth are not continuous.
However, the role of habitat fragmentation in detieing the pattern of gypsy moth
population dynamics has not been carefully addcegsealyses of spatial heterogeneity
are either based on correlations that take int@wdcdetails of landscapes and their
effect on population processes (Hunter, 2002) omatapopulation models that deal
with the occurrence of individual populations in ansemble of habitat fragments
(Tscharntke & Brandl, 2004). Spatially explicit mpbpulation models could be of
great importance to pest managers for their cantioh to a better understanding of



how the spatial arrangements of fields or foreahds can influence the population
dynamics. Despite these promises and the factniespopulation models have been
originally proposed for pests, they remain a widebed tool in conservation biology
but receive little attention in pest control (Hunt2002).

In this paper, we propose a modelling approach. tdispar metapopulation dynamics
and apply it to a dataset of gypsy moth abundaacerded in Sardinia (Italy). Model
simulations are performed and the obtained dynaare®valuated in their capability to
capture the most significant properties of spatioyioral population dynamics patterns.
The proposed model significantly improves the mssubtained by Gilioliet al.
(2011a).

2. Materialsand M ethods

Data. Gypsy moth population dynamics were recorded inpéeod 1980-2010 in the
main cork, holm and pubescent oak areas of Sartiased on 282 monitoring sites
(Luciano, 1989; Coccet al, 2010). Each monitoring site has been considasthe
centroid of a patch, the basic environmental unitwihich the local dynamics of
colonization and extinction occur. Patches conrktig fluxes of migrant larvae are
considered belonging to the same macroarea (MA)s M#e separated by physical or
ecological barriers, and fluxes among MAs can besictered negligible. Five MAs
were identified: the results on MA 2 are presethecs.

Model description. The Incidence Function Model (IFM; Hanski 1994)biased on
presence/absence data of a species in a highlynénatgd landscape. The process of
occupancy of patchis described by a first-order Markov chain withotatates, {0, 1}
(empty and occupied, respectively). Following Han#fke colonization probability of
patchi at timet, G(t), is defined to be a sigmoidal function increasmith connectivity

@) =A%) / (A +Y) (1)

whereA(t) = X {o; (t) exp (-a x rj X dj )A; : ] # i} is the connectivity of patchat time

t, Ajis the area of patcp d; is the centroid-to-centroid (Euclidean) distancéneen
patchesi and j; rj corrects the Euclidean distance by taking into antgossible
disturbances (presence of a different host spegeszing, etc.);y describes the
colonization ability of the species,is a positive constant setting the survival rdte o
migrants over the distance.

In this paper, the extinction probability of a ptaiion in patch at timet is assumed to
be a sigmoidal function increasing with the redastory of the patch

E(t; K) =h(t; K) / (hW( K) + x()?) (2

whereh;(t ; K) = Z{oi(k) : k=t, t-1, ... ,t-K}, 0i(K) = 1 if at timet patchi is occupied and
0i(K) = 0 otherwise; xj =y + B Sirf (6t + ts/0) is a sinusoidal function accounting for
periodicity in local dynamics, which is common tbthe patches in the same MA.
Parameters, y, f, 6, s andy are estimated by maximization of the pseudo-Iiasd
corresponding to the initial distribution given the first observed metapopulation state
(Moilanen, 1999).



3. Results

Figure 1 clearly shows the periodic behavior of tiserved proportion of occupied

patches (green line). Data of the period 1980-1¢88 been discarded due to the high
number of missing data. The first population peskreéported in 1990, the other

population outbreak occurs in 1997. After 2000, gagern of fluctuations displays less

regularity, which can be partially explained by tpesntrol treatments carried out to

reduce the impact of gypsy moth infestation indhies where outbreaks started (foci).
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Figure 1: Observed and mean estimated proportion of ocdypches. Data of the
period 1984-2002 have been used for estimatiorer2®02, groups of patches received
pest control treatments.

The estimated period is 7.1 years< 0.44),K=5, 0¢=0.01767,5=10.405, y=3.031,
s=0.98 andy=86.1. To compare model outputs and observed inceke 10,000
simulations have been carried out, starting froenfirst year of data (1984).

Figure 1 compares the observed fraction of occugieess and the mean estimated
fraction, obtained from simulations. Confidenceemtls have been obtained by
computing the symmetric percentiles (0.025, 0.99%bhe simulated values, for each
time t. Before 2002, the observed data seem to be waiksented by the model. The
model behaviour after 2002 differs from observatias the populations dynamics are
influenced by the pest control treatments. Accagdim a few preliminary results, the
estimated model seems to be able to adapt to thlementation of pest management
strategies.

4. Concluding remarks

The major advantage offered by the metapopulatia@deh developed here is the
possibility of describing temporal trends of popiga dynamics in phase with



observations. In particular, the increase in thadience at MA-level for population
following a latency period, is well described byetmodel. This has important
implications for sampling strategies as well, leadito the possibility of using a
binomial sample design for management purposes, dbfining the state of
presence/absence of gypsy moth population abundasisad of counting egg masses.
The description of variation in population incidenoould allow to obtain a descriptor
of the increase in the risk of population outbredBgferent management strategies
could be evaluated according to the approach pespby Gilioli et al. (2008) and
Gilioli et al (2011b) and based on the IFM and the Kullback-lezildivergence
(Kullback and Leibler, 1951).
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Abstract: Identifying spatial patterns in species diversépresents an essential task to
be accounted for when establishing conservatiostegires or monitoring programs.
Predicting patterns of species richness by a mioastd approach has recently been
recognised as a significant component of consemagilanning. Here, a spatially-
explicit data-set on birds presence and distrilouioross the whole Tuscany region was
analysed using geostatistical models. Species eghnvas calculated within 1x1 km
grid cells and 10 environmental predictors werduided in the analysis. A statistical
model integrating spatial components of variatiathypredictive ecological factors of
bird species richness was developed and used amnglriedictive regional maps of bird
diversity hotspots.

Keywords: Bird richness, Conservation, Distribution mapsatida 2000 Network,
Predictive model, Semivariance, Spatial autocoticiaTuscany.

1. Introduction

The identification of spatial patterns in speciegrsity represents an essential task for
biodiversity conservation strategies or monitoripgograms. Recently, species
distribution modeling emerged as a new approadet@rate species distribution maps,
on the basis of the relationship between speciesepce (or abundance) records and
environmental variables. Typically, modeling methadtempt to predict the probability
of occurrence of species as a function of a senefronmental variables. In particular,
geostatistical modeling techniques, which have bdmreloped mainly in the field of
geography, are designed to model spatially depenuleservations (Goovaerts 1997),
but in recent years, such methodologies have beptied even in the ecological
literature (Bacaro an Ricotta 2007). Birds are agndhe best-studied organisms,
especially in Europe. They are often considereexasllent indicators of environmental
changes and as good ecological proxies to assedsdbiversity values of an area. In
this work, a geostatistical modelling approach wapplied on the data provided by the
“Monitoring Program of Breeding Birds of Tuscanydne of the most extensive
regional bird monitoring programs in lItaly. The aohthis paper isi) to describe the



spatial patterns of bird species richness i@antb identify those environmental factors
underlying these patterns. This latter point repmés an important task in the ecological
context since the environmental proxies drivingdliichness could be used to decide
conservation strategies.

2. Materials and Methods

Bird data The bird species occurrence data were obtaineth fthe Monitoring
Program of Breeding Birds of Tuscany carried outhm®y Centro Ornitologico Toscano
(www.centrornitologicotoscano.oygand based on Point Counts method (Bikbwl. 2000).
Points were distributed according to a two stagespding design: in randomly selected
10*10 km UTM cells, a number of 12-15 point coumtsre selected according to a
second random sampling procedure. The original ds¢d of geo-referenced
observations was assembled to produce a regioralofiaird species richness for cells
of 1*1 km. Such a grid covering the whole Tuscaagion resulted in 22060 cells, 3584
of which enclosed data on bird occurrences.

Putative determinants of bird species richnefss each 1*1 km cell, three sets of
predictor/explanatory variables were derived anduged according to a similarity
criterion. 1) Geographical features (4 predictord)e coordinates for each grid cell
(Latitude and Longitude), elevation and distancéhtosea were included in this group.
II) Landscape feature and complexity (4 variabl€3ta on land cover were derived
from the third level of the CORINE Land Cover M&umr each grid cell, the number of
patches and the area (mean and standard deviaterjed by each land cover class
was calculated. Landscape shape complexity waslaetdc by using the AWMSI (Area
Weighted Mean Shape Index). The third level datéhef CORINE Land Cover were
used for calculating the Shannon index. 1ll) PriynBroductivity (2 variables): NDVI
(Normalized Difference Vegetation Index) and itanstar deviation were used on to
discriminate between the amount of biomass charsictg different vegetation types.

Geostatistical modellinga combined multi-predictor model was developedthis
study, and it was further used in conjunction wg#ostatistical techniques to predict
birds diversity in 1 x 1 km grid cells across théohke Tuscany region. Statistical
modelling process was organised into the followtimge parts: 1) Data transformation
(normalization); 2) Building the generalized linegpatial model: once the response
variable (number of bird species) at each grid wethin the Tuscany region was
denoted as:

Xy L=, n (1)
where x; identifies the spatial location (in two-dimensibrepace - longitude and
latitude expressed in kilometres) apds the bird richness value associated with the
locationx;, a geostatistical (isotropic) model can be defiasd

Y, =S[X;[+Z;:i= 1,.....,n (2)
where

{sixxo0?} (3)
is a Gaussian process with a spatially varying mgapdefined by a classical linear
regression model. The described Gaussian processascharacterized by a variance
given by:

c°=Var{Six} (4)
and by a positive-defined correlation function:



plu=Corr {SIX[jSIX' 1} (5)

defining the way correlation function decays toozfar increasing distances occurring
between observations at locationsand x’. Explanatory variables for modelling the
large-scale variation in bird diversity were chosga a model selection technique
(AIC). Secondly, the residuals from the model wexamined for spatial correlation and
a suitable family of correlations was chosen. Theneates of the parameters in the
trend surface (model spatial component) were upldatsing the quasi-Newton
optimisation function (Byrd et al. 1995) followeg maximum likelihood estimation of
the parameters of the covariance function usingeb&luals. 3) Universal kriging was
used to predict expected bird richness (and itatran) in each 1x1 km grid cell across
the whole Tuscany Region.

3. Results

The number of bird species per cell grid was noizedl using a Box-Cox power of
0.184. Only 4 predictors were included in the predé model (Table 1). The intercept
of the estimated spatial varying mean resultedlfigignificant and was, consequently,
included in the model.

Table 1: Description of explanatory variables (and thesaciated coefficients) included after stepwise
selection in the spatial varying mean component (0.001).

Trend parameters (spatial varying mean) Estimated ¥lue
Intercept 3.066
NDVI St.Dev. 0.811"
H’ index 0.104”
Mean elevation -0.001"
Distance sea >0.001"

Spatial Parameters

Nugget ¢%) 0.147
Partial sill &) 0.270
Range ¢) 0.054
Practical Range 0.162
Normalisation parameter (Box-Cox power)

lambda {) 0.184

Covariance Function Parameters (Matérn)
Order (k) 0.5 (exponential model)

The modeled spatial parameters highlighted thadcautelation in bird richness value
existed and strongly influenced the number of olestrspecies. In particular, the
practical range was reached after 16 km, indicatirggyabsence of further correlative
structure in data after this threshold (see FigyréRelatively to the covariance function
used to model the empirical variogram, the k=0.5rapeeter was selected
(corresponding to fit an exponential theoreticaliagram with respect to the observed
data). Predicted values were significantly relatdth observed bird richness {R:
0.448, p < 0.001). For comparison, a simple mutipgression model without the
inclusion of the spatial component in the analysi;wed a lower Rvalue (R=0.15,
p<0.001). Predicted bird richness (and its assediatiriance) across all the Tuscan
region is shown in Figure 2.
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Figure 1: Plot of the empirical (circles) and fittésolid line) semivariograms versus distance (km)
obtained using the residuals after the spatialimgrgnean was subtracted by raw (normalized) data.

Figure 2: Regional pattern of bird species richlraessexpected under the described geostatisticatimod
a) Expected birds species richness and b) its ¢age@ariance.

4. Conclusions

By applying geostatistical models, a well-perforghpredictive model was obtained for
the distribution of bird species richness in Tugcdny considering relatively few

variables. Ancillary variables based on remotelgssel information (e.g., NDVI or

ShannorH’ derived from a classified image) can be used asgdoWools to model the

spatial variation of bird species richness and tldaodiversity hotspots. Moreover,
geostatistical models own the advantage to incatpoinformation of environmental
co-variation and neighborhood effects, improving guality of predictions.
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Abstract: When the only available information is the true presence of a species
at few locations of a study area we refer to the data as presence-only data. Presence-
only data problem can be seen as a missing data problem with asymmetric and
partial information on a presence-absence process. This problem often characterizes
ecological studies requiring the prediction of potential spatial extent of a species
in suitable areas. Here we propose a Bayesian logistic spatial model adapted to
presence-only data with environmental covariates available over the entire area.
The spatial dependence among the observations is modelled indirectly as a latent
Gaussian Markov field over the landscape, through a data augmentation MCMC
algorithm we are able to estimate regression parameters jointly with the prevalence.

Keywords: Bayesian model, Data augmentation, MCMC, Presence-only data,
Spatial distribution.

1 Introduction

In the environmental sciences, the evaluation of spatial distribution of species and
its interaction with ecological variables is of primary interest 7.e. to better plan and
manage strategies in habitat conservation. When presence/absence information on
a species is available in a given area together with environmental covariates, the
logistic regression model represents the natural approach to estimate the prevalence
of such species. Unfortunately, in many ecological studies, the collection of definitive
absences can be expensive or difficult. In those cases the information available is not
complete, we can observe only presences (Pierce and Boyce 2006) of the species at
few locations jointly with the environmental covariates referred to the whole study
area. In this work we propose a hierarchical Bayesian model to handle presence-only
data, based on an adjusted logistic regression model (Ward et al. 2009). Following
Divino et al. (2011) we introduce a random approximation of the correction factor



in the model that allows us to overcome the need to know a priori the prevalence of
the species. We can estimate regression parameters jointly with prevalence through
a data augmentation MCMC algorithm (Divino et al. 2011). We account for spatial
variation adding a spatial random effect in the regression function.

2 Materials and Methods

With respect to a population P of spatially referenced sites 4, let Y be a binary
presence/absence process, X a set of covariates and P, the subset of P where the
species is present (Y = 1). When only presences are observed, samples (S,) from
the process Y can be drawn only from the population P, and the usual case-control
approach in logistic regression cannot be adopted as absences (Y = 0) are not
directly observed. Lancaster and Imbens (1996) and Ward et al. (2009) proposed
to overcome this problem by considering a completed sample composed by S, and
a second sample 5, independent of S, ideally taken from the whole population P.
In this way the complete data sample S is composed by n, presences (observed in
Sp,) and n,, unobserved values (S,). Let Z be a stratum variable such that Z; = 0
ife e S, and Z;, = 1if i € S,. Notice that Z; = 1 implies Y; = 1 while Z; = 0
implies that Y; can assume value in {0,1}. Hence we can identify the following
quantities: (Z = 0,Y = 0) ng, is the unknown number of absences in the subsample
Suy (Z =0,Y = 1) ny, is the unknown number of presences in the subsample S,
(Z =1,Y = 1) ny, is the number of observed presences in the subsample S,, ng
is the unknown total number of absences in S, ny is the unknown total number of
presences in S and n = ny + ng is the complete sample size. All the unknowns
are random quantities induced by a censoring effect acting on the complete sample
S. In particular we can write ny, as fi;, = > ;cs, Yi, Where the ~ represents the
random nature of the quantity. Now let 7 = P(Y = 1) be the prevalence of the
species in the area, under the assumption that S, is a random sample from the
population P we have that E[ny,] = 7n,. If we assume that the covariates X,
concerning the environmental information on the process Y, are available for all
sites in the population, we can use the approach introduced by Ward et al. (2009)
and developed in a Bayesian framework by Divino et al. (2011). For a generic site
in the sample with covariates z, starting from the usual case-control logistic model
the conditional probability that a species of interest is present is given by

exp{n(z) + log(2)}

PlY =1ls=1.n: =
=1l = L0 = T (@) + Tog(2))

(1)

where s = 1 denotes that the site is included in S, n(x) is the regression function,
7 = P(s = 1Y = 0) and 7; = P(s = 1|Y = 1) are the unknown probabilities of
sampling from the absences and from the presences respectively. The ratio % adjusts
the logistic model under the case-control design. Following Ward et al. (2009), we
can manage the presence-only data problem by considering the joint probability



distribution of ¥ and Z and write the full likelihood model (see Ward et al. 2009
for details). We can also consider the observed likelihood, built only with respect
to the stratum variable Z that results in an average over the process Y. In both
likelihood models, the unknown ratio % can be approximated as follow:

@ ~ T~l1u~+ Ny ( 2)
Y0 Ny

the above expression can be handled by a data augmentation step in the estimation
procedure. The regression function adopted in this work is linear with a spatially
structured random effect u accounting for latent factors introducing geographical
dependence into species distribution. We can now write the hierarchical Bayesian
model. Let § be the vector of hyperparameters with hyperprior p(§). Conditioned on
0, the regression parameters, (3, are Gaussian random variables and the random effect
u is a Gaussian Markov random field. Given 3, u and the covariate x, the process
Y is set of Bernoulli random variable with probability of occurence 7s(z) = P(Y =
1ls = 1,n;x). At the lowest level of the hierarchy, the conditional distribution of
Z given Y can be easily derived from the above described relations between the
two processes. Then, the hierarchical Bayesian model is given by: (i) § ~ p(9);
(i) B|d ~ MN(0) and uld ~ GMRF(0); (iii) Yi|s; = 1,0, u;, x; ~ Be[ms(z;)]; (iv)
Z;|Y;, 8i ~ P(Z;]Y;, s; = 1). Notice that the spatial structure of the random effect u
is given by the geographical neighborhood system among all sites in the population
P. In the following scheme we describe the MCMC algorithm implementing the
estimation of our model:

Step 0: initialize §, 3, u and Y over P;

Step 1: set ni, = > ics, Yi;

Step 2: sample § ~ P(O|Y, Z, 5, u);

Step 3: sample 5 ~ P(f|Y, Z,9);

Step 4: sample u ~ P(ul|Y, Z,6) over P;

Step 5: sample Y; ~ P(Y;|Z, 3, u;, z;) over P.
Remark that we need to perform data augmentation (Step 4 and Step 5) over the
entire population P for both u and Y processes in order to consider the spatial
structure of the sites enclosed in both samples S, and S,,. The only requirement to
perform the augmentation is that the covariates X are available for all sites in P. A
nice feature of this estimation procedure is that we can easily obtain the prevalence
estimate T, = %‘, where ny, is the MCMC average of samples drawn in Step 1.

3 Results

In this section we report preliminary results from a small simulation study aiming at
investigating the behaviour of our proposal in a very simple situation. We generate a
population of 100 observations on a regular 10 x 10 lattice from the above described
model. In this example Y is obtained from the logistic model n(X) = Sz +u, where



[ = —2, the covariate X is generated from a mixture distribution with two Gaussian
components with standard deviation oy = g5 = 0.5 and mean p; = —2 and py = 2,
u is a zero mean intrinsic first order Gaussian Markov random field with precision
k = 1.5 and prevalence m = 0.1. From this population we obtain 100 samples by
randomly thinning 30% of the available presences. We compare the performance of
our model (M1), with unknown prevalence, with the same model but with known
prevalence in the logistic correction (M2) and with the non spatial model prosed in
Divino et al. (2011) (M3). The three models are fitted with the same prior settings:
B ~ N(0,100) and k fixed (for M1 and M2). We run 20000 iterations of the MCMC
procedure with a burn-in of 10000. To evaluate models performances we compute
95% credibility intervals (CI) for 3 in each simulation using the 10000 samples from
the posterior distribution, the same intervals for the prevalence are computed from
the 100 simulations and the misclassification error is computed for each model by
setting to 1 grid cells with occurrence probability larger then 0.5 and compare results
with the “true” population. Results are as expected: the “best” model in terms of
point estimates accuracy is M2 with smaller CI for B and 7, followed by M1; all
models have a tendency to overfit with empirical coverage around 99%. In terms of
predictive capacity the average misclassification error is around 3% for all models,
as expected M1 and M2 better perform as far as the localization of presences is
concerned.

4 Concluding remarks

The above preliminary results are encouraging, especially in terms of predictive
capacity of the proposed model. Several issues will be object of further work, such
as identifiability problems related to a not zero intercept. Extensive simulation
studies will be carried on too.
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Abstract: In the ecological field, the sampling of abundadata is often characterized
by the zero inflation of population distribution€onstrained zero-inflated GAM’s
(COZIGAM) are obtained assuming that the probabihit non-zero inflation and the
mean non-zero-inflated population abundance asatly related. Models of this class
have been applied to a spatio-temporal case stodgecning the deep-water rose
shrimp, Parapenaeus longirostris (Lucas, 1846). Abundance data were collected during
16 experimental trawl surveys conducted from 1995 @ARin the lonian Sea. The
sampling design adopted was random-stratified ipghdevith proportional allocation of
hauls to the area of each depth range and geogedptgctor. Density index (N/Kin
and length (mm) were considered for each haul ifiettby time, depth, geographic
coordinates and geographical sector.

Keywords. Zero-inflated data, COZIGAM, GAM, density, sizeRarapenaeus
longirostris.

1. Introduction

In the ecological field, the sampling of abundadat is often characterized by the zero
inflation of population distributions. Many Meditanean species show such a
distribution due to their adaptation to the vamakhvironmental conditions. One of
these is the deep-water rose shrinfparapenaeus longirostris (Lucas, 1846),
widespread throughout the whole Mediterranean $ele@ths between 20 and 700 m.
The lonian Sea is a basin where this shrimp reptedbe bulk of the catch due to the
trawl fishing carried out on between shelf edge amgper slope. Aspects of the
distribution and population biology of this shrirape reported in D’Onghia et al. (1998)
and Abell6 et al. (2002). Its spatio-temporal dlgttion in the lonian Sea for the period
1995-2010 has been studied and the relevant résutsbeen reported in this paper.



Density Length

parameters | estimate | p-value | estimate | p-value
inter cept %//////////////////// 14.248 | <0.000
depths (0,200] | 5.240 | <O. ooo /////////////%
depth; (200,500] | 5.348 <o.ooo /
depthy (>500) | 3.5254 | <o.oo
o
alpha - 1.
deltal 1.004
delta2 0.666
smooth terms df p-value df p val ue
s(lon, lat) 28.855 | <0.000 18.111 0.00b
s(year) 8.507 | <0.0000 7.091| <0.000

Table 1: COZIGAM's estimates for the density index, GAMstimates for the length.

2. Materials and M ethods

Abundance data were collected during 16 experinhérgevl surveys conducted from
1995 to 2010 in the lonian Sea as part of the natgwnal MEDITS project funded by
EC (Bertrand et al., 2000). The samples analyzedecrom a total of 1052 hauls
carried out during day-light hours between 10 af@ 8 in the spring season (May-
June). The sampling design adopted was randonifigilaby depth, with proportional
allocation of hauls to the area of each depth reamg® geographical sector. Density
index (N/knf) and carapace length (mm) were considered for bach identified by
time, depth, geographic coordinates and geogralpector.

A general approach to zero-inflated data modeliogsists in assuming the response
distribution as a probabilistic mixture of a zerwlaa non-zero generating process. Zero-
inflated general linear models (ZIGLM) can be réadixtended to include smooth
effects of covariates giving rise to ZIGAMs. A ctiasned zero-inflated GAM
(COZIGAM) is obtained assuming that the probabilitfynon-zero inflation and the
mean non-zero-inflated population abundance areatly related. In this paper an
analysis of the density index based on COZIGAM'gieposed. AP. longirostris
carapace length is not affected by zero-inflatigiven that no measurements are
available when the density index is null, this able is analyzed in the GAM’s
framework. The R librarie€0ZI GAM (Liu and Chan, 2010) amigcv (Wood, 2006)
were used for the data analysis.

3. Results

Preliminary exploratory data analysis (not repgrtedowed a discontinuous higher
presence of zeroes and small density values at I(sli@llower than 200 m) and higher
(deeper than 500 m) depths. This lead to consigethe factorization of the depth
variable accordingly in the model for the densitylex. We propose the following
specification for the mean of the log-Gaussian rnere generating process:

u = s(lon,laf) + s(yean + depth
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Figure 1. COZIGAM estimated effects of space and time f&R. longirostris density.

and assume that the smooth spatial effect and éhgdral one have a different
importance on the non-zero inflation probabilityccarding to the following
proportionality constraint:

logit(p) = a + 01 S(lon,laf) + 6, s(yean) + depth
In Tab. 1 we report the estimates of the COZIGAMdeieeffects for the density index.
The estimated effects of the three depth leveleeagrith the observed data. The
estimates ob; andd, have significantly positive values, showing tha zero inflation
probability decreases with the density value.
In Fig. 1, Left we report the estimate of the srhot@mporal effect showing a severe
drop of the density index in 2000. This was alspeeted according to the results of the
preliminary exploratory data analysis which desedlila decreasing in the density index
in the 1999-2001 years. The map of the spatialceffeig. 1, Right) reveals a wide
distribution of the species along the lonian arthvihree main areas with a greater
density.
A Gaussian GAM for th@arapenaeus carapace length is specified as follows:

= intercept + s(lon,lat) + s(year) + depth

In this case the exploratory data analysis showsrdinuous linear relation with the
depth, leading to consider the unfactorized vaeabithin a linear term; carapace
lengths increase with deeper sea beds (Tab. 1)simoth estimated temporal effect
(Fig. 2, Left) has an opposite behavior with respecthe density index, showing a peak
in 2000. Also a second peak in 2005 and a dropOb82are noticeable. The former
could be due to a lower density of greater specantre latter could be in relation to an
increase of juveniles in the sampled populatione Tiap of the spatial effect shows
greater sizes in the Gallipoli (Apulia) and Rocadlbnica (southern Calabria) fishery
districts (Fig. 2, Right).

4. Concluding remarks

These results confirm the knowledge on density sipd distribution of. longirostris
in the lonian Sea (D’Onghia et al., 1998; Abelloakt2002) revealing geographic and
temporal effect both on density and size. The &mireg density together with the
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decreasing size observed in some years could lzedelto the increase in the
recruitment detected for the deep-water rose shrifipis will require further
investigation in order to identify the environmdntariables affecting the changes
observed in the species distribution.
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Abstract:

Climate change could have an important impact on the distribution of future
extreme events. To assess such changes, it is essential to develop statistical tools
based on Extreme Value Theory. In this talk, we make and study some connections
between the notion of entropy (divergence) and Extreme Value Theory. We apply
these links to detect changes in extremes.

Keywords: Extreme Value Theory, entropy, climate

Materials and Methods

The Kullback-Leibler information (Kullback, 1968) is defined as

1(fi9) = 5y {row (L) 1. 1)

and it measures the entropy distance (Robert, 2001) between the probability densi-

ties f and g for a random variable Z. Kullback (1968) also refers to this quantity
as the directed divergence to distinguish it from the divergence given by

J(fi9)=1(f;9)+1(g: f), (2)

IPart of this work has been supported by the EU-FP7 ACQWA Project (www.acqwa.ch) under
Contract Nr 212250, by the PEPER-GIS project, by the ANR-MOPERA project, by the ANR-
McSim project and by the MIRACCLE-GICC project.

1



which is a symmetrical measure relative to f and ¢g. This notion has been exhaus-
tively used and studied in many research fields. Here we explore this concept within
the framework of climatology and Extreme Value Theory (EVT). While the diver-
gence (2) is expressed in function of densities, it is more convenient to work the tail
distribution when analyzing large excesses. In this talk, we propose an approxima-
tion to bypass the need of computing densities. This allows us to derive and study
new estimators of the entropy. We apply this approach to the important problem
of detecting changes in our warming climate.
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Abstract: Extreme value models and techniques are widely applied in environ-
mental studies to define protection systems against the effects of extreme levels of
environmental processes. Regarding the matter related to the climate change sci-
ence, a certain importance is cover by the implication of changes in the hydrological
cycle. Among all hydrologic processes, rainfall is a very important variable as it is a
fundamental component of flood risk mitigation and drought assessment, as well as
water resources availability and management. We implement a geoadditive mixed
model for extremes with a temporal random effect assuming that the observations
follow generalized extreme value distribution with spatially dependent location. The
analyzed territory is the catchment area of Arno River in Tuscany in Central Italy.

Keywords: GEV distribution, geoadditive mixed model, hydrologic processes

1 Introduction

Environmental extreme events such as floods, earthquakes, hurricanes, may have a
massive impact on everyday life for the consequences and damage that they cause.
For this reason there is considerable attention in studying, understanding and pre-
dicting the nature of such phenomena and the problems caused by them, not least
because of the possible link between extreme climate events and climate change.
A number of theoretical modeling and empirical analyses have also suggested that
notable changes in the frequency and intensity of extreme events, including intense
rainfall and floods, may occur even when there are only small changes in climate
(Katz and Brown, 1992).

In this framework, in the past two decades there has been an increasing interest
for statistical methods that model rare events (Coles, 2001). The Generalized Ex-
treme Value distribution (GEV) is widely adopted model for extreme events in the
univariate context. For modeling extremes of non-stationary sequences it is common-
place to use the GEV as a basic model, and to handle the issue of non-stationarity
by regression modeling of the GEV parameters.



Here we implement a geoadditive mixed model for extremes with a temporal
random effect. We assume that the observations follow a generalized extreme value
distribution whose locations are spatially dependent where the dependence is cap-
tured using the geoadditive model. The analyzed territory is the catchment area of
Arno River in Tuscany in Central Italy.

2 Materials and Methods

The investigation is developed on the catchment area of Arno River almost entirely
situated within Tuscany, Central Italy. The time series of annual maxima of daily
rainfall recorded in 415 rain gauges are analyzed. In order to have enough rain
gauges observations to estimate both the spatial component and the year specific
effect, we reduce the time series length to the post Second World War period and we
consider only stations with at least 30 hydrologic years of data, even not consecutive.
The final dataset is composed by the data recorded from 1951 to 2000 at 118 rain
gauges for a total of 4903 observations.

Recently to handle the issue of non-stationarity of the GEV parameters, Padoan
and Wand (2008) discuss how generalized additive models (GAM) with penalized
splines can be carried out in a mixed model framework for the GEV family.

Geoadditive models, introduced by Kammand and Wand (2003), are a particular
specification of GAM that models the spatial distribution of y with a bivariate
penalized spline on the spatial coordinates. Suppose to observe n sample maxima
yi; at spatial location s;;, s € R?, j =1,...,p and at time ¢ = 1,...,¢. In order to
model both the spatial and the temporal influence on the annual rainfall maxima,
we consider a geoadditive mixed model for extremes with a temporal random effect:

yz’j|5ij ~ GEV(M (Sij) ,¢7§)

. K (1)
p(sig) = Bo+ 58+ D ubips(sij kx) + %
k=1

where p, 1 and & are respectively location, scale and shape parameters of the GEV
distribution, b,s are the low-rank thin plate spline basis functions with K knots
and ~; is the time specific random effect. The model (1) can be written as a mixed
model

yl(w,7) ~ GEV(XS + Zu + D, %,¢). (2)
with )
u| |0 u| (o dx O
els] =g e 3= o)
where
ﬂ: [ﬁ(hﬁz'] u = [Ul,.-.,UK] 7: [717"'77&]
X = [1’ S;ﬂ 1<ij<n D= [dij]lgijgn



with d;; an indicator taking value 1 if we observe a rainfall maxima at rain gauge
7 in year ¢ and 0 otherwise, and Z the matrix containing the spline basis functions,
that is

—1/2
Z= [btpS(Sij’ ’{k)]lgijgn,lgkgK = [C (Sij - K’k)hgijgmlgkg[( ) [O (’{h - ’{k)]lgé,kgK7

where C(v) = ||v||*log||v|| and &, ..., kx are the spline knots locations.

3 Results

The geoadditive mixed model for extremes (2) can be naturally formulated as a
hierarchical Bayesian model and estimated under the Bayesian paradigm. Following
the specifications of Padoan (2008), our complete hierarchical Bayesian formulation
is

1st level yi| (u,7y) nd GEV([XB + Zu+ D~|,,v,¢)

2st level  ulol ~ N(0,071x) 7|02 ~ N(0,02L;) B~ N(0,10'T)
& ~ Unif(—5,5) ¥ ~ InvGamma(10~4,107%)

3st level 02 ~ InvGamma(10~*,107%) 02 ~ InvGamma(10~*,107%).

2 2
w s

where the parameters setting of the priors distributions for &, ¥, 3, o
sponds to non-informative priors.

Given the complexity of the proposed hierarchical models, we employ OpenBUGS
Bayesian MCMC inference package to do the model fitting. We access OpenBUGS us-
ing the package BRugs in the R computing environment. We implement the MCMC
analysis with a burn-in period of 40000 iterations and then we retain 10000 itera-
tions, that are thinned by a factor of 5, resulting in a sample of size 2000 collected
for inference. Finally, the last setting concern the thin plate spline knots that are
selected setting K = 30 and using the clara space filling algorithm of Kaufman and
Rousseeuw (1990), available in the R package cluster.

The resulting spatial smoothing component and time specific component of
i (s;;) are presented in Figures 1(a) and 1(b). Observing the map, it is evident
the presence of a spatial trend in the rainfall extreme dynamic, even after control-
ling for the year effect. The spline seems to capture well the spatial dependence as it
produce the same same patter of the Average Total Annual Precipitation. The time
influence is pointed out by the estimated year specific random effects, that present
a strong variability through years.

corre-

4 Conclusions

We have implemented a geoadditive modeling approach for explaining a collection
of spatially referenced time series of extreme values. We assume that the obser-
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Figure 1: Estimated spatial component (a) and year specific random effects (b) of
e (si5). Black dots indicate the observed values.

vations follow generalized extreme value distributions whose locations are spatially
dependent.

The results show that this model allows us to capture both the spatial and the
temporal dynamics of the rainfall extreme dynamic.

Under this approach we expect to reach a better understand of the occurrence of
extreme events which are of practical interest in climate change studies particularly
when related to intense rainfalls and floods, and hydraulic risk management.
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Abstract: Over the past several decades, there have been significant reductions
in rainfall across southwest Western Australia. In the present work, the spatial and
temporal structure of these reductions are investigated using generalized additive
models. This involves smoothing over both space and time, to allow spatio-temporal
interactions, as well as allowing for spatial correlation to ensure that standard errors
are constructed appropriately for inference. The proposed method is computation-
ally convenient as models are fitted as though different spatial locations are indepen-
dent, and inference is subsequently adjusted for inter-site dependence. The results
quantify precisely the spatially-varying nature of the decreasing rainfall trends.

Keywords: Spatio-temporal modelling, generalized additive models, tensor
product smooth.

1 Introduction

Several decades of below average rainfall combined with a noticeable shift toward
drier winter conditions, has focused attention on water resource availability and
agricultural management in southwest Western Australia (SWWA) (Bates et al.,
2008). The aim of this analysis is to characterize spatio-temporal trends in rain-
fall intensity and occurrence across SWWA. This is achieved by fitting generalized
additive models (GAM) to data from selected locations in the study area. A key
issue here is to take due account of potential spatial and temporal correlations in
the data. Our approach to this is to treat the data as independent during fitting
and subsequently to adjust standard errors for the dependence. This provides a
computationally convenient means of addressing the problem.
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Figure 1: Map of SWWA indicating the stations used in the analysis

2 Materials and Methods

Daily rainfall readings in millimetres, from 60 weather stations (see Figure 1) for the
period 1940-2010 have been used, although not all sites were operational throughout
this period and some had missing observations. We consider the data for the winter
months only, from May to July, which accounts for most of the region’s annual
rainfall. The daily rainfall data is aggregated in two ways, the proportion of wet
days and total rainfall on wet days, for each site and year.

Prior to fitting the model, the daily rainfall data were subject to data quality
checks. Issues such as inconsistencies in the data related to observer practice across
the different sites, differences in the resolution of the observation recordings, and
thresholding the data prior to analysis to ensure consistency have all been considered.
These problems are typical in the rainfall modelling literature, the interested reader
is referred to the results discussed in Yang et al. (2006) and Chandler et al. (2011).
We shall not go into these details here.

Rainfall, particularly at the daily time scale, typically displays some form of
temporal dependence, however at annual timescales they are relatively independent.
Here, the winter rainfall is aggregated at an annual level, it seems reasonable to
proceed in the first instance as though observations are independent between years.
Since interest lies in characterizing temporal trends which may have a complex
structure and may be spatially-varying, we adopt a nonparametric approach and
represent the spatio-temporal trend surface as a smooth three-dimensional function
of space and time:

Elyi] = f(longitude;, latitude;, time,),



where y;; is the aggregated annual winter rainfall at location i = 1,...,60 and year
t=1,...,71 and is assumed to be normally distributed. To account for different
number of observations per year at each station, when fitting our model each ob-
servation is weighted by the number of contributing daily values. Our method uses
the spline framework for nonparametric function estimation. To model smooths of
several variables, when the variables are on different scales (the units of time (years)
and space (km) are different), tensor product scale invariant smooths are required.
Separate smoothing penalties are calculated for the three covariates so that the de-
gree of smoothness is not necessarily the same for each covariate. All statistical
analyses were done using the mgev package (Wood, 2006) in the R software (R
Development Core Team, 2010).

A key issue with this study is the spatially correlated nature of the data. Suppos-
ing that some assumption of spatial stationarity holds, the residuals from the fitted
model were used to estimate the spatial correlation parameters obtained from the
chosen variogram or correlation model, for the construction of the spatial correla-
tion matrix. Specification of a covariance structure based on the spatial correlation
of residuals ensures that the results are adjusted for spatial correlation. Because
the focus of our approach is on estimating the mean function, not the correlation
function, a very precise estimate of the latter is not required, and simple variogram
models like the exponential will often suffice. The fitted function can be written as a
linear smoother, ¥ = Sy where S is the smoothing matrix. For spatially correlated
observations, the true variance matrix is not diagonal. The model based variance
matrix, V (y), is replaced by the robust variance matrix, Var(y) = AY?RAY? where
A is a diagonal matrix, with the variance function V(u), along diagonal elements
and R is the spatial correlation matrix. Once the variance-covariance matrix is cal-
culated, standard errors are then constructed in the usual way, as the square-roots
of the elements on the main diagonal.

3 Results

After addressing spatial correlations, new 95% uncertainty bands were obtained
which are now slightly wider than the unadjusted ones (see Figure 2). Interestingly,
the width of the bands for the selected four sites differ significantly. This could
be due the sparseness of data points at particular locations within SWWA which
makes it difficult to characterize precipitation trends reliably. These declines were
most pronounced in north and east of the study region, less so along the south coast.

4 Concluding remarks

To sum up, the used GAM framework enables us to appropriately incorporate all
relevant covariates of space and time. In addition, accounting for the spatial depen-
dence structure by assuming no correlation when fitting models and then adjusting
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Figure 2: Fitted smooth curves (solid line) with unadjusted (dotted line) and ad-
justed (dashed line) 95% uncertainty bands for four selected sites in the SWWA
region

the standard errors of estimates enable valid inferences that is robust. The results
quantify precisely the spatially-varying nature of the decreasing rainfall trends.
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1 Introduction

Statistical downscaling models (SDMs) seek to bridge the gap between large-scale vari-
ables simulated from General Circulation Models (GCMs) and small scale variables with
high spatial variability such as precipitation. In this paper, we propose to model the
distribution of precipitation conditional on large-scale atmospheric information with con-
ditional mixture models (CMMs). CMMs are mixture models whose parameters are com-
puted by a neural network based on large-scale atmospheric predictors. We consider three
types of CMMs which differ in the type of continuous densities (Gaussian, Log-Normal
or hybrid Pareto) they use as mixture components. We evaluate the three CMMs against
the two-component mixture from Williams [3] at downscaling precipitation at three rain
gauge stations in the French mediterranean area.

2 Materials and Methods

CMMs combine a discrete component for the "no rain” events and a continuous component
for rainfall intensity and can be written as :

P(y;v) = (1 — @)d(y) + ago(y; to), (1)
no rain rain>0

where o is the rain probability, o(-) is the Dirac function, ¢o(+; ) is the density for
rainfall intensity with parameter ¢y and v = (o, ). In [3], ¢ -;1/103 1s the Gainma

density. We propose to use mixtures instead. We can take into account the dependence
of the distribution of precipitation on large-scale atmospheric variables by considering
the parameters of the mixture as functions of these variables. A convenient way to im-
plement these functions is by means of a neural network (NN) [1]. The NN parameters
are calibrated by minimizing the negative log-likelihood of the conditional mixture over
the training set. We selected the hyper-parameters (the number of hidden units and
the number of components) via the cross-validation method, see [1]. We evaluate three
CMDMs which differ in the type of mixture components and compare them with the two-
component mixture from Williams [3]. We took Gaussian, Log-Normal or hybrid Pareto
([2]) as mixture components.

The local-scale data are precipitation from three rain gauge stations, Orange, Sete and
Le Massegros which are located in the Cévennes-Vivarais, in the French Mediterranean

1



area. Because of the Mediterranean influence and of the mountainous back country,
the Cévennes-Vivarais region is well known for intense rain events, especially in the fall.
We have daily rainfall measurements over 46 years (01/01/1959 -12/31/2004) from the
FEuropean Climate Assessment & Dataset (ECA&D). The set of predictors includes the
NCEP/NCAR (National Centers for Environmental Prediction/National Center for At-
mospheric Research) reanalysis sea level pressure (SLP) fields on a 6 by 6 grid cell regions
surrounding the stations. We also include as predictors three date variables representing
the year, the month and the week of an observation. Principal component analysis is
applied to reduce the dimensionality and remove the redundancy among the predictors.
We extract the four principal components in order to keep 90% of the variance of the
data.

The 46-year data set is split into a training set of 25 years (01/01/59 - 12/31/83) and
a test set of 21 years (01/01/84 - 12/31/04). The training set is first used to select the
hyper-parameters with the 5-fold cross-validation method. Then, each model is trained
anew on the whole training set with the selected hyper-parameters. The test set serves
exclusively for comparison and evaluation of the SDMs.

3 Results

The hybrid Pareto CMM being the most complex model, we first compare the other three
SDMs in terms of relative log-likelihood with the hybrid Pareto CMM on the test set.
Table 1 shows the relative log-likelihood on the test set along with standard errors for the
three competing SDMs on the three rain gauge stations. In bold font are the cases where
the hybrid Pareto CMM performed significantly better. We see that the hybrid Pareto
CMM outperforms the Gaussian CMM and the Gamma benchmark on all three stations.
However, we cannot really distinguish the hybrid Pareto CMM from the Log-Normal
CMM based on this criterion.

Gaussian Log-Normal Williams
Orange 0.02146 (0.003139) 0.0022512 (0.001910) 0.02275 (0.002866)
Sete 0.01595 (0.003034) -0.003530 (0.001647) 0.01847 (0.002690)
Le Massegros | 0.01948 (0.006671) -0.004606 (0.002121) 0.02068 (0.003005)

Table 1: Relative log-likelihood (std. err.) on the test set between the hybrid Pareto CMM
and the other SDMs (Gaussian and Log-Normal CMMs and Williams’ model). Positive
numbers indicate that the hybrid Pareto CMM performed better. Significant differences are
in bold font.

We randomly generated data for each SDM corresponding to the predictor values
on the test set. This was repeated a thousand times. Fig. 1 illustrates the QQ-plots for
Orange, on logarithmic scale, between the observations and the simulations for the hybrid
Pareto CMM, left panel, and for Williams’ model (right panel). Models which are in
accordance with the data should be close to the diagonal line. We see that Williams’ model
is less apt at modelling both the central part (over-estimation) and the upper part (under-
estimation) of the distribution. In Fig. 2, we first analyze the seasonal cycles of the rain



probability (left panel) and of the 99% quantile (right panel) of the hybrid Pareto CMM
on the Orange test set. We can identify from Fig. 2 two seasonal modes, around March
(03) and October (10), which translates into higher probabilities and amounts of rain
around these two months, while summer (i.e., around July) presents lower probabilities
and amounts of rain. This is globally in agreement with the observations over the test
set, showing the same features. In Fig. 3, we finally look at the conditional densities
of the hybrid Pareto CMM associated with different atmospheric conditions, that is for
different predictors, for the rain event at the Orange station with the highest volume of
rain (322 mm in 09/08/2002-09/09/2002) in the test set. The left panel of Fig. 3 shows
the central part of the conditional densities while the right panel represents the upper
tails in logarithmic scale. Each curve corresponds to a different day which is connected
in the legend with the amount of rain observed on that day in chronological order (from
top to bottom). From Fig. 3, we see that the conditional density is very responsive to
changes in atmospheric conditions and that globally, days with heavy rains correspond to
heavy tailed densities and days with no rain to almost flat densities.
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Figure 1: QQ-plots on logarithmic scale of the simulated precipitation versus observations
> 1mm on the Orange test set for the hybrid Pareto CMM (left panel), and Williams
model (right panel). The horizontal lines are the empirical unconditional quantiles from
observations of the test set.

4 Concluding remarks

To our knowledge, CMMs are used for the first time in a downscaling context and open
interesting ways to study the interactions between large- and small-scale climate variables.
CMMs extend the two-component mixture proposed initially by Williams [3] which has a
discrete component like CMMs to model rainfall occurrence but relies on a single density,
the Gamma, for rainfall intensity.

We draw the following conclusions from our analyses on the three stations in the French
mediterranean area: 1) CMMs have clear advantages over Williams model in terms of flex-
ibility to represent both the central and the extremal part of rainfall intensity distribution
and 2) the choice of component in CMMs depends on the data. In our case, Gaussian
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Figure 2: Daily seasonal cycles of the rain occurrence probability (left panel) and of the
99% quantile (right panel) from the observations (black line) together with an empirical
90% confidence interval (grey band) and median (white line) from the hybrid Pareto CMM
for the Orange station test data.
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Figure 3: Conditional densities for the hybrid Pareto CMM day by day for a period with
the highest volume of rain in the test Orange data. Fach daily density is represented with a
different color which is represented in the legend in chronological order, from top to bottom,
with the amount of rainfall observed.

components are not well suited. Log-Normal CMMs offer a good performance and are
more straightforward to implement than hybrid Pareto CMMs. However, the assumption
of heavy tails of the hybrid Pareto CMM seems more realistic for the precipitation data

considered in this work.
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Abstract: The high resolution Air Dispersion Modelling Sgst (ADSM)-Urban
represents an advanced model to simulate the koatic and non traffic related
contribution of PMo. The aim of our study is to provide a Bayesiarmiaork to
improve exposure estimates of RMombining observed data from monitoring sites
with ADMS-Urban numerical model output. To illugaour approach we use RPM
daily averaged values for 46 monitoring sites imdlon, over the period 2002-2003 and
output from ADMS-Urban. Different spatio-tempordfustures are investigated and
compared in performance. We demonstrate that addavgriates on environmental
characteristics of sites and meteorological chaoges time improve the precision and
accuracy of the concentration estimates.

Keywords: Bayesian inference, Particulate matter polluti®pace-Time model,
Kriging, Random Walk.

1. Introduction

In the last decade urban air pollution has becomelewvant topic of epidemiological
and environmental research. The concern over it®rad health effects has led to
considerable efforts on the development of numknuadel to estimate exposures for
these complex mixtures. The high resolution Air geision Modelling System
(ADSM)-Urban represents an advanced semi-Gauss@elnwidely used to assess
and simulate the dispersion into the atmosphersonfe important pollutants, such as
particulate mattex 10 um in aerodynamic diameter (RY| released from industrial,
domestic and road traffic sources (Carruthers.&Qf0).

The aim of our study is to provide a Bayesian spemporal framework to improve
exposure estimates of RpMcombining particulate matter data from monitorsites
with ADMS-Urban model output. Several modellingastigies have been suggested in
the Bayesian literature to combine observed datamaodel output (e.g. Fuentes and
Raftery 2005; Sahu et al. 2009; Mc Millan et all@0Berrocal et al. 2010). Our models
are framed in alownscaler perspective (Berrocal et al. 2010), assuming Eidi is
characterised by a spatial and temporal componem; extend this approach
incorporating additional relevant spatial or tengd@ovariates: long-range transport of



PMyq, site type, day of the week and temperature. Tdréopnance of our modelling
approach is assessed using: 1) indexes of modebri 2) a cross-validation
perspective.

2. Materials and M ethods

Data description and study area

The dataset consists of Rjtaily averaged concentrationsg(m®) that were observed
at 46 monitoring sites in London, over the peri@d®2-2003. The monitoring stations
present different environmental conditions, soneeiaisuburban or urban locations (no.
22), and others are located near road (no. 20jgbhhbusy kerb site (no. 4). The mean
distance between the sites is 17813.3 meters (raBg@4-45297.3 meters). The
proportion of missing data is 8.8%, varying acrtss monitoring sites from 0.7% to
28.4%. The missing values are assumed to be misginggndom and being in a
Bayesian perspective, they are imputed througlpdiséerior predictive distribution.

The second main source of information is the medediutput for local traffic and non
traffic from ADMS-Urban, based on grid cells. Itsha limit of 1500 on the number of
source road links that can be modelled; monitositgs were therefore buffered to a
distance of 300 metres, and all road sources withah range selected for modelling.
Emissions from other sources for each 1 km gritlwete also modelled.

To take into account the contribute of a long-racg®ponent of Plyh, we included the
monitoring station at the rural site of Harwell 0~&m west of London). Harwell
represents a good indicator for long-range trarispioair masses: it is surrounded by
predominantly agricultural land, and the neareatlris located at 140 metres from the
station. In addition, we included in the analydise type of site (sub-urban or urban,
road and kerb sites), the day of the week (Mond&aly, Saturday and Sunday or
Holiday) and the temperature at the Heathrow metegical station, measured at 1.25
m above ground level (with linear and quadratieeti.

We performed a preliminary exploratory analysis chhishowed spatio-temporal
variation in the concentration levels of PMFigure 1 shows the mean concentration
levels: a) by site (quartiles of Rilvalues distribution) and b) by day for each month
(year 2002). The analysis of autocorrelation cogedm of time series (not shown)
suggests serial dependencies.
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Figure 1: PM;o concentrationsa) Plot of mean values by site (U=Urban/Suburban;
R=Road; K=Kerb); b) Box plot of daily mean valugsrbonth (year 2002)



Bayesian Hierarchical Models

Let Y, denote the response variable (log-transéal PM, data) at locatiore  and tinte
The response is modelled as a space-time procéssdalby Y, ~ N(y,,0?).

We consider the following possible models fops

Model 1- u, =a+ g rural,

Basic model. Approximately half of the RMcan be considered secondary or natural,
being made up of PM formed from gaseous precurgorea salt, thus this analysis
includes only the long-range component @Rlbserved at rural site of Harwell) that is
assumed to follow a second-order random walk natiestary in time model.

Model 2 - py =a+ B rural, + B, .adms,

Multivariate model that includes, as well as thekggound component, the output from
numerical ADMS-Urban model and its coefficients agssumed to vary spatially
through a Bayesian Kriging. We specified a Unifopnior distribution for the
correlation decay parameter with range chosen basedrior beliefs about the
maximum and minimum correlation at the largest amdhllest distances of the M
values. Prior range for correlation at minimum a@ste was between 0.10 and 0.99;
prior range for correlation at maximum distance Wwesveen 0 and 0.30.

Model 3- 4, =a +B,rural, +f,.adms, +SBype, + B,dow + Bitemp, + Stemp
Multivariate model that incorporates spatial andperal dimension of the data, as well
as the spatio-temporal covariates (site type, dalyeoweek, temperature).

We assumed a separate variance for eaclv&iteth awnoderately informative inverted
gamma prior. We adopted vague normal priors foritiercept coefficientr and the
regression coefficientsS;, B,, Bs, Bs-

To validate our models, we randomly partitioned thenitoring network in four
subsets. For each subset, a single subsamplaisegtas the validation data for testing
the model, and the remaining subsamples are usedi@ag data.

The deviance information criterion (DIC; Spiegetbalet al. 2002), is used to analyse
the model fit. In order to compare the performantedhe models, we adopted the
empirical coverage of 95% credible intervals (95%@ie average length of 95%ClI,
the mean square error (MSE), the adjustédril the mean fractional bias (MFB).

We present the results obtained from one subset; #ne consistent for the other
subsets.

3. Results

The model comparisons via DIC show large differenamong the models: the third
one, which considers the spatio-temporal struchsrevell as the additional covariates,
had a smaller DIC (-3506.7) than the first two (DKSpectively equal to 19388.6 and
15574.1). Cross-validation summary statistics amnved in Table 1.

Coverage Average Adjusted
Model | "lo length woncl | MSE R MFB
1 95.42 43.15 116.89 0.47 0.10
2 95.66 43.37 106.86 0.47 0.12
3 96.67 32.09 53.81 0.73 0.05

Table 1. Summary statistics for cross-validation predictio




Table 2 presents the posterior distribution of m@adeameters for Model 3. The effect
of the monitoring site type shows that RMevel is significantly higher for road and
kerb sites than for suburban/urban sites. LevelPdfo are lower on Saturdays
(significant) while Sunday or Holidays are not sigantly different from weekdays.
High temperatures are associated with high conagor of PMo. Finally, the
relationship between observed values and modellgpub from ADMS-Urban shows
spatial variation (Figure 2).

The posterior median of daily temporal effect (jpaeterf:;) associated with long-range
component (not shown) presents a range of valoes {1.36 to 1.39 (95%Cl).

Parameters Median | 25% | 97.5%
o 2.787 | 2723 2.837 | _| S
B, (Road site) 0150 | 0.143] 0.158 | | ﬂiwﬂl Tl hfﬂHHH
B, (Kerb site) 0.220 | 0.205| 0.233 | § 1 :
B, (Saturday) -0.219 | -0.271] -0.172|
p,(Sunday or Holiday) | 0.070 | -0.006 0.147 |
B (Temperature) 0.122 | 0.112| 0.147 .
B, (Temperaturg 0.021 | 0.019| 0.026
Table 2: Posterior distribution of model Figure 2: Posterior distribution
parameters (on log-scale) of B, parameter (on log-scale)

4. Concluding remarks

Our Bayesian approach provides a natural way tobamendata from different sources
taking into account their uncertainties. We fouhdttadding “spatial” covariates (e.g.
site type) and “temporal” ones (day of the weekpderature) increases the precision
and accuracy of the estimated values ofi M
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Abstract: In this work we consider a joint space-time model for cancer inci-
dence, using data on prostate cancer collected between 1988 and 2005 in a specific
area of France. Our aim is to take into account possible non linear effects of some
covariates and zero-inflation due to data aggregation for Poisson regression. We as-
sume that counts of cancer cases follow zero-inflated Poisson distribution, where the
probability of zero inflation is a monotonic function of the mean. The purpose of our
analysis is to check whether the French prostate screening programme, which begins
in 1994, results in a spatial or a spatial-temporal change of the pattern of the disease.

Keywords: Spatio-temporal model, cancer incidence data, zero inflation

1 Introduction

Cancer registries represent epidemiological instruments which are aimed at provid-
ing population based cancer incidence and mortality summaries. Usually the data
are stratified by age group, year and geographical unit of residence. As the counts
of cancer cases are distributed according to these variables, the dataset exhibits a
proportion of zeros higher than would be expected under the Poisson distribution.
The problem is also known as zero-inflation (Lachenbruch, 2002) and is common
in ecological studies. We make the assumption, justified by the nature of the data
analyzed, that the probability of zero inflation depends on the set of stratified vari-
ables. In this work we analyse data on prostate cancer incidence collected between
1988 and 2005 in the North-East of France. We present an approach to analyze
the space-time evolution of the disease taking into account also possible non linear
effects of other covariates (such as age) and the zero inflation due to extra Poisson
variation. Prostate is a type of cancer which usually does not have a spatial distribu-
tion. Here we are interested in the space-time evolution of the disease to investigate
if the prostate screening programme started progressively in the region since 1994
has a direct implication on the space or space-time evolution of the cancer.

!The second author was partially supported by Visiting Professor program of ”"Regione Au-
tonoma della Sardegna”



2 Materials and Methods

Our data consists of all cases of prostate cancer (C61.- in the ICD-10 classification)
diagnosed between the 1st January 1988 and 31st December 2005, in the region of
Haut-Rhin in France. The total number of cases is 6878. The distribution of the
number of cases aggregated over age groups (9 categories), across the 26 geographical
units, each year has mean of 14.2 cases while the median is 10. Due to covariates,
the data set counts were spread over 4374 cells with 1935 zeros (44% of the cells are
equal to zero). Our objective is to detect effects of time, space, age and age-time
interaction on the number of new prostate cancer cases, taking into account an high
proportion of zero counts. We thus build different zero-inflated models and compare
them using marginal likelihood.

Zero-inflated Poisson data are often analyzed via a mixture model specifying
that the response variable, Y, comes from a mixture of 0 with probability w and a
regular Poisson component of mean A with probability 1 —w (Lambert, 1992).

Covariates may then enter into the model through the mean A and/or through the
probability w. Here we consider a zero-inflated generalized additive model (Chiogna
and Gaetan, 2007), where the mean of the regular component and the probability
of zero-inflation are each modeled as a function of some nonparametric smooth
predictors. As usual we assume that the mean of the Poisson distribution A is equal
to E(u) where E indicates expected number of cases under direct standardization
and p is the relative risk. For the log risk we consider the following linear predictor:

log(ttatr) = Natr = f1(ageq) + fo(yeary) + fs(ageq, year,) + fi(east,,north,) (1)

aec{l,...,9} te{l,....18}, r € {1,...,26}, fi(:), f2(-) are smooth functions of
the covariates age and year modeled using cubic regression splines, fy(east,, north,.)
is a thin plate regression spline, while, for modelling the smoothed age-time in-
teraction, we use tensor products allowing smoothness parameter selection to be
independent of the different scale of the covariates (for more details see (Wood,
2006)). We make the assumption that the probability of zero inflation is a linear
function of the covariates. We are in the framework of constrained zero-inflated
generalized additive model (COZIGAM) ((Liu and Chan, 2010)). In particular we
consider the following two specifications:

1. Model 1: the dependence is constrained in such a way that the probability of
zero inflation is linearly related to linear predictor. We have:

logit(wae) = @ + 0Nagr;

2. Model 2: the proportional constraint can be generalized by assuming that the
proportionality constant is specific to each additive component, specifically:

logit(watr) = B+01f1(ageq)+02 f2(year:)+0s fs(ageq, year)+0s fa(east,, north,).



In both model the linear predictor is specified as in equation (1).

Because there is no closed form for the marginal likelihood, Laplace method is
used to approximately compute the likelihood (Liu and Chan, 2010). The analyses
have been performed using the R package COZIGAM (Liu and Chan, 2010), relying
on mgev package (Wood, 2001).

3 Results

According to the marginal likelihood, the best model is Model 2. In Table 1 are
reported the values of the significant proportionality coefficients estimates for the
best model, which provides strong evidence of a significant relationship between
these smooth components in the mean of the non-zero-inflated distribution and in
the zero-inflation probability, on their link scales. These values emphasize the main
role that age plays on the zero-inflation, compared with the effect of time.

Figure 3 displays the smooth function estimates of Model 2. We can see that:

e The estimate of the time effect shows an increase of incidence up to 1995 then
a strong decrease up to 2001 then an increase.

e the combined effect of age and time is quite relevant, in particular a progressive
decrease in the age for the maximum incidence along time is evident.

e The estimated spatial effect is slightly significant. Fxcept some boundary
effects, there is a little peak of incidence in the north of the region (where a
city of around 70,000 inhabitants is) and again a peak on the south-east part,
difficult to separate from the boundary effect. Adding the spatio-temporal
interaction in the model mod4 yields a non-significant effect.

Covariate estimate standard error pvalue
B 3.9939 0.85714 p < 0.00001
5, s(age) 0.8859 0.04692 p < 0.00001
dy  s(year) 2.595 1.150 p=0.024
d3 s(age, year) 1.237 0.29 p < 0.00001

Table 1: Significant coefficient estimates of the constrained generalized additive
model

4 Concluding remarks

Zero-inflated generalized additive model provides a method for modeling incidence
data by taking simultaneously into account possible non linear effects of continuous
covariates and the spatio-temporal evolution of the disease. The number of extra
zeros seems in particular linked to the age group. The aim of such study is to check
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Figure 1: Effect of time, joint effect of age and time and spatial effect estimated for
Model 2

whether the spatial pattern of incidences changes over time. The main finding is
that there is a strong temporal effect, while the spatial effect is not very strong (not
quite significant) and the spatial effect does not change over time (the space-time
interaction was not significant). If we link the aspect of the main temporal effect
with the development of the screening, it seems that the effect on the prostate cancer
incidence is relevant since 1998 whereas the beginning of the organized screening
campaign is 1994. This difference is probably due to a certain time for the screening
programm to be fully efficient in the population.
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Abstract: We consolidate the zero-inflated Poisson model for count data with
excess zeros (Lambert, 1992) and the two-component model approach for serial cor-
relation among repeated observations (Dobbie and Welsh, 2001) for spatial count
data. This concurrently addresses the problem of overdispersion and distinguishes
zeros that arise due to random sampling from those that arise due to inherent char-
acteristics of the data. We give a general quasi-likelihood and derive corresponding
score equations for the zero-inflated Poisson generalized linear model. To introduce
dependence, a spatial-temporal correlation structure comprising forms for fixed time,
fixed location, and neighbor interactions is required; construction using techniques
from the theory of Markov point processes is investigated.

Keywords: Generalized estimating equation (GEE), spatial count data, zero-
inflated counts, zero-inflated Poisson model, nearest-neighbor marked Markov point
processes, Dirichlet tessellation.

1 Introduction

Let y;; denote the number of occurrences of an event observed at t = 1,...,T;
time points for each subject i = 1,...,n, and let x; € R? be a vector of measured
covariates. Such data is often modeled through a generalized linear model to provide
greater flexibility, specifying a form for the expectation, E[Y;] = Ay = ¢! (x;tﬁ),
with B a ¢ x 1 vector of unknown parameters, and the link function ¢(-) commonly
taken to be the log function. Under a Poisson distribution, the variance is equal to
the mean, Var(Y;;) = Ay = E[Yy], which in practice may be too restrictive; often
the data exhibit E[Y;] = Var(Y;;), known as overdispersion.

Lambert (1992) has presented zero-inflated Poisson (ZIP) regression, giving rise
to a new class of regression models for count data with an abundance of zero ob-
servations. In a ZIP model, the non-negative integer response Y is assumed to be
distributed as a mixture of a Poisson distribution with parameter \;, and a distri-
bution with point mass of one at the value zero, with mixing probability ay; the
non-zeros and a portion of the zeros are modeled by the usual Poisson probability.

'Research supported in part by the Swiss National Science Foundation, Grant No. FN 200021-
116146



Dobbie and Welsh (2001) adapt the generalized estimating equations approach of
Liang and Zeger (1986) to zero-inflated spatial count data, addressing dependence
by incorporating a correlation matrix. They model the abundance of zeros via a
two-component approach: the zeros are modeled separately from the non-zeros;
first, absence versus presence (zero versus non-zero) is described by a logistic model,
and then conditional on presence, the non-zero counts are described by a truncated
Poisson distribution.

We work in the context of a Poisson generalized linear model, consolidating
the two aforementioned approaches to construct generalized estimating equations
for the zero-inflated Poisson generalized linear model comprising spatial-temporal
dependence. Attributing some of the zeros to the Poisson distribution avoids con-
ditioning on the responses, and provides a more intuitive approach to occurrence of
zeros in the data. The data of interest are weekly counts of Noisy Friarbirds (Phile-
mon corniculatus) recorded by observers for the Canberra Garden Bird Survey:
attributing a probability weight of zero observations to a point mass distribution
and its complement to a Poisson distribution allows for the distinction between zero
counts arising due to an inherent characteristics that may induce zero observations
(e.g. inadequacy of the region where measurements were taken for the survival or
reproduction of Noisy Friarbirds), and zero counts arising at random. In consider-
ing dependence, the theory of nearest-neighbor Markov point processes proves to be
useful in constructing covariance forms for the zero-inflated spatial data.

In this paper, we detail the theoretical results behind the work to be presented at
the 2011 European Regional Conference of The International Environmetrics Society
(TIES), “Spatial Data Methods for Environmental and Ecological Processes — 2nd
Edition”.

2 Methodology

We implement the zero-inflated Poisson model of Lambert (1992) to address overdis-
persion, and obtain a likelihood and score equations, which, following Dobbie and
Welsh (2001), turn out to be generalized estimating equations in the style of Liang
and Zeger (1986); we incorporate dependence into the model following Diggle et
al. (2009). In constructing a space-time dependence structure, we focus on the
neighbor interaction component and outline the theory of Markov point processes
relevant to this aspect.

The Zero-Inflated Poisson Generalized Linear Model. A non-negative, integer-
valued random variable describing a discrete number of occurrences for a cross-
sectional unit ¢ at time period t is said to follow a zero-inflated Poisson distribution
with parameter \; € (0,00) and mixing probability a; € (0,1) if

v 0 with probability o, (1)
* Poisson(\;)  with probability (1 — ay).



The parameters Ay, oy are allowed to depend on auxiliary covariate information,

for simplicity we assume the same auxiliary information. It follows that E[Y;] =

(1 — a) A and Var(Yi) = (1 — i) Mie(1 + apAir) and indeed E[Y;] < Var(Yy).
Under this model, the observations are generated by

exp {yaxj,B — €7}

Prob(Yi: = yi|xit) = aul(ye = 0) + (1 — auiz) vl
it

(2

where 1(-) denotes the indicator function; the probability of observing a zero is

PrOb(}/;‘t = O|X1,t) = Ot —+ (1 — O‘it) exp{ _ exfit,@}'

Likelihood and Score Equations. The log—lillielihood for the zero-inflated Poisson

model is {(ay, B) = Z log <ait+(1_ait)e—exitﬁ)+ Z (yitxgtﬁ—e";“’—log vir!),
,t:y3¢=0 i,t:y;4>0

which gives the following score equation with regard to 3:

0
%f(amﬁ) = Z (yit - )\it)

PI‘Ob(Kt = 0) — Qi
Prob(Y;; = 0)

Z (Yt — Ai)xie = 0. (3)

1,t:y;£=0 1ty >0

Modeling the mixing probability «;; as any differentiable function of another pa-
rameter 7y, a; = ay(7y), the score equation for the ZIP model with regard to ~
is

0 Prob(Y;; > 0) 0oy 1
57 P) =2 Broh(v, = 0) 0y T=ay " @
Note that ratio of probabilities in this latter equation provides an intuitive odds-
ratio interpretation of the weighting between the two probability components.
Introducing Dependence. Following Dobbie and Welsh (2001) and Diggle et
al. (2009) in the setting of marginal models, we introduce dependence by extending
the score equations (3) and (4) to comprise a 27; x 27; spatial variance-covariance
matrix. Diggle et al. (2009) show that for marginal models under appropriate param-
eterizations, the score equations assume a form of a generalized estimating equation
(Liang and Zeger, 1986), whose solution gives a consistent estimator:

/
(g—g) Var(Y) (Y — u) = 0. (5)

In the spatial-temporal setting, the covariance requires structures for fixed time,
fixed location, and neighboring interactions. Models for the former cases are readily
available in time series analysis and spatial statistics literature. In our application
to Noisy Friarbird counts, the latter case is of particular interest, since, depending
on the region partition, observations in one region is likely to influence that in
nearby regions: vicinities of unsuitable habitat regions may also be less suitable,
thus influencing a low-valued observation. This motivates the use of techniques



of nearest-neighbor Markov point processes and random tessellations to address
neighbor interaction as well as region partitioning.

Models for observations generated by marked Markov point processes can be
augmented to allow interactions to depend on the realization of the process by
generalizing the spatial Markov property, as shown by Baddeley and Mgller (1989).
Moreover, the spatial interaction in a marked Markov point process can be analyzed
conditional on the positions of the points, since the conditional distribution of the
marks given the point configuration is a Gibbs process on the finite graph defined
by the points. Dirichlet tessellation is shown to satisfy nearest-neighbor conditions
in the construction of such processes where each point interacts with its neighbors,
notably that of the invariance of connectivity between any two points under the
addition of a new point, unless it is a neighbor of both points.

3 Concluding Remarks

The spatial-temporal zero-inflated Poisson generalized linear model addresses overdis-
persion present in space-time data comprising excess zeros, while providing greater
flexibility in the modeling and interpretation of zeros due to random sampling and
those due to characteristics of the data, and may be extended to incorporate spatial-
temporal dependence. The nature of such data motivates the consideration of neigh-
boring interactions when constructing forms for dependence, which then inspires the
use of techniques of nearest-neighbor Markov point processes, allowing for the gen-
eration of spatial points with interaction that is conditional on their positions. This
two-fold approach to the challenges of zero-inflated, correlated spatial-temporal data
will indeed prove to be applicable in various ecological and biological contexts, and
useful in general applications in diverse fields of science.
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Abstract: A new approach to ecological analysis on disease mapping is intro-
duced: a semi-parametric approach based on M-quantile models. We define a Pois-
son M-Quantile spatially structured model. The proposed approach is easily made
robust against outlying data values for covariates. Robust ecological disease map-
ping is desirable since covariates at area level usually present measure-type error. We
consider a spatial structure in the model in order to extend the M-quantile approach
to account for spatial correlation between areas using Geographically Weighted Re-
gression (GWR). Differences between M-quantile and usual random effects models
are discussed and the alternative approaches are compared using the Scottish Lip
cancer example.

Keywords: disease mapping, ecological analysis, M-quantile regression, Robust
models, spatial correlation, Poisson regression, geographically weighted regression

1 Introduction

Disease mapping involves the analysis of disease incidence or mortality data often
available as aggregate counts over a geographical region subdivided for administra-
tive purposes. Such aggregate data are often relatively easy to obtain from gov-
ernment sources. More difficult is to obtain the measures, at aggregated level, on
explanatory covariates that could be considered as known or putative risk factors.
Ecological regression on disease mapping mainly focuses on the estimation of risk
in administrative regions and the analysis of the association between risk factors and
disease. In ecological analysis related to disease mapping, data usually exhibit over-
dispersion. The latter is usually considered in the model by way of random effects
introduced on the model. Clayton and Kaldor (1987) proposed the use of a Poisson-



gamma model for relative risks using an Empirical Bayesian approach (referred to as
EB below). This model was generalized by Besag et al. (1991) into a fully Bayesian
setting using a Hierarchical Bayesian model with a spatial structure (referred to as
BYM below). So, ecological disease mapping typically rely on regression models
that use both covariates and random effects to explain variation between areas.
These models depend on strong distributional assumptions and require a formal
specification of the random part of the model. Moreover, they do not easily allow
for outlier-robust inference due to covariates at areal level that could be measure-
type error prone.

In this paper, we describe a new approach to ecological disease mapping: Poisson
M-Quantile regression (referred to as PMQ below). Raughly speaking, the idea is
to model quantiles like parameters of the conditional distribution of the target vari-
able given the covariates. Unlike usual random effects models, M-quantile models
do not depend on strong distributional assumptions and are robust to the presence
of outliers due to measure-type error on covariates. We introduce easily a spatial
structure extending the M-quantile approach to account for such spatial correlation
between areas by way of appropriate weights at the estimation step (see Salvati et
al., 2011). The used approach to incorporate such spatial information is Geograph-
ically Weighted Regression: the relationship between the outcome variable and the
covariates is characterised by local rather than global parameters, where local is
defined spatially. Differences between Poisson M-quantile and traditional random
effects models are discussed and compared using the Scottish Lip cancer example.

2 Poisson M-Quantile regression

We define an extension of linear M-quantile regression to count data. M-quantile
regression (Breckling and Chambers, 1988) is a “quantile-like” generalization of
regression based on the influence function (M-regression). The M-quantile of order
q, ¢ € (0,1), of a random variable Y with continuous distribution function F(-) is

the value @), that satisfies
Yy —
el (52)] -0
Oq

where o, is a suitable measure of the scale of the random variable Y — Q,, ¥,(€) =
2¢(e) [qI(e > 0) 4+ (1 — q)I(e < 0)] and ¢ is an appropriately chosen influence func-
tion: the Huber “small ¢” second proposal specification with ¢ = 1.345, ¥ (e) =
el(—c <e<c)+csgn(e)(le] > c).

Breckling and Chambers (1988) define a linear M-quantile regression model as
one where the M-quantile Q,(X; V) of the conditional distribution of ¥ given the
matrix of p auxiliary variables X corresponding to an influence function ) satisfies

Qq(XS w) = Xﬁqw




There is no agreed definition of an M-quantile regression function when Y is rates
parameterized Poisson. The most appealing, of course, is using a log-linear specifi-
cation

Qq(X;v) = texp(vgy)

where 7,4 = XS,y is the linear predictor and t the offset term (expected cases of
death). Cantoni and Ronchetti (2001) obtained a robust version of the estimating
equations for generalized linear models. We consider the extensions of this to the M-
quantile geographically weighted regression case (referred to as PMQGWR below)
following Salvati et al. (2011).

3 Scottish Lip cancer Example

Clayton and Kaldor (1987) and many others (i.e. Wakefield, 2007) analyzed observed
and expected numbers of lip cancer cases in the 56 administrative areas of Scotland.
Data were available on the percentage of the work force in each county employed
in agriculture, fishing or forestry. This covariate have been chosen because all three
occupations involve outdoor work, exposure to sunlight, the principal known risk
factor for lip cancer. In the present paper, we analyse this data using EB, BYM using
a convolution prior (exchangeable and spatially structured random terms), PMQ and
PMQGWR models. Figure 1 shows estimates of relative risk for considered models.
Results are similar. Poisson M-quantile models, seems smoother less than random
effects models. For PMQGWR sensitivity analysis to bandwidth choice has to be
considered.

EEEEEE0

Figure 1: Relative risks estimates using different models: EB, BYM gaussian con-
volution, PMQ and PMQGWR



4 Conclusion

In this paper, M-quantile models for ecological analysis on disease mapping are in-
troduced and investigated. In particular, we specify an M-quantile GWR model
that is a local model for the M-quantiles of the conditional distribution of the out-
come variable given the covariates. This model is then used to define a bias-robust
predictor of the small area characteristic of interest that also accounts for spatial
association in the data. These models offer a natural way of modeling between area
association and variability without imposing prior assumptions about the source of
this variability. In particular, with M-quantile models there is no need to explic-
itly specify the random components of the model; rather, inter-area differences are
captured via area-specific M-quantile coefficients. As a consequence, the M-quantile
approach reduces the need for parametric assumptions. In addition, estimation and
outlier robust inference under these models is straightforward. The proposed ap-
proach appears to be suitable for estimating a wide range of parameters and our
simulation results show that it is a reasonable alternative to mixed effects models
for ecological analysis on disease mapping.
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Abstract: Using reliable stochastic or deterministic methatdis possible to rearrange
an existing network by eliminating, adding or mayimonitoring locations producing
the optimal arrangement among any possible. Ingher, some spatial optimization
methods have been selected as more effective athasg reported in literature and
implemented into a software M-Sanos able to cauly @ complete redesign of an
existing monitoring network. Both stochastic andedministic methods have been
embedded in the software with the option of chogstase by case, the most suitable
with regard to the available information. Finalén application to the existing regional
groundwater level monitoring network of the aquitdr Tavoliere located in Apulia
(south ltaly) is presented.

Keywords: Environmental monitoring, Spatial simulated animegga Kriging.
1. Introduction

With the growth of public environmental awarenesd the contemporary improvement
in national and EU legislation regarding the envin@nt, monitoring has assumed great
importance in the frame of all those managerialvdigs related to environmental
protection and safeguarding. The recent techniedlszientific literature has produced
a huge amount of papers related to the Optimal Mang Network Redesign (OMNR)
(Barca et al., 2008; Wu, 2004). Typical OMNR prabseconsist in adding, removing or
moving one or more measurement point in the mangonetwork. Scientific literature
often refers to these cases as upsizing, downsiaimdy relocation. In general, the
OMNR is an optimization problem solvable throughk ttuantitative formulation of one
or more objective functions (OF), whose minimizatioan be achieved iteratively
through various network configurations that meedcd conditions of theoretical and
practical nature. The choice of the OF strongly estels on the goals and the
information available. Among the iterative optintisa methods, one of the most cited
in the literature is the so-called Spatial Simudafanealing (SSA) (Kirkpatrick et al.,
1983; Van Groenigen et al., 2000). Many of the rodthdeveloped for OMNR require
a huge computational effort, consequently, soméaastdeveloped software able to
perform this task which, however, generally deally avith one of the possible aspects
of OMNR (Hu and Wang, 2010; Naoum and Tsanis, 20@#gnez et al., 2005; Van
Groenigen and Stein, 1998; Passarella et al., 2003)



This paper presents a software developed in MATLABIe to solve any OMNR
problem. It allows one to use several approachegefohinistic, stochastic, mixed),
techniques (SSA, Greedy deletion) and OF (krigirgiance estimation, geometric
parameters). A case study based on the downsititige @roundwater level monitoring
network of the Apulia Region located in the aquiéérTavoliere (Southern ltaly) is
presented. Three piezometric stations have beeaveinfrom the existing monitoring
network, made of 30 measurement stations.

2. Materialsand M ethods

The proposed software is fundamentally made bytawdhk Downsizing Module and a
Network Upsizing Module, which allows one to sol@edifferent OMNR related
problems: (i) removing points from an existing moning network; (ii) adding new
points to the monitoring network; (iii) moving pdénfrom the existing location to
another one as a combination of (i) and (ii). Theppsed software provides suitable
techniques able to produce reliable optimal sohgito different OMNR problems once
the goals have been focused and the availablenmafiton has been evaluated. The
backbone of the software is the Spatial Simulatedealing (SSA).

Other three modules complete the software architecian Input Module, an Output
Module and an optional Variography Module (Optigndlhe input module has been
designed in order to support the user in this phdseh is strongly dependent from the
problem, the goals and the available data. An optizvariography module has been
added to the software capable of performing a fiest a model to the experimental
variogram. Once the input phase has been complbtedsoftware starts running,
showing, real time, the evolution of the curremingitory optimal configurations. The
output of the software consists in a list of therdinates of the redesigned monitoring
network together with some statistics and plotsasgntative of the convergence rate of
the method. The software has been named M-SANO& (M SANOS) in order to
honour the well known software SANOS (Spatial ANmgafor Optimal Sampling)
proposed by Van Groenigen and Stein (1998) whicthesfirst approach to OMNR
based on SSA. Starting from SANOS, new options haeen implemented in M-
SANOS, as the downsizing module, new OFs and hesisSeveral study cases have
been implemented in order to test the softwaraléity and efficiency. As an example,
a case study referred to the downsizing of the mptauater levels monitoring network,
consisting of 30 piezometers, and located in thafeiqgof Tavoliere in the Apulia
Region (ltaly) is presented. The study area extenes 1275 krfiand it corresponds to
the largest alluvial plain of southern Italy (fiy.1The simulation concerned the
elimination of three wells from the original coriigtion.

3. Results

The Mean KEV (kriging estimation variance) has beead as OF for the case study
simulation to reach the goal of increasing the ey for kriging estimations to be
carried out at unsampled points over the monitamed. Figure 1 shows the study area
and the starting monitoring network. A gaussianoggem model has been fitted to the
experimental data. After about 1300 iterations, itiethod converged to the optimal
configuration characterized by a correspondent evaifi the OF of 0.433. Figure 2
shows the resulting configuration; the three emgtys are those removed by the



optimization method, while Figure 3 shows the bémavof the correspondent value of
the OF f{itness value) vs. the iterations and the final configuration.
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Figure1: Study area. Figure 2: Results of the simulation:
greyed background = simulation grid;
empty dots = removed monitoring points.

In order to evaluate the effectiveness of the nuethpplied, the optimal network
configurations has been verified through complateneeration. In practice, all the

30
possible( 3] =4060configurations have been generated and the mininaloe of the

OF has been evaluated. This value corresponds lgxacthe fitness value of the
optimal configuration resulting from the simulatiddigure 4 shows the values of the
OF (mean KEV) for all the possible configurations tbe monitoring network in
descending order. It confirms that the minimum ealeorresponding the global
optimum, is just 0.433.

4. Concluding remarks

A software for optimal monitoring network redesi@@MNR) has been presented able
to add and/or remove measurement points from astieginetwork. It allows one to use
stochastic and deterministic approaches and toctselmong different objective
functions (OF) covering the main desired goals mifroization. The software works in
MATLAB environment and it is provided of different comgiidnal modules
embedded within a graphical user interface. A ctigdy has been presented related to
the downsizing of the groundwater level monitonregwork of the aquifer of Tavoliere
in Apulia (South Italy). Nevertheless, many othalidation tests have been performed
in order to assess the software reliability andcieficy. All these tests provided
excellent results. Further developments of thenso#t have already been scheduled in
order both to add new objective functions and imprihe user interface.



Figure 3: Behaviour of the current ~ Figure4: Values of the objective function

transitory optimal energyfifness value). (mean KEV) for all the 4060 possible
configurations of the monitoring network.

References

Barca E., Passarella G., Uricchio V.F. (2008). @pti extension of the rain gauge
monitoring network of the Apulian Regional Consami for Crop Protection.
Environmental Monitoring and Assessment, 145, 1, 375-386.

Hu M.-G.,Wang J.-F. (2010). A spatial sampling opgzation package using MSN
theory.Environmental Modelling & Software, doi:10.1016/j.envsoft.2010.10.006.

Jiménez N., Toro F.M., Vélez J.1., Aguirre N., (B)OA methodology for the design of
guasi-optimal monitoring networks for lakes and ergsirs. Journal of
Hydroinformatics, 7, 105-116.

Kirkpatrick S., Gelatt C.D., Vecchi M.P. (1983).pfnization by Simulated
Annealing.Science, 220, 671-680.

Naoum S., Tsanis I.K. (2004). Integrating multienia analysis and gis for assessing
raingage worth within an established network. JAWBRAurnal of the American
Water Resources Association, 40-6, 1449-1468.

Passarella G., Vurro M., D'Agostino V., BarcelonalM2003). Cokriging Optimization
of Monitoring Network Configuration Based on Fuzayd Non-Fuzzy Variogram
Evaluation Environmental Monitoring and Assessment, 82-1, 1-21.

Van Groenigen, J.W., Stein, A. (1998). Constrainptimization of spatial sampling
using continuous simulated annealidgurnal of Environmental Quality, 27, 1078-
1086.

Van Groenigen J. W., Pieters G., Stein A. (2000)tif@izing spatial sampling for
multivariate contamination in urban areBavironmetrics, 11, 227-244.

Wu, Y. (2004). Optimal design of a groundwater nng network in Daging, China.
Environmental Geology, 45, 527-535.



Comparing SaT Scan and Seg-DBSCAN methodsin
gpatial phenomena

Silvestro Montrone
Department of Statistics, University of Bari, s.frone@dss.uniba.it

Paola Perchinunno
Department of Statistics, University of Bari, p.g@nunno@dss.uniba.it

Samuela L'Abbate
Department of Statistics, University of Bari, sataabbate@dss.uniba.it

Cosimina Ligorio
Department of Statistics, University of Bari, cdigp@dss.uniba.it

Abstract: The aim of this paper is to group territorial tisnin areas of high intensity,
using SaTScan arfegDBSCAN clustering methods to aggregate adjacestiapnits
that are homogeneous with respect to the phenonagiog studied. SaTScan scans the
region of interest with a moving window and compgasesmoothing of the intensity
inside and outside it so that units belonging tatigpous windows with similar
intensity are aggregated into a cluster. On therdtland SegDBSCAN, a new version
of DBSCAN, limits the arbitrariness of the choickimput parameters and identifies
clusters as dense regions in space. As an applicate analyze geo-referenced data
concerning housing problems in Bari and we propps®mmparison between the two
methods presented.

Keywords: clustering, SaTScan, DBSCASBegDBSCAN, housing problems.

1. Introduction

Our work is prompted by the need to identify temdl areas and/or population
subgroups characterized by situations of hardshigtrong social exclusion through a
fuzzy approach that allows the definition of a meaf the degree of belonging to the
disadvantaged group. Grouping methods for teratamits are employed for areas with
high (or low) intensity of the phenomenon by usahgstering methods that permit the
aggregation of spatial units that are both comtiguand homogeneous with respect to
the phenomenon under study. This work aims to coenpao different clustering
methods: the first based on the technique of SaT&nd the other based on the use of
SegDBSCAN, a modified version of DBSCAN.

2. SaT Scan method

SaTScan scans the region of interest with a mowinglow and compares a smoothing
of the intensity inside and outside it: units bgimg to contiguous windows with
similar intensity are aggregated into a cluster [2]



The identification of clusters means, thereforedétermine an area in which a set of
points contributes to maximizing the incidence led phenomenon within the area and
to minimizing the incidence outside the area. lacgice, the technique involves placing
a monitoring window at random on the area of olkm®yu and then calculating the

value of an estimator both inside and outside tha before proceeding to the testing of
hypotheses.

3. Seg-DBSCAN method

DBSCAN (Density Based Spatial Clustering of Applioa with Noise) was the first
density-based spatial clustering method proposgdTHe key idea is that to define a
new cluster or extend an existing cluster, a neaghtiod around a point of a given
radiuse must contain at least a minimum number of pdifitsPts, i.e. the density in the
neighborhood is determined by the choice of a degdunction for two pointp andq,
denoted bydist(p,q). The greatest advantages of DBSCAN are that it olow the
shape of the clusters and that it requires only distance function and two input
parameters [1]. Their choice is crucial becausg thetermine whether a group is a
cluster of points or a simple noise.

In order to limit the arbitrariness of the choideaovalue to assign tg usually detected
by a heuristic procedure, in this work we develojmew algorithm: Segmented
DBSCAN (SegDBSCAN), a modified version of DBSCAN, in whichetltlusters are
aggregated considering multiple levels of value. of

Therefore, to define levels of, a value ofMinPts is fixed and we analyze the
distribution of the maximum radius of the corestthee groups formed bMinPts
points. Then, we build a histogram of this disttibn and we choose where there are
the histogram peaks that indicate a proximity & tlores of a cluster. As suggested in
literature, we can fix the value MinPtsto 4, and a number of levels ©kqual to the
number of the highest histogram peaks.

The final phase of the algorithm is to merge thestdrs obtained. The merging of two
clusters @ and G characterized by different levels of densityande; is obtained if

d(C., C,) < maxe, €,) @)
With this new algorithm, parameters no longer establishedpriori.

3. Distance function for application

The aim of our study is to identify the dense aiaasrms of intensity compared to the
considered index. For this purpose, instead ofiBeah distance a function was chosen
that warps the geometric space so that pointsateageographically close and have a
high intensity become even closer, while pointd @@ geographically close, but at
least one of which has a low intensity, become rdistant.

The function that links in these terms two poiAtendB of coordinatesA(Xa Ya, Wa)
and A(xs Ys, Ws) respectively, withO <{wa, Wg}<1l, is a weighted distance that is
obtained by dividing the Euclidean distance by amef order integer>0 :



\/(XA - XB)2 +(YA_ YB)2

t WA—t +WB—t 1
2

Observe that in this distance the triangle inedyaloes not hold, so it is a semimetric,
but this restriction does not affect the definisoof density-reachability and density-
connectivity necessary for DBSCAN algorithm [1].

With this function the distance increases in maigipairs of points with low intensity
value, so that they are penalized in the formatibdusters. Empirically it was verified
that the most appropriate value of tis 5.

d pesata( A B) =

2).

3. Application

This work aims to identify the land areas charaotel by situations of housing

problems by defining typical indicators able toireste the difficulty in small areas.

The case study uses data from the last PopulatidnHousing Census carried out by
ISTAT in 2001. The indices were calculated for eaebtion of the census of the city of
Bari [3]:

« incidence of the number of dwellings occupied byt#gayers with respect to the
total number of dwellings occupied by residents;

* index of overcrowding: the ratio between the totamber of residents and size
of dwellings occupied by residents;

» availability of functional services: landline teleme, the presence of heating
systems and the availability of a designated residleparking space.

These indices may be synthesized by a fuzzy ira#ained by "Total Fuzzy and
Relative" (TFR) method [3]; we denominate this niemex “disadvantaged housing
index”. It is a measure of an individual's degrdenmeembership to a disadvantaged
group and its range is between zero (if the indiglddoes not definitely belong to this
group) and one (if the individual definitely bel@ig this group).

Using the SatScan method, we identify differenstus each composed by a different
number of sections of the city of Bari.

The city of Bari presents various critical aredse btld town of San Nicola, the areas
surrounding the city center, Madonnella, Libertd &arrassi (the former characterized
by the presence of public housing complexes sucth@®uca degli Abruzzi). Less
critical, though more widespread, is the situationsome suburban areas such as
Carbonara and Ceglie.

The same data on housing problems were analyzidtine SegDBSCAN method by
associating geographic coordinates to the disadgantindex to obtain eight clusters.
The critical areas thus obtained do not exactiyhade with those identified by the
SatScan methodooth methods identified the old town of San Nicalad the areas
surrounding the city center - Madonnella, Libenal &£arrassi — as well as Carbonara
and Ceglie; but th&egDBSCAN method also identified the districts of S@ataldo
and San Paolo

We observe that SatScan identifies areas formeebbiiguous spatial units in which a
smoothing of the disadvantaged housing index ifopaed. This method is effective in



identifying areas of high or low intensity and thire may be a useful indication of
areas "at risk" to be monitored.

Like the SatScan metho8egDBSCAN identifies areas in which the spatial umtset

a criterion of adjacency, bi8egDBSCAN differs in excluding those areas where the
phenomenon is absertbegDBSCAN can exactly identify sections of the citytlw
housing problems. In the case of the San Nicol&idisthe old town of Bari, the
SaTScan method identifies the whole district (Féggla) while theSegDBSCAN
method identifies the same area of hardship but afalyzes the area in more detail
(Figure 1b). The method identifies the particulamps with a greater presence of the
phenomenon and excludes the points where the prermms not present because of
the restoration of historic buildings.
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Figure la: SaTScan method Figure 1b: SegDBSCAN method

4. Conclusions and futur e advancements

The proposed methodologies identify areas whene tisea high disadvantaged index.
As we have noted above, a comparison of the twohaast shows that th&eg
DBSCAN method is more accurate in identifying tipatgal units in which there are
housing problems. The future advancement of oukwwalf be to seek a cluster validity
index for spatial datawhich takes into account the noise points, thatakd from a
statistical point of view and that allows the aatarmeasurement of tisegDBSCAN
method.
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Fire, earthquake, landslide, volcano, flood:
a first approach to a natural hazard map of Italy
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Abstract: Several natural hazards have been synthesized in one map to obtain an
overall assessment of these phenomena. Space and time coherent data have been
searched for: minimum disaggregation available was the province and matching year
2007. Two indices of susceptibility have been calculated for fires and landslides; for
seismic hazard the median value of provincial values of maximum ground acceleration
has been used. For each index, provinces have been classified in four quantile levels. A
weighted average of the three classified levels has been calculated with weights
proportional to annual expenditure for every type of event. Results are meaningful at
ordinal scale and cannot be interpreted as a measure of risk. Floods and volcanoes have
been mapped, too, thus obtaining a global overview of the main natural hazards in Italy.

Keywords: natural hazards, integrated data, composite indicator, overview map

1. Introduction

In a future scenario, territorial information systems could provide an interactive map
which crosses vulnerability caused by several natural hazards and the value represented
by the population and human artifacts, outlining the concept of “risk”. It is possible to
figure out a complex integration of hazard maps, vulnerability maps and value maps to
represent the spatial distribution of risk, enabling, for example, an individual citizen to
evaluate the risk of being in different places. The foundations of this work lay in the
answer to a few questions: to what extent can data on various natural hazards be
integrated? Do current knowledge and tools enable to build an integrated view of such
risks? How realistic and significant can a synthetic measure be?

A first step towards a risk map is the integration of the various hazards. This work aims
at providing an integrated framework of natural hazards, through authoritative sources,
available at Italian national level in a consistent way, both in space and in time alike. It
has been inspired by some previous research aiming at synthesizing different
environmental hazards into one global measure (Arnold et al. 2007, European
Commission 2007, ISPRA 2008).

2. Materials and Methods

Data are related to very different phenomena and parameters. The minimum territorial
unit has been forcibly the province, because, for some phenomena, that was the highest
level of detail available for the entire territory. Given the difficulty of correlating data so
different in nature and spatial trend, a synthetic index of dangerousness for each type of
event has been created. Data are described in detail here below.

« Landslides: surface of landslide areas in 2007 are published by the National Institute



for Environmental Protection and Research'. The ratio between the landslide area and
the surface of the mountain-hill area® for each Province has been calculated: it
represents the quote of landslides in the areas potentially affected by landslides.

« Forest fires: data on forest areas and burnt forests in 2007, published by the Fire
Service of the State Forestry Body, enabled the calculation of a similar index: the
percentage ratio between the wooded area affected by fires and the total wooded area in
each province.

« Earthquakes: In 2006 the National Institute of Geophysics and Volcanology published
data on seismic hazard in terms of maximum ground acceleration with 10% exceeding
probability in 50 years, referred to bedrock, calculated on a grid of points, with a step of
0.02 degrees They measure the acceleration at which the ground is expected to be
exposed and are not a measure of seismic risk, which should include also the losses
caused by earthquakes, in terms of direct casualties and damages. The 55,689 points on
the mainland have been attributed to the corresponding province, except for Sardinia
where data were not available. The median of the values of seismic hazard within a
province has been used as a synthetic provincial measure. The choice has been made
after a thorough exploratory data analysis with the aim of identifying a single summary
measure enabling to sort the provinces on the basis of seismic hazard, similarly to what
has been done for landslides and fires. However, the size and shape of the provincial
administrative areas are such that many provinces have highly variable values (e.g. the
province of Reggio Calabria has a bimodal distribution). In such situations, the
characterization of the entire province by the median value can be misleading, since the
intra-provincial variability is high and it is linked to geo-structural factors, such as
capable faults and geodynamic activity.

The indexes for landslides and forest fires are both composition ratios, perfectly
comparable in general terms, except for the reference period: for landslides it has its
upper limit in 2007, but it also includes landslides originated in previous years and still
active, while for forest fires only areas burned in 2007 have been considered. The
indicator of seismic hazard has a completely different nature: it represents the median
value of ground acceleration within a province.
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Figure 1: Hazard indexes by province - Italy, 2007

To bring the indicators back to a common scale, for each of the three hazard indices,
provinces have been classified according to their position in the national ranking with
regard to distribution quartiles: 25% of the provinces with low values, 25% medium-
low, 25% medium-high, 25% high values (fig. 1). This can be viewed as an extension of
the normalization method for indicators above or below the mean.

Finally, a synthetic measure of the joint dangerousness of the three events has been
calculated in order to obtain a single integrated map of the various hazards: it has the

' IFFI project - Inventory of landslides in Italy.
? The mountainous-hilly areas have been calculated by using National Institute of Statistics data on Italian municipalities at 2009.



advantage of offering a synthetic view of the hazards for all the natural disasters
considered at provincial level.

To take into consideration the different impact of events in terms of damage, estimated
annual costs incurred in Italy because of these events have been used as weighs. In other
words, to each of the three natural disaster index a weight has been assigned,
proportionally to the severity of the outcomes, assessed in billions of euros of damage
per year. For forest fires, an estimate of € 0.6 billion> spent in 2007 has been used, for
earthquakes a cost of € 3.4 billion* and for landslides the value of € 1.5 billion per year
have been estimated. Weights, interpretable as relative severity coefficients, have been
calculated as the ratio between the annual cost per event (landslides or earthquakes) and
annual expenditure for fire events, i.e. the less expensive event. These are the values:
Fire-weight = 1, Landslide-weight = 2.5, Earthquake-weight = 5.7. In order to
differentiate the values and widen the range of provincial indicators, the sum of
weighted values of the three indices has been chosen. The formula is:

[1] H = Fw * Fire-1 + LW * Landslide-1 ¥ + Ew * Earthquake-i

The implication connected with linear aggregation, i.e. that there are no synergies or
conflicts among the different aspects considered, seems acceptable. The composition
method is elementary, one could say rough; this is because, at this preliminary stage of
the research, the desired output didn’t want to be a ranking of provinces, but rather a
classification of provinces into four ordinal classes to be mapped.

To complete the picture, floods recorded in 2007 and areas potentially affected by
volcanic eruptions have also been represented on the map. Volcanoes are concentrated
in few areas of the country and it would have been pointless to calculate the danger in
all the provinces. For floods, unfortunately, it was not possible to calculate an indicator
similar to the others, since no areal pieces of information on affected and potentially
affected zones were available for the entire country.

3. Results

This first synthetic map of natural hazards in Italy highlights the danger deriving from
the relatively young geological age of our peninsula. High values of the synthetic index
are observed along the Apennine ridge and in alpine areas still tectonically active, i.e.
Friuli Venezia Giulia in the north-east. The map is strictly connected to the morphology
and the active geodynamic processes and it identifies the southern provinces as
characterized by high hazard levels, since they are subject to dangerous natural
phenomena with high destructive potential (earthquakes, landslides, volcanoes). Such
phenomena have different degrees of freedom, and often do not occur in a cyclical way,
i.e. times of recurrence cannot be calculated or predicted. The synthetic index draws a
geography of hazard that may be useful for planning actions or for directing resources
aimed at mitigating the effects of such phenomena. Unfortunately, the level of data
disaggregation (province) is not adequate to identify any smaller “black spot”.

* A study conducted in Spain by WWF estimated a cost of 5,500€ per hectare of forest burnt. As in 2007 in Italy 116,602 hectares
were burnt, the total annual expenditure incurred due to fires is estimated to be €0.6 billion.

* According to the Italian Civil Protection “earthquakes which struck the peninsula [Italy] have caused substantial economic losses,
assessed for the last forty years in approximately 135 billion euros”.

* According to data coming from the Census of landslides from 1918 to 1994 (32,000 landslides surveyed) conducted by the
National Research Council (CNR) - Project GNDCI AVI - the damage caused each year amounted on average to 1 or 2 billion euro.



low | quartile
medium-low 1
medium-high 111

- high v

a volcanoes

floods 2007
1

N

o

0) 2
3

®

Figure 2: Synthetic natural hazard index by province - Italy, 2007

4. Concluding remarks

The calculation method and the system of weights are subjective and only enable to
arrange provinces in a rank made of four values. The result does not allow a fine
evaluation of the global hazard in quantitative terms, since it is significant only in
ordinal scale, i.e. the numerical differences between the indices of two provinces are not
significant, neither can this be interpreted as a measure of risk. Furthermore, the
expected period of recurrence of the phenomena is not taken into account. Alternative
normalization, weighting and composition methods could be used to evaluate the
performance of different composition procedures (OECD, EC, JRC, 2008); Multi
Criteria Evaluation (MCE-GIS) could be performed, too (Chen et al., 2001). Anyway,
beyond technical statistical issues, the major point here seems to be the scarce
availability of spatially detailed, comparable and timely information. Nevertheless,
despite these limitations, the final map offers a synthetic view of the natural hazards at
provincial level and has the advantage of a comprehensive look at all the natural
disasters taken into consideration - fires, earthquakes, landslides, volcanoes, floods -
based on standardized methods for the entire country.
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Abstract: In this work some of the analysis and inference techniques developed
recently for spatial point patterns are applied in order to analyze spatial patterns of
wildfire ignitions recorded in Galicia (NW Spain) in the period 1999-2008.
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1. Introduction

Spatial point patterns arise in a wide variety of scientific contexts, including
seismology, forestry, geography and epidemiology, (Diggle, 2003).

Wildfire is the most ubiquitous natural disturbance in the word and represents a problem
of considerable social and environmental importance. In this work we analyze the
spatio-temporal pattern of wildfire ignitions in Galicia (NW Spain), where arson fires
are the main cause of forest destruction, in order to model and predict fire occurrence.
Such information is of great value in elaborating fire prevention and fire fighting plans.

2. Materials and Methods

Data set:

In this study, the spatio-temporal pattern of wildfires recorded in Galicia during the
period 1999-2008 is analyzed. Galicia is located in the North-West of the Iberian
peninsula and has a surface area of 29,574 km® (11,419 sq mi), which 69% is covered
by forests. The total number of fires recorded in the study area from 1999 to 2008 is
85,134. In addition to the spatial location and the date of occurrence of the ignition
points, we consider two marks: cause (arson (82.5%), natural, negligence, reproduction
and unknown cause) and the size of the burned area.

Statistical methods.
A spatial point process X is a stochastic model governing the locations of events {xi;

i=1,..,n} in a bounded region Ac R*(Diggle 2003). If the point process contains

' (MTM2008-03010)



associated measures or marks, it is referred as a marked point process. A point process
is characterized by the probability functionP(N(A)=N), whereN(A)=#(x eA),

which is the probability of finding N events in the region A, and by its first and second
order characteristics. The (first order) intensity, A(X), is the point process analogue to the
mean function for a real-valued stochastic process. Second order characteristics describe
the spatial structure of point processes and are based on the analysis of pairs of points.
Although several second order characteristics have been developed to describe point
patterns (Diggle, 2003), this work focuses on the analysis of the reduced second order
moment measure or Ripley’s K-function. (Ripley, 1977), which expresses the expected
number of events within a ball b(x,r) centred in an arbitrary event x. The point process
is stationary and isotropic if its statistical properties do not change under translation and
rotation, respectively. Under these conditions the intensity function is a constant A,
equal to the expected number of events per unit area. In the non-stationary case, the
intensity depends on the individual locations.

The first step in the analysis of an observed spatial point pattern is to test the complete
spatial randomness (CSR) hypothesis, under this assumption the data are a realization of
a homogeneous Poisson process, which is characterized by two properties: (i) the

expected number of events (fires) in a flat area (study area) Ac R”of surface area |A|
has Poisson distribution with mean A|A|, and (ii) for n events {x;, i=1,...,n} in A, these
are a random sample of the uniform distribution in A. The constant A in (i) is the
intensity of the process. According to (ii), there are no interactions between events
(Poisson). This property acts as a dividing hypothesis between regular and aggregated
patterns.

In this work, the stationarity assumption was tested by the measure of inhomogeneity
proposed by Comas et at. (2009):

S :J‘Auxl—i(x)udx (1)
where 1=N/A and /i(x) the non-parametric kernel estimator of the intensity (Diggle,

1985).
The second order structure of the observed patterns was characterized by the estimate of
the inhomgeneous K-function proposed by Baddeley et al. 2000:
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where wj; is Ripley’s edge correction factor. Specifically, a Monte-Carlo test based on
the inhomogeneous L-functionL,, . (r)= /K. (r)/7z was applied to test the Poisson

hypothesis, since it is easier to visualize dependence between points, as for a Poisson
process Linnom(r)=r.

The wildfires database is a spatial point process marked by cause and size of the burned
area. Spatial interaction between events of two types occurs when different types of
events are either closer or further apart than expected under independence. This
hypothesis is tested applying a Monte Carlo test based on the inhomogeneous L-cross
function. For ease of comparison the L-index (Genton et al. 2006), that enables
presentation of the test for several pairs of patterns in a single plot, and its simulation
envelopes were computed to analyze the spatial dependence between ignition points in
pairs of sequential weeks.




3. Results

As described in section 2, the dataset contains the ignition points of wildfires reported in
Galicia during the period 1999-2008, marked by cause and size of burned area. In this
section we present some results of the analysis of wildfires recorded in the whole period
and, for ease of interpretation, wildfires recorded in 2006.

In order to characterize the degree of inhomogeneity of the different patterns, the

maximum value (§max) of {é;)b:l)_“’B}, for B=20 realizations of a homogeneous

Poisson process involving the same number of fires as the observed pattern, was

compared with the empirical S for the original pattern. When $>$ , we reject the

stationarity assumption. This test shows that all the patterns analyzed should be
considered non-stationary, see results for fires classified by cause in table 1. The kernel
intensity estimates for these patterns (figure 1) confirms the importance of arson fires in
Galicia and shows that the South and South-West of the region are the most conflictive
areas, expect for natural fires, which present higher intensity in the East.

Fires | § S
obs max
Arson 70223 | 41939.7 | 1667.0
Natural 887 526.6 | 101.0

Negligence 4224 | 1707.6 | 255.2
Reproduction | 2574 | 2224.4 | 242.6
Unknown 7226 | 4844.7 | 423.7
Total 85134 | 48161.2 | 1707.8

Table 1: Stationariy test for wildfires recorded in 1999-2008.
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Figure 1: Kernel intensity estimate for wildfires by cause in Galicia 1999-2008. Bottom
right: comparison between arson fires and rest of causes.

Independence L-tests applied to some spatial patterns of wildfires recorded in 2006 are
shown in figure 2. Comparison of inhomogeneous L-tests (top left and middle) shows
more evidence of aggregation for arson fires than for natural fires. The inhomogeneous



L-cross (top right) shows positive interaction between small and large fires up to 6 km.
Finally, the L-index test shows positive spatial interaction between wildfires in
consecutive weeks assuming both homogeneous and inhomogeneous patterns, although
the evidence is higher for the homogeneous test.

iz 3000 ipnamagasas s M 05 Lt e spanes Y

Figure 2: Second order analysis 2006. Top left: Inhomogeneous L-test arson fires;
middle: inhomogeneous L-test natural fires; right: L-cross small-large fires. Bottom: L-
index for consecutive weeks.

4. Concluding remarks

In this work we have seen the utility of spatial point processes in the analysis of
wildfires.

Taking into account the results obtained, we propose to include meteorological and
socioeconomic variables in order to fit an accurate spatial model. Finally, we propose to
consider the spatio-temporal point pattern defined by spatial location and starting date
of wildfires, test for separability and fit a spatio-temporal model.
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Abstract

In area frame surveys a mixed approach consistmgthe observation of the
surroundings of a not reachable point combined withophoto interpretation needs to
be used in the locations that are particularly remand difficult to reach. In this
situation a simplified nomenclature has to be aupfor some land cover categories due
to the difficulties in properly distinguishing anpspecific classes. In the estimation
phase the resulting observations can be considaffedted by a sort of partial non
response phenomenon. Classification of land cowelead is available only at
aggregated level. A donor based methodology is geeg to impute this missing
detailed information. Assuming that neighbouringing® are affected by spatial
autocorrelation, potential sets of donors are ifledt among points within different
distance thresholds. Capability of the method ofrestly imputing the missing
information is discussed and its robustness astesséerms of two different cost-
functions both based on the maximum distance obdeamong potential donors and
recipient points.

Keywords. area frame survey, missing data, hot deck imputaspatial data

1. Introduction

Area frame surveys usually foresee people gointhéofield and colleting in-situ
information that are visible on the ground. Thisuldo be the case of crops,
environmental parameters, forestry features armhso
Since the accessibility to the point can be diffidar many reasons (fences, military
areas, wild animals, etc.) it could be the casé tthilasome units it is impossible to
assess the land coverage in-situ. In these sihgtite recourse to a mixed approach -
consisting in the observation of the surroundinigthe point combined with orthophoto
interpretation - is frequently adopted. As a comsege a simplified nomenclature
needs to be applied for some land cover categduesto the difficulties in properly
distinguishing among specific classes (i.e. duruheat from oats and barley). In the
estimation phase the resulting observations cardmsidered affected by a sort of
partial non response phenomenon (some detailedmatmon on land cover is missing).
Classification of land cover indeed is availabléyat aggregated level.

Various methodologies are available to cope withtiglamissing data information
(Little & Rubin, 1987). When data are affected pwtsal correlation, the location of the
sampling units can play an important role in thedgetion of the missing information.



2. Imputation strategy for an area frame survey

One of the methodologies most commonly used to @agfe missing data issues is
the hot deck imputation (King C. S. & Bogle R. RQ03, Gabriella Schoier, 1999). It
consists of filling in missing values on incomplegeords using values from similar,
but complete records of the same dataset or extdataset. The identification of the
best donor for each incomplete record can be basedifferent criteria like distance
function matching or nearest neighbour. When spdéita are considered and sampling
units are portion of land, physical distance amgogts usually represents a good
indicator of similarity. Nonetheless to guarantelustness of the imputation procedure,
techniques taking into consideration the distributof the set of donors need to be
considered.

A methodology is proposed here taking into consitien both the need to look at
the distribution of the land cover classes amomgdibnor sets and the minimization of
an overall indicator of distance between donor @agpient point.

The main steps of the methodology for each poifect#d by partial missing
information are the following:

» Five distance thresholds are defined (10, 15, 2@l 30 km));

» five nested sets of donors are set up composeli thiegpoints belonging to
the same stratum and lying progressively furthéthad recipient point (in a
circle of ray equal to the threshold distance);

» asort of ‘standardized modal value’ of the disitibn of each set of donors
is computed standardizing the relative frequencgawh land cover class by
the general share of the corresponding land covttrel country;

 the best donor set/value among those previously ugetis selected
maximizing a gain function;

« the modal value of the selected donor set idatied to the recipient point.

2.1 The standardized modal value

The standardized frequency of each land coverdonar set is computed dividing the
relative frequency of each land cover in each deebby the corresponding share in
the population
I7I_,s = rL,s/rL
Where

r_.standardized relative frequency of the Land Cowér In the donor set s-th

r_ relative frequency of the Land Cover L-th in trendr set s-th
r, relative frequency of the Land Cover L-th in thapulation

The standardized modal value is the land coversdi@ving the highest standardized
relative frequency.

This device was introduced to avoid that the doradue was biased in favour of land
cover classes that have the largest share in thergepopulation.

2.2 The gain functions



Two gain functions are proposed both linked to itieximum distance of the
points belonging to each set of donors (ray ofdihgle) and the modal frequency of the
land cover observed on the points belonging to edmmor set. The aim of these
functions is to favour the choice of the donor eatost frequently found in the closest
surroundings (measured as absolute distance Jrafrdee recipient point.

The first function is expressed as the ratio of tiedal frequency and the area of
the circle centred on the recipient point. It esgrow typical is the modal value in the
area of circular shape surroundings the recipienttp

G, =, /(Maxd, f*7)

The second cost function is based on the linedantg. It provides a measure on
how further it is needed to go to find donor-vatapresentative of the area.

H, =ry, /Maxdy

Where:
k=1,...,s,..., ng set of donors satisfying the conditions

1) {iOds:iOs+1,.....n, }
2){0i0s, jOs+1:d <d, |
M. modal land cover class of the distribution of skt set of donors;
ry, standardized frequency of the standardized modal ¢aver class of the

distribution of the gh set of donors;
dy, distance of the donors having the modal land colass from the recipient;

Maxd,, maximum distance from the recipient point of tlenars having the
modal value.

3. A case-study: the European Land Use and Cover Area frame Survey
(LUCAYS)

The capability of the method of correctly input sigy data is tested on the
European 2009 LUCAS survey. The LUCAS (Land UseKtdstatistical Area Frame
Survey) survey is a field survey based on an ai@ad sampling scheme (Martino &
Fritz, 2008). Data on land cover and land use alleated and landscape photographs
are taken. Eurostat carried out the largest eveCAS campaign in 2009. It collected
data on the ground on land cover, land use andstape diversity on approximately
234,000 points. Those points were selected frortaadard 2 km grid with in total 1
million points all over the EU. The land cover atieée visible land use data were
classified according to the harmonized LUCAS laader and land use nomenclatures.

The complete records of the LUCAS 2009
(http://epp.eurostat.ec.europa.eu/portal/page/pglutak/data/databagehave been used
to test the capability of the method of properlypirting the missing data through a
simulation exercise. Starting from the completedadgioints with arable and permanent




crops in Europe (46,296 out of 234,907) the trunel leover value of a single point has
been deleted, one by one, and all the other paintse same country/stratum (arable
land or permanent crop) have been treated as jdtdonors. Then distances between
the recipient point and the others have been cosdpand five nested sets of donors
defined according to the thresholds of 10, 15,28and 30 km respectively. The new
land cover category is imputed on the basis optioposed methodology.

Some quality indicators have been computed to et@lu

1. The capability of the methodology of imputing therect value (unbiasness) by

land cover (with 28 and 7 classes) and by coufitnys indicator is expressed as the

percentage rate of agreement between the imputkthartrue value;

2. The robustness of the obtained results with respetithe different distance

thresholds and gain functions. This is expresseédeasumber of times the same land

cover class is imputed out of the five potentias s donors and with respect of the
two different gain functions.
All the countries surveyed in 2009 have been inetuoh the simulation. Their diversity
in terms of land cover landscape (expressed asn®hakvenness Index) has been
accessed and analyzed in combination with the tyuafiithe results to better understand
whether it could be an important factor to impreolve quality of the simulation.

The overall rate of agreement is not significandijferent using the two gain
functions ranging between 41% and 72% (depending how detailed is the
nomenclature adopted. See Table 1) for gain functiand between 42% and 73% for
gain function 2. A large variability is observedcauntry level although.

Table 1: Overall rate of accordance with true lander

Gain function 1 Gain function 2
n. | % n. | %
Nomenclature 2 digit
Disagreement 31960 59 31600 58
Agreement 22286 41 22646 42
Nomenclature 1 digit
Disagreement 15138 28 14688 27
Agreement 39108 72 39558 73

The set of donor with the smallest size (10 kmadlise) seems to be the preferred
one when using the gain function 1, while the latgeet (30 km distance) is the one
providing donation most frequently when it goesht® second gain function.
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Multivariate geostatistical model to map soil properties at a
region scale from airborne hyperspectral imagery and
scattered soil field surveys: dealing with large dimensions

Monestiez P.*, Walker E., Gomez C., Lagacherie P.
Biostatistics and Spatial Processes, INRA, France; e-mail: monestiez@avignon.inra.fr

Abstract: Recent developments in soil sensing technologies, initially oriented towards soil
mapping at the field scale for precision agriculture, show high potential for digital soil mapping
(DSM) of large areas. We present here a spatial statistical model that combines hyperspectral
remote sensing, field measurements and, potentially soil types from existing pedological maps, to
predict soil properties as clay or calcium carbonate contents at increasing resolutions from 5m to
100m over large regions. Methodological difficulties arise from dimensional aspects. From a spatial
point of view, the geostatistical model have to be inferred from rare field soil samples and remote
sensing data that are patchy - only informative on bare soils - and very numerous - several thousand
records at fine resolution. From a multivariate point of view, soil properties have to be predicted
using PLS from high dimensional — 256 bands — hyperspectral data. To illustrate the proposed
approach, a 25-square-km area located in the vineyard plain of Languedoc was surveyed with both
airborne hyperspectral remote sensing data at a 5-m resolution and a survey of 200 points with soil
measurements. Various maps of clay and calcium-carbonate content were produced by block co-
kriging and represent different compromises between prediction accuracy and spatial resolution.



Optimal location and size for a biomass plant: application
of a GIS methodology to the “Capitanata” district
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University of Foggia, Via Napoli 25 Foggia — Italy
m.monteleone@unifg.it

Abstract: The aim of this work is to outline a methodological procedure to assess the
most advantageous logistic use of agricultural residues (such as straws) in order to
supply a biomass energy plant using the economic criterion of the maximization of the
NPV (Net Present Value). A GIS (Geographic Information System) neighborhood
statistics procedure was applied in order to locate the biomass plant.

Results showed that the optimal radius of the supply basin was not related to (but
independent of) both total amount and spatial distribution of biomass resources within
the basin; differently, biomass availability strongly affected the size of the plant and the
corresponding NPV. Therefore, the optimal plant location was at the center of the
geographical area constantly characterized by the highest biomass density at different
orders of scale.

Keywords: straws, biomass plant, optimization, GIS, neighborhood statistics.

1. Introduction

“Capitanata” is a geographical area of the Apulia region with a very large availability of
straws, agricultural residues obtained from winter cereal crops. The total area
considered in this study takes into account a part of “Capitanata” called “Tavoliere” and
comprises neighbouring districts that belong to three different southern regions of Italy:
Puglia, Basilicata and Campania, respectively (Fig.1, A); within a total area extended
665,000 hectares, 400,000 hectares are cultivated with winter cereals (average surface
fraction F=0.6) from which 480,000 tons of straws are annually potentially produced.
As the size of the power plant (P) increases also the total amount of electricity produced
and sold increases; however, the greater amount of feedstock needed to satisfy plant
demand requires greater transportation distances, thus increasing the total hauling costs
(Leboreiro and Hilaly, 2011). As a result of these competing factors, an optimal radius
of the supply basin and an optimal plant size which maximize the profitability of the
investment should be detected. The optimum plant size is also significantly impacted by
the economies of scale; for the sake of simplicity, we have not considered this aspect in
the present short paper. The economic criterion applied to reach these “optimal”
solutions is to maximize the NPV (Net Present VValue) of the overall project investment.
We were specifically interested in defining three main features: 1) the “optimal” radius
of the biomass supply basin (R*); 2) the “optimal” geographic location of the plant
within the same basin; 3) the “optimum” size (or capacity) of the plant (P*).

Land planning in the bioenergy sector requires the processing of geo-referenced data,
with particular emphasis on the spatial distribution of the available biomass resources
(Rozakis et al., 2001a). On this respect, GIS software applications are an essential tool
to work out spatial analysis from digital maps of land use and of the road network.
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2. Materials and Methods

2.1 Preliminary spatial procedures. The spatial analysis was performed using ESRI
ArcGIS software package 9.1. The database employed is the CASI-INEA land use map
(2001); the land class “non-irrigated arable land” is strictly related to the presence of
winter cereal crops from which straws derive.

Firstly, a regular grid (each cell being 2,000 x 2,000 meters corresponding to S=400
hectares) was overlapped to the vector land cover map so that it was possible to estimate
the wheat surface fraction (F;) in each reference unit (cell). The available straw per unit
of cultivated area (Y) was estimated equal to 1.2 t ha™ y* of dry biomass. The “biomass
map” was then obtained multiplying, in each cell, S by Y and by F; (Fig.1, B). Secondly,
taking into account the provincial and national road networks, downloaded from the
National Cartographic Service, it was possible to compute the distance between
whichever hypothetical plant location and the centroid of each cell belonging to the
whole area under study (Alfonso et al., 2009) so that the transportation cost of the total
biomass could be determined.
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cash flow that is financially brought back to the starting year of investment, applying a
discount factor. Subtracting from this discounted capital the initial investment, the NPV
is obtained; it represents the net profitability resulting from the overall activity
undertaken.

Considering a hypothetical cell of the grid and supposing to locate the plant inside it,
the distances D; of each other cell from the chosen one can be determined. With respect
to each cell, the corresponding F; value can also be assigned. The cost estimation
exactly followed the procedures reported by Caputo et al., 2005.

To test the effect exerted on R, P and NPV by different patterns of biomass spatial
distribution, F; has been changed from the actual values to those reconstructed in order
to simulate three different conditions: 1. the highest F; values are assigned to clustered
cells close to the plant (spatial decreasing biomass density); 2. the highest F; values are
still assigned to clustered cells but far away from the plant (spatial increasing biomass
density); 3. constant F; values (spatial uniform biomass density). These three different
simulation scenarios were compared with each other. In a second set of simulations, the
economic model was applied to the actual F; but three different Y values (the reference



value, an increase and a decrease equal to 30%, respectively) were considered, the total
available biomass being
Quot :ZQi =SY 'ZFi :

2.3 Spatial analysis. The plant location was determined applying a spatial
“neighborhood” statistic function to the raster “biomass map”. The statistic function is
the “mean” and the neighborhood is a circular moving window. A “moving window”
consists of a subset of the raster map; the result of the function is assigned to the central
cell of the window, and the whole process is repeated for each cell in the map (Varela et
al., 2009). In this study, the average biomass density of the grid parcels (t ha™) was
considered. According to this procedure, spatial variation at the local level can be
quantified and more details are revealed with a general smoothing effect on the original
dataset (Zhang et al., 2007). In particular, as the window size used for calculation of
neighborhood statistics increases, the smoothing effect of this statistical procedure
became stronger, resulting in clearer patterns which emphasize the persistence of a
certain number of areas with very high density values which can be eligible to plant
location. For this purpose, six density maps were produced performing a neighborhood
statistics according to a circular moving window whose radius varied from 2 to 7 cells
(corresponding to 4 and 14 km).

3. Results

The “optimal” radius of the biomass supply basin, the one corresponding to the
maximum NPV, showed to be independent of the particular spatial distribution of the F;
value within the grid (Fig. 2.A); this was invariably observed with respect to any of the
three different F; vector (decreasing, increasing and constant F; values, respectively).
Since the average F value was fixed and equal to 0.6 for the three vectors, P* and Qi
are the same for the three simulations (Fig. 2.A). The “optimal” radius is also unaffected
by the tOtaI available biomaSS QtOt ——decreasing Fi values increasing Fi values ——constant Fi values
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values of biomass density;
nevertheless, the persistence
of some cells with very high
density  values is  still
registered. The areas that are
characterized by a persistently
high biomass density, through
different orders of scale, can
be considered the most
suitable for the location of the
facility.

4. Concluding remarks

Results showed that the
optimal radius of the supply
basin was not related to (but
independent of) both total
amount and spatial
distribution ~ of  biomass
resources within the supply
basin; differently, biomass
availability strongly affected
the size of the plant and the
corresponding NPV.
Therefore, the optimal plant
location was at the center of
the geographical area
characterized by the highest
biomass density.
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Population Density in a City
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Abstract: The use of simple indicators may address towards incorrect assumptions
about regions. As for cities, for example, population density could lead to wrong
conclusions in social, economic and environmental analyses. We will demonstrate that
the density of Italian cities” population makes Rome seem a rural city rather than a
tertiary one, as it actually is. The aim of this paper is to show that some interpretations
in socio-economic analysis are potentially wrong and to introduce some alternatives by
using simple correctives like including environmental features. For instance, in the
centre of Rome, where population is more concentrated, we have calculated a density of
55577 inhabitants per sq km versus the current estimation of 1981 inhabitants per sq km
for the entire administrative territory.

Keywords: population density, spatial analysis, land cover.

1 Difficulties in describing a region by its density indicators

When data are related to different areas, a problem of comparability arises: it cannot be
said that city A (1 million people) is bigger than B (5 thousand people) if area A is
bigger than B. Statistics suggests to normalize the data by area for these cases. Urban
geography has based a lot of its considerations on population density as an index for
tertiary cities (Clark, 1951; Berry, Simmons and Tennant, 1963): the application of this
indicator is supported by literature. Rome is the biggest Italian city, but is population
density a real representation of the importance of a city, as suggested by literature?
Rome is not in the top ten Italian cities by density.

Indeed, there is no significant correlation between a city’s surface and its inhabitants.
As a matter of fact, the R? index, calculated on the 8,101 Italian municipalities, is equal
to 0.1465. It is clear that, if we want population density to mirror the importance of a
city, we need to consider the variability in city areas’ size. This is possible if one works
with coarser resolution data, for example if one considers data aggregated by provinces.
If we think about cities, we imagine them as series of contiguous blocks, but reality is
not always like that; we must introduce some information about land cover when
interpreting population density. An useful suggestion is to divide a city into different
zones and work separately on them. To do this, we need a very fine data resolution, for
example referring to the smallest zones used in census cells (enumeration areas).

The EEA official CORINE Land Cover (CLC) dataset is suitable for our aims: it
classifies the EU territory into land cover classes, with the aggregated class 1 meaning
“Artificial surfaces” (including the sub-class 1.1.1 “continuous urban fabric”), class 2
meaning “Agricultural areas”, 3 for “Forests and semi-natural areas”, 4 and 5 for
“Wetlands” and “Water bodies”. By superimposing enumeration areas to a CLC dataset,
by geographic coordinates of the perimeter of overlapping enumeration areas, we can
obtain the predominant land cover class for each enumeration area and then aggregate
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areas to re-calculate the density indicator (Table 1), where we can appreciate that it is
not exhaustive to say that Italian population density is about 200 inhabitants per sq km,
because the 79% of the population lives in just the 5% of the territory: the actual density
in this 5% is 3563 inhabitants per sq km.

CLC level Name sqg Km | Population | Density | % Area | % Populat.

1 Artificial fabric 12,262 (43,694,310 | 3,563.4 5 79

2 Agricultural areas | 135,575|10,817,936 79.8 60 19
Forests and semi-

3 natural areas 77,715| 1,090,776 14.0 34 2

Total 225,552 55,603,022 | 246.5 100 100

Table 1 — Italian population distribution by CLC 2006 code and population density

Population Density Density sq km for
rank City sqg Km |Population |(Population/sgkm) |CLC class 1.1.1 .

1 Roma 1,285| 2,546,804 1,981 14,682
2 Milano 182 1,256,211 6,899 16,152
3 Napoli 117 1,004,500 8,565 16,409
4 Torino 130 865,263 6,647 16,751
5 Palermo 158 686,722 4,322 14,892

Table 2 - Top five Italian cities by population, conventional density and density of 1.1.1
CLC class (our elaboration on CORINE land cover and Istat 2001)

Munic. Land cover

CLC 1 pop. | Percent| CLC 2 pop. | Percent | CLC 3 pop. | Percent | CLC 4+5 pop. | Percent
Roma (2,390,042 93.8| 155,904 6.1 786| 0.03 72| 0.00
Milano |1,241,329| 98.8 14,847 1.2 19| 0.00 16| 0.00
Napoli 934,861 | 93.1 58,762 5.9 10,877 1.08 0| 0.00
Torino 846,791 | 97.9 13,317 1.5 4,621 0.53 534 0.06
Palermo| 669,076 97.4 12,762 1.9 4884 0.71 0| 0.00

Table 3 - Top five Italian cities’ population distribution by city and land cover

Table 2 and 3 show different concentration for people living in different cities. Indeed,
there is a bigger difference between Rome and Naples than between Rome and Milan.
Given all of this, we must consider that population does not live in industrial areas, so
we should improve data resolution. These areas, like green areas, are not inhabited, and
by including them we underestimate population density. In conclusion, only the 1.1 and
1.2 CLC classes (respectively, urban and industrial fabric) should be considered.

With 9409 people/sq km, the 1.1.1 class is the most densely inhabited type of land in
Italy, while the 1.1.2 class (discontinuous urban fabric) is the most populated one only
because it is the widest (7718 sq km versus the 1312 sq km of the 1.1.1 class).
Population is more concentrated in 1.1.1 class, and density is the common criterion to
define cities.




2 Some considerations about Rome

The core city is the area where population is more concentrated, and this is identifiable
with land cover class 1.1.1, but we can consider the whole city area according to
different land covers, to have different scenarios. Our analysis of Rome considers a
radial city and the distribution of land cover and population.

Since Clark (1951), literature has studied the profile of cities without defining what a
city and its centre are. When a city is not homogeneously populated, it is very difficult
to get a good profile. To overcome this obstacle, we can use several variables related to
urban profile, i.e. density, distance from mean weighted centre of population and land
cover. We converted the CLC classification into 44 dichotomous variables: for each
enumeration area a 1 value is assigned to the class corresponding to its prevalent land
cover type , and a 0 value is assigned to the other 43 dichotomous variables. We
decided to run a cluster analysis on these data to obtain a classification under a new
urban perspective, considering all the variables at the same time (Table 4). Clusters may
be constituted by different types of enumeration areas: cluster 4 is composed by
continuous urban fabric and green urban areas, cluster 5 is composed by continuous
urban fabric, discontinuous urban fabric and green urban areas.

Prevalent Land cover code of enumeration area
Kms from Continuous Urban Discontinuous Urban Fabric | Green Urban Areas
Cluster centre Fabric (CLC 1.1.1) (CLC1.1.2) (CLC1.4.1)

2 1.731 0 1 0
4 3.684 1 0 1
1 5.223 1 0 0
3 6.141 1 0 0
5 10.431 1 1 1

Table 4 - Clustering Rome enumeration areas by density, distance and land cover

% Area
Cluster | Km from centre | Area sq km | sq km Population | % Popul. Density |N. of en. areas
2-4-1 3.546 7 0.5| 374,031 14.7| 55,577 818
3 6.141 48 3.711,120,155 44.0| 23,424 3,560
5 10.431 1,233 95.8/1,052,618 41.3 854 8,721
Sum 1,287 100.0{2,546,804 100.0| 1,978 13,099

Table 5 - Results of k-means cluster analysis for area and population

We found five clusters, but clusters 2 and 4 are very small, so we decided to join them
to cluster 1. We obtain a partitioned-in-three city (Table 5): the first part includes the
Central Business District, where land cover class 1.1.1 is predominant with the highest
density (55577 people/sq km). The second cluster is less populated than the first one,
with 23424 people/sq km and a prevalent land cover of class 1.1.1 too. The last cluster
contains a mix of land covers, with a very low density compared to the other areas (only
854 people/sg km).

Considering all clusters, the analysis of urban profile should go from the city centre to
the city boundary, and the central area could coincide (or not) with the most populated



zone. The presence of ruins in Rome city centre assigns this most densely populated
area to “discontinuous urban fabric” 1.1.2 class.
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Figure 1 - Distribution of clusters in Rome

3 Conclusions

This paper aims at showing how social indicators must be integrated with
environmental indicators to obtain a correct evaluation of a city population density.
Rome appears as a big green city with only 1981 people per sgkm, but, if we consider
only the sub-areas where people actually live, we can evaluate a density of 55577
inhabitants per sq km in the most populated areas, and a density of 23424 people per sq
km in the medium-populated ones; the 41.3% of the population lives in semi-
agricultural areas with only 854 people per sq km (Figure 1).

In the city of Rome, the urbanized area hosts the 58.7% of the population, and it is
undoubtedly very crowded. The simple density indicator does not allow a realistic
evaluation of living conditions.
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Abstract: A number of different mechanisms have been sugde® explain species
coexistence in diverse communities such as tropataforests. Spatial statistics appear
to hold great potential for distinguishing the etteof these in empirical data, and a
wide range of measures intended to describe spsitiatture have been proposed.
Using patterns generated by stochastic individaskeld models, we examine the
relative sensitivity of several of these measuoeprbcesses thought to be occurring in
tropical rainforests, and so assess the potemdalidentifying specific coexistence
mechanisms from empirical data. We then apply ritteasures to spatially explicit
census data from a number of large-scale tropaafarest plots in order to investigate
the manifestation of ecological processes in faspatial structure.

Keywords: spatial structure, coexistence mechanisms, tabpanforest

1. Introduction

Statistics that summarise spatial pattern are edtginterest in ecology, where a large
number of processes influence, and are influenggdspatial structure (Watt 1947;
Bolker & Pacala 1997; Lawt al. 2009). Spatial analysis is used for a wide rapige
purposes in plant ecology: for example to illumeathe relationship between
environmental conditions and community structurg.(Eharuket al. 2010; Obertegger
et al. 2010); to study interactions between species @durl1971; Wiegand 2007); and
to isolate the signals of environmental and intivaceffects and so assess their relative
importance in producing observed community striec{iuomistoet al 2003; Kraaret

al. 2010). This is particularly important to attempdsinvestigate the processes that
support the coexistence of species in diverse camtias such as tropical rainforests
(Brown et al. 2011). These processes may include niche diffeteon, lottery
dynamics, the Janzen-Connell effect, heteromyapiagutral drift.

The diversity of processes of interest has meaait ahvery large number of spatial
summary statistics have been developed, even e pdé those that have previously
proved successful. These statistics tend to riadl discrete groups. Some of the most



established and widely-used deal witdiversity (Whittaker 1972), summarising some
aspect of the turnover in species composition \site. Measures of neighbourhood
structure developed from spatial point process rihemowever, represent the bulk of
currently used spatial statistics (Wiegand & Molp2604; lllianet al. 2008).

While these measures have been useful both inigegerand inferential studies of
community ecology, their relative merits in detegtispecific processes have been
reviewed only infrequently (e.g. Koledt al. 2003). In fact, many such measures share
information used in their construction, and canlbpeken down into the individual
counts or measurements which comprise them (TableFurthermore, these can be
considered in a multi-dimensional framework desongbthe level at which they
operate. Information can be divided in this wainsen conspecific and heterospecific
levels, scale-independent and scale-dependentjnainddual, species or community
level. The ‘lowest’ level information can theredobe seen as scale-independent
descriptions of behaviour within species at thaeviddial level; the ‘highest’ as scale-
dependent multi-species community-level data. Messs of spatial structure use
information from several different levels, oftendgombination, and can be formulated
at higher levels by averaging some or all of tHermation they contain.

Here, we compare a limited number of popular messsaf spatial structure on the basis
of their ability to distinguish the spatial effeai models of species coexistence. Our
aim is to determine which of the individual piecgsnformation which comprise these
measures contain the most useful and robust signBiss allows for more accurate
consideration of which information, and in whatfipmrmay best be used for the study of
particular processes.

2. Materials and Methods

We consider a limited but representative numbemeasures of spatial structure that
exemplify particular techniques for summarisingtspalata. These measures can be
divided between three broad groups —pefliversity, within-species structure, and
between-species structure. We consider three memadescribing the spatial structure
within species: the degree of aggregation; the oreasf interspecific segregation; and
the proportion of conspecific neighbours. All aneended to operate at the species or
community level, although it is possible to calteldahe proportion of conspecific
neighbours at the individual level. Five measuttescribe spatial structure between
species: the individual species-area relationsl8pR); the mingling index; the spatial
Simpson index; the degree of association; and tossepair overlap distribution
(XxPOD). Several measuresBiliversity are also included, and defined as byelfadt

al. (2003).

In order to test the sensitivity of these differeneasures to modelled ecological
processes, we use data from stochastic individaséd models of a plant community
which provide multispecies spatial patterns unaitral, niche, lottery, Janzen-Connell
and heteromyopia assumptions. These were chosernheasprincipal theorised
mechanisms of species coexistence in diverse ptanmunities.



n; number of individuals belonging to spedigzer unit area

Nk number of individuals belonging to spedigser unit area

N;j(r)  number of conspecifics within a defined radius

N;j(r)  number of heterospecifics within a defined radius

Ni(r)  number of individuals belonging to speciewithin a defined radius

Ni(R) number of pairs of individuals belonging to sgsg and k separated by
distanceR (in practice, within range ¢+ dr)

Ac area considered in count of points

Tablel: Separate pieces of information used in spatial oreasonsidered here
3. Results

It is on the species level that most measures atiadstructure operate, making use of
the numerous pieces of information which descripeces-specific behaviour (Table
1). However, the differences these measures db&tateen models are often clearer
when expressed at the community level. An exangpléhe xPOD, which can be

defined as:

N (R) J
— J
A = J‘ lng(ﬂjn;‘.ﬂf

with terms as shown in Table 1. This measure dessthe spatial overlap of all pairs
of abundant species (with a threshold of 500 imhligls) in a community, and shows
substantial differences between models. Spedyiclshows that a far wider range of
behaviour is produced by the niche and lottery rfeottean any other, and the smallest
range produced by the Janzen-Connell model. Tlygests that species in the Janzen-
Connell model are more mingled than under newradnd species in temporal or
spatial niche models more segregated, on average.

These findings are confirmed by almost all of tlileeo measures which we consider,
and agree with theoretical predictions from eacldelied process. Importantly, those
measures which detect differences between the moalkl find higher levels of
conspecific clumping and lower levels of heterodpecningling in the niche and
lottery models, and the opposite signals in thedarConnell model. In addition, these
signals are found in single pieces of informati@thgred at or averaged to the species
level, prior to their combination to produce comelmeasures of spatial structure.

4. Concluding Remarks

In almost all measures (and at all levels), sorpecsof the same behaviour is detected.
In particular, the niche and lottery models prodetemped species which are not
mingled, the neutral and heteromyopia models predugy similar spatial properties,
and the Janzen-Connell model produces the leastpeld and most mingled species.
These findings are also apparent in single lowllgueces of information such as the
proportion of conspecific neighbours, when exprésat the species or community
level. In terms op-diversity, those measures which emphasise sinqulats of species
unique to pairs of quadrats find the largest dédfees between models. This suggests
both that the potential for distinguishing the mitete processes is limited to the spatial



characteristics listed above, and that relativefgpte measures of spatial structure,
operating at an appropriate level, have similacrthsinatory power as those which are
far more complex.
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Abstract: Graph theory derived models and measures are increasingly being used to
quantify landscape connectivity in order to contribute to conservation biology and
management. This is particularly relevant in the case of real landscapes in which local
actions may have crucial consequences for maintaining biodiversity on large scale. A
number of graphs were compared sharing an identical node weight definition and whose
link weights representing functional patch-connectivity, were derived from conceptually
different approaches. Habitat suitability was taken into account. Calculated patch-
connectivity was compared between all the graphs and these differences, evaluated by a
set of indices describing network properties at the element structure level, were
investigated.

Keywords: fragmentation, habitat suitability, matrix permeability, maximum entropy,
graph theory, connectivity.

1. Introduction

Since the 1960’s, the issue of species persistence in fragmented landscapes is crucial in
both conservation biology and landscape ecology. Amongst other approaches, graph
theory derived models and measures (Urban et al. 2009) are increasingly being used to
quantify landscape functional connectivity in order to contribute to species and habitat
conservation and management. Such tools have the potential to account for habitat
availability, dispersal ability, species habitat requirements and dispersal route quality.
These aspects are crucial to the conceptualisation and measurement of a landscape’
permeability to the movement of organisms and thus to actually measure functional
connectivity, as opposed to structural connectivity. However, landscape graph indices
and models - as well as other techniques taking into account a heterogeneous landscape
matrix - with desirable properties, may become too computation intensive for real large
landscapes. The aim of this paper is to investigate the trade offs between a switch from
binary landscape perspective to one embodying ecological continuity for a large real
landscape.



2. Materials and Methods

The study area (EU NUT3 ITF45 Lecce, 275,716) is characterized by a very low forest
share (1.4%) and a very high degree of fragmentation which challenge metapopulation
dynamics (Hanski; 1991). One such dynamic is the dispersal of fleshy fruit broadleaved
in pine plantations, likely to be mediated by bird species, among which the focal species
was selected and described in terms of both breeding habitat and dispersal distance
(5000 and 2500 m, 90-percentile). The habitat for the focal species was defined on two
spatial data sets: 1) a 2008 land use vector map (1:5000 nominal scale) with potential
breeding habitat (semi-natural woodland and plantations), and 2) a grid map (resolution
50 m) with probabilities of species-geographic distribution as a proxy to habitat
suitability. These probabilities were obtained by applying an Environmental Niche
Model (MaxEnt, Phillips and Dudik, 2008). The model was run using presence data
(128 points) from a sub-regional ornithological monitoring program (La Gioia and
Scebba, 2009). Several environmental predictor variables (i.e., land use, climate,
landform, density of water elements and semi-natural vegetation), Linear Quadratic
Hinge feature and a regularisation parameter equal to 3.0 , to compensate for potential
overfitting, were considered in the model specification. The habitat system was cast in
terms of graph theory, as a graph G, consisting of n nodes connected by m links. A node
here is a functional unit: a patch with a local population, obtained from the clustering of
nearby fragments likely to exchange individuals, within 250 m, which also served to
greatly reduce the number of units, while preserving the exact habitat area. Patch
population size is expressed as potential number of breeding pairs (reproductive units,
RU) for which focal species is proposed as a measure of node weight (w;). RU is
determined by the area of suitable habitat and quality of the area. This is obtained by
combining the definition of breeding habitat (vector format), with the MaxEnt derived
definition of quality (raster format). Four graphs, two for each dispersal distance, were
generated with identical nodes and node weights but different links. These were
calculated either from Euclidean distance (D) assuming a negative-exponential
relationship or with a simplification of the original GRIDWALK stochastic grid-based
movement model . Distance-based links are symmetrical, as opposed to movement
model based asymmetrical ones. The graph analysis was made as follows. Firstly, the
weights of all links and the distance-based values (pg) vs movement-based ones (pm)
were compared. Secondly, a set of published index, were based on the PC index
routinely used for landscape conservation planning and change monitoring applications
(Saura and Rubio 2010). These indices were compared at element level (Rayfield et al.
2011) by means of the measure of the individual patch’s importance (dPC), and its
breakdown into dPC(intra, flux, connector). The performance of a simplified, less
computationally intensive, version of such indices was tested. In particular, PCDP and
DE indices were considered. In PCDP index, the direct probabilities pj,weighted by
source and target node, are used instead of maximum product probabilities p’; . The DE
index (dispersal efficiency index),sums the values of all the fluxes in the graph. . In
itsspecification a flux is defined as source node weight multiplied by link weight (w; x
pij) and represents a relative measure of the number of dispersers expected to be
exchanged between patches. For both indices we can define individual patch
contributions, dPCDP and dDE as well. The map output similarities were evaluated by
a fuzzy numerical approach (Hagen-Zanker et al., 2006, http://www.risks.nl/mck/), an
extension to the numerical maps of Fuzzy Kappa method, generally used for comparing



http://www.risks.nl/mck/

categorical maps in order to account for fuzziness of locations and category. The
comparison result is represented by a third map, indicating for each location the level of
agreement in a range from 0 (non identical) to 1 (identical) between cells and by the
similarity statistics evaluated as average of a combined one-way similarity over the
whole map. An exponential decay function (2.5 km -5 km) was used for evaluating the
similarities between maps in order account for the function used to evaluate the
connectivity.

3. Results

The set of the statistical analysis on the model performance provided among MaxEnt
model output information indicate a good model performance. As expected MaxEnt
assigned different probabilities of distribution values to different patches (= 0.490,
0=0.184), and particularly to woodlands (z= 0.672, 6=0.220) and plantation (= 0.553,
0=0.167) patches even though they belong to the same habitat type (i.e. suitable
breeding habitat) for the focal species. This is because the model refers each focal
habitat spatial element to its surrounding context conditions as defined by the niche
factors fed into the model. Comparing distance-based with movement-based
connectivity, we see little similarity. Differences were expected as the distance-based
model ignores several factors that are known to affect the probability of encountering a
patch, and that are taken into account in the movement-based values. A % test suggests
complete independence between the variables. The distance-based values for the size of
the target node (Moilanen and Nieminen 2002) were weighted by raising them to power
of % in order to improve the correlation with the movement based ones. In general, the
values of the distance-based approach are larger, providing a more optimistic view of
connectivity. However, the impact of matrix heterogeneity is low: comparison of pq
with pr, values for a homogeneous matrix does not lead to a smaller % statistic. When
directly comparing pm for heterogeneous and homogeneous matrix the x? values are
very small, amounting to 0.0615 and 0.0867 for 2500 and 5000 m dispersal distance,
respectively. For both the shorter and the longer dispersal distances considered (2500 m
and 5000 m), the pairwise comparison shows a certain similarity between the dPC and
dPCDP maps, as indicated by the values of similarity statistic which respectively
assumes the values of 0.643 and 0.573. The similarity is weaker between dPC and dDE
(0,410 and 0,480 respectively for the two distances). Indices dPC_flux and dDE, proxies
for route specific fluxes, do not appear to be associated at neither distances (0.366 and
0.023).

4. Concluding remarks

It seems to be clear that by incorporating habitat quality (MaxEnt output) in the node
weight, the resulting patch population carrying capacities were reduced in comparison
to an approach based on the distribution of habitat only. However, the map defining
matrix permeability, appeared to be relatively uniform at the local scale (50 m). As a
consequence, we observed relatively little impact of matrix heterogeneity on
connectivity, with py, being relatively similar in homogeneous and heterogeneous
landscapes. In this case, the value of working with a structured landscape matrix instead



of assuming a homogeneous matrix seems somewhat limited. This, far from
contradicting the evidence that the matrix really does matter (Fisher et al., 2008),
indicates that the methods (including scale) we apply to estimate and express spatial
heterogeneity, also matter. Distance and movement-based connectivity were very
different but could be made more similar by correcting py with target patch size raised
to %2. The extent to which correction is possible and it is however limited, as the real
factor influencing accessibility (encounter rate) is the physical size of the patch
accounting for shape as well, for which node weight (in RU) is just a weak
approximation. In addition, there are several other factors determining accessibility in a
movement-based approach, including ‘shadowing’ effects between patches, that are
hard to correct for (but see . Likewise, it would be hard to correct for matrix
heterogeneity. However, an interesting option appeared applying the movement model
for a binary landscape. In this case, no assessment of landscape heterogeneity is needed,
but still we implicitly deal with the impact of patch size and shape, and shadowing
effects on patch connectivity. The large differences in underlying connectivity values
(pqg Vversus pm) do not translate into very different values of indices on the level of the
nodes (dPC and dPCDP), the connected area metrics. We found a very high correlation
between the index based on maximum product paths dPC and a comparable but simpler
index based on direct probabilities dPCDP. Our results suggest that the latter may be
used to substitute the first when dealing with large networks (>1073 nodes and/or >10"5
links), reducing computation time from days to minutes. However, a more thorough
analysis of the behaviour of dPCDP compared to that of dPC is required, to ensure that
essential properties of dPC are preserved in the approximation.
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Abstract: The risk assessment conducted by many federalstatd agencies have generally
relied on deterministic approaches, that use simgbeit/output values, generally selected to
fulfill the goal of being health-protective. Buhet presence of uncertainty and variability within

the parameters of the procedure of risk assesslaetttem assume different values within a
range of possible values, each with different pbiliigt of occurrence. In particular, the case

study deals with groundwater contamination by algeotical substances occurring in the French
aquifer of Alsace. The regional supply of drinkivgter, water for irrigation and industrial water

depends mainly on this water resource. A properagament of this area must consider, thus,
the sustainability of a landscape capable of mleltisses and the overwhelming presence of
censored data. For this reason, particular attensiggiven to the characterization of the extent
and the chemico-physical distribution of the pahttsource for what concern the delimitation of
the hazardous areas, to the determination of tbbapility density functions of the concerned

variables and of the representative concentrations.

Keywords. groundwater contamination, geostatistics, estonanon-linear methods.

1. Introduction

An instrument of high political and social importanis the risk assessment, or the evaluation of
the risk associated with any event that can negigtiaffect the human health or the
environment. Thus, the environmental impacts mestbticipated and prevented before they
really happen and risk assessment has the loginattwe to do it. The most immediate
approach is therefore deterministic: by assignmgach of the input variables a single value, it
gets a punctual value of risk. Every single valsigeénerally selected to be reasonably certain
that risk is not underestimated and to err on itie sf overestimating risk. But, the presence of
uncertainty and variability within the parametefsh® procedure of risk assessment makes them
actually random variables, as they are paramdtatscan assume different values within a range
of possible values, each with different probabibfyoccurrence. Therefore, these parameters can
only be considered through a stochastic approachordler to describe natural phenomena
correlated in space and time and to quantify theedainty of the estimations of these
phenomena carried on from a sampling generally fragmentary, this work refers to the theory
of the regionalized variables. It was developedMmatheron (1965) and then popularized by
many others. In particular, the case study addsessevarious method of linear and non-linear
geostatistics for characterizing the exposure cainggon through the inference of spatial
structure from spot samples. Moreover, the overmivg presence of censored data needs
several statistical methods to be assessed, imptechand applied in order to characterize both
variability and uncertainty of the exposure, eféeghd risk assessment.

2. Materialsand Methods
21 Casestudy
In the Rhine valley, the alluvial formations creatkarge aquifer, one of the largest reservoirs of

1



drinking water in Europe. In the Alsatian part,sthéservoir has the order of 45 billior? wf
water for an area of 2800 KmThe shallow depth of the groundwater makes ifslagtation
easy, which is an economic advantage. In factgtbendwater provides three quarters of the
drinking water needs of the population and morae tialf of the industrial and agricultural water
needs. But besides this, the lack of protectivdaggeal cover and the shallowness of the aquifer
make it particularly vulnerable to contaminatioredo human activities. And so, pesticides, as
Atrazine, have been detected in the Alsatian graatek.

Atrazine is an herbicide of the triazine chemi@ahfly, with radical absorption. It has been used
in France on the cultures of corn since 1962, itaisise was prohibited by the 30 September
2003. Because it does not absorb strongly to swtigles (K = 100 g/ml) and it has a lengthy
soil half-life (60 to 100 days), it is expected kave a high potential for groundwater
contamination, even though it is only moderateljulsle in water (33 pg/ml). The Drinking
Water Directive (DWD), Council Directive 98/83/E@efines the sanitary thresholds (@g/1)

for the concentration of these contaminants inkainigp water.

The chosen data set is composed by four monthseagurement: September 2002, March 2003,
September 2003 and March 2004. This choice is basethe available samples (September
2003 is largely sampled — heterotopic case), tdirmaity of information available in time for
each station, as well as the significance from hiidrological point of view. In fact, these
months represent the beginning and the end ofetiearge period of the aquifer. The period is
also in correspondence of the interdiction of Atnas use in France.

2.2  Methodology of analysis

Geostatistics is based on the study of the spb#@hhviour of variables. Even the concept of
variable is converted in its spatial context as rgionalized variable [Matheron, 1965]. The
model of the regionalized random variable is th&dprinciple of such kind of science.

The proposed procedure carries on through a saefr&eps, which will be deliberately presented
in a synthetic and intuitive manner. For furthetails it is possible to refer to Matheron (1965,
1970), Chiles & Delfiner (1999), Rivoirard (1995)caChauvet (1999).

1%, Exploratory data analysidt refers to a statistical study of the data skis getting a first
idea about data, their distribution, significanoe aonsistency.

2" Structural analysislt concerns all the methodologies aimed to ingasé the spatial
structure of data and exploit it to build reasoeakpatial models. A synthetic form for
explaining the structural variability of data isethexperimental variogram. By fitting a
continuous mathematical function on raw variogrdmsipossible to exploit such powerful
instrument in order to model the variability sturet for the whole spatial domain (not only on
the measured points) [Isaaks and Srivastava, 1989].

3", Validation of a structural modeln practice it is important to evaluate the perfance of
fitting a variogram model.

4™, Local estimationlt allows passing from a discrete information teoatinuous description of
the phenomenon. The geostatistical estimator usethé estimation process is called kriging.
For each target point, the linear estimaft(xy) is expressed as the linear combination of the
known pointsZ(x), together with the conditions of unbiasednessanmdinimization of the error
variance.

5™, Multivariate aspectsSeveral regionalized variables could be treategbtter, so it is
possible to enjoy also joint information that woutdrease the degree of accuracy of the results.
The conjoint spatial structure of the variablesdisscribed by their cross-variogram and
coregionalization models are used, between whieHitiear model of coregionalization [Journel
& Huijbregts, 1978] is the simplest one. Thus theneation is performed by cokriging.

6". Non linear methodsThis work refers to two principal methods: the hmbility from
conditional expectation and the indicator cokrigimye first approach is of parametric type and
is based on the “conditional expectation” estimaltorequires that the variable is multigaussian;
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thus, first of all, a transformation of the originaariable Z(x) — called anamorphosis - is
necessary for obtaining a random functig(x) with gaussian distribution. It can be shown
[Goovaerts, 1997] that the conditional distributminY (x) is Gaussian-shaped, with mean equal
to its simple krigingY (xJ’* from the available data and variance equal tosihple kriging
varianceo’sk(X). Therefore, the posterior or conditional cumulatidistribution function (in
short, ccdf) at location x is

SK
OyUR,F(x y|data) = G[&J
Ok (X) [1]

where G(.) is the standard Gaussian cdf. Its implgation relies on an assumption of strict
stationarity and knowledge of the prior mean mgrider to expres¥ (X [Emery, 2006]. In the
second approach, of non parametric type, the eaceedor not of a given threshold s (a
concentration risk, for instance) at a point x bancoded by the indicator variable. Therefore, a
cokriging estimation of the indicators could befpaned, in order to consider simultaneously
the indicator variables associated to differerggholds.

3. Results

Univariate linear geostatistical techniques havewad obtaining estimation maps of Atrazine.
This was a preliminary study of the data, whichkt@@count of the data set as measured, so
without any kind of transformation, despite thehhygasymmetric and discontinuous variables.
In this case, the undefined values were exactlsidened equal to their instrument detection
limit (IDL). Same assumption has been made foregtanation in multivariate conditions, where
variables are treated together, thanks to themifstgnt correlations.

But kriging and its extensions provide what mighet dalled, by abuse of language, the most
probable value of the pollutant concentration at paint in space, combined with the variance
of the error. This has two consequences. The iwghat the map erases the "peaks" and
"hollows" of pollution and is "attracted" by theexage pollution on the area of interest: the real
variability in the space of the pollution is notpreduced when the data are interpolated
(smoothing property). The second consequence tstltkacomplete distribution of the error is
not accessible: just the mean (zero by constructod the variance are known [Deraisme et al.,
2003]. Therefore, these maps provide only an immagee or less accurate of the reality. While,
the comparison to a regulatory threshold needakie into account the estimation error in order
to reproduce the spatial variability. This is thigjext of non-linear methods. The proposed
approaches reflect both the conditional expectadiod indicator cokriging. While this second
method can solve the uncertainty due to censorted dacause all values are encoded in a binary
variable [0,1], according to a certain thresholtligebigger than the IDL, the first method is a bit
more complex to implement. Needing a multi-Gaussthstribution, firstly it requires a
parametric approach, performing thus a normalisiagsformation of the strongly asymmetrical
original data. These transformed variables mughbs multigaussian, that is to say every linear
combination of the gaussian values should follovgaassian distribution. In practice, the
multigaussian hypothesis cannot be fully validdiedause, in general, the inference of multiple-
point statistics is beyond reach. Usually, only tirevariate and bivariate distributions are
examined [Goovaerts, 1997]. However, the uncegtaritcensored data persists, even in the
Gaussian field, making the obtained transformedrildigion inaccessible, and virtually
impossible to analyze. The study then solves timactessibility" through the use of indicator
variables associated with different thresholdshef Gaussian transformed. In fact this allows, on
the one hand, testing the bivariate normality @adt of the multivariate) of the obtained
variables and, on the other hand, having a mode$¢oin the estimation phase. Moreover, again
because of this "inaccessibility” of the obtaineghsformation, the mean of the distribution is
unknown, therefore, an approach via ordinary maiiggian kriging is preferred to using the
simple kriging. In figure 1 the maps of atrazingaobed by linear estimation methods and non-
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linear methods are reported, just for September32@@ndentially they identify the same
contaminated areas.
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Fig. 1 Mébé of atrazine obtained by estimation methodsramdlinear methods — Sept 2003.

4. Concluding remarks

The proposed validation, through an ad hoc metHadtass-validation, provided as result that
the obtained probability by indicator cokrigingd®ser to the original data. The explanation for
this result is that, probably, making a hypothesibivariate normality on the highly asymmetric
and discrete available data sets is not unimpoitatiite estimation phase. Finally the risk results
well characterized, also in function of the sevassumptions and checks made during the
analysis, and allows making considerations in teahgotential areas to be remediated and
population potentially exposed to a hazard. Thus performed study is able to take into account
uncertainty and variability related to the disttibn of pesticides in groundwater in
characterizing the scenario of contamination in phecess of risk assessment. Moreover, the
sensitivity analysis has allowed proceeding stepstey in the study of the contamination by
atrazine, considering limitations and advantagethefgeostatistical methods, linear and non-
linear. Finally, most of the methodologies presénte this study are also applicable in other
field, as soil or air contamination.
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The GI S approach to detect the influence of the fresn
water inflows on the marine-coastal waters. the case of
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Abstract:

The water quality in the marine coastal areas fectdd by “natural” features (geo-
morphology, hydrology) as well as by the “human® u land. Understanding the
linkage between water quality and river catchmé&nfandamental for the evaluation of
different options in the coastal zone managememnthly monitoring surveys were
performed by ARPA Puglia during the January 2008ddeber 2009 period, both in the
Adriatic and lonian Seas. Spatial and temporalepast of water chemical-physical
parameters and the trophic index (TRIX) were ingaséd using the GIS approach for
the evaluation of the influence of freshwatersan$ on the coastal area. The results
indicate the effectiveness of standard monitoricydies in the water quality control
and the usefulness of the GIS tool in order toadtes influence of the river’s runoff.

Keywords: GIS, mixed effect modeling, TRIX, coastal wat@rer runoff

1. Introduction

The coastal zones are areas where natural procédsmsge in precipitation inputs,
erosion, weathering of terrain materials) as wsllaathropogenic influences (urban,
industrial and agricultural activities) are concated (Focardi et al, 2009). Among the
anthropogenic activities, are worth of notice theereutilization of groundwater
resources, the pollution and discharge of wastewdtdo the sea. Particularly, the
rising water demand from agriculture in Southemlylt an area with a natural water
resource scarcity, leads to the accumulation ofients in river basins. An overall
quantitative estimate of nutrients loadings runofthe Mediterranean sea is reported by
Strobl et al. (2009). Mixing between inland and stahwaters represents a key process
for biological productivity, with strong implicatis for the whole coastal system
functioning and ultimately on the fishery. For tieason, the understanding of linkage
between river catchment and water quality in tremeisited coastal zone is fundamental
for evaluation of different options in the integrdtcoastal zone management. The
purpose of this study is to investigate the infeeerof the freshwater inflows on the
marine-coastal waters of the Apulia Region by me&GIS approach. Standard water
monitoring surveys were performed by ARPA Pugliairty January 2008-December
2009 period along Apulian coasts. Spatial and tealpgurface distribution of TRIX
index (Vollenweider et al., 1998) was examined taleate the trophic status and
surface quality of the coastal water and was stligieelation to the physical (salinity)
and biological (Chlorophyll a) parameters.



2. Materialsand M ethods

The standard water monitoring surveys were cargatl at 15 transects along the
Apulian coast (Fig.1). For each transect three $agpoints, at distances ranging from
100 m to 3000 m, were chosen. Five transects vematdd in front of rivers mouth.
Monthly water sampling of salinity, chlorophyl, dissolved oxygen, dissolved
inorganic nitrogen (DIN) and total phosphorus (T#)s performed from January 2008
to December 2009. In order to describe the spatidltemporal trend of TRIX, salinity
and chlorophyll in Apulian region coastal waters, we computed types of maps for
these parameters through interpolation via krigugijng a linear variogram with
slope=1 and anisotropy=1 (Golden Software, 200maly, Surface Water Maps
(hereafter SWM; Fig. 2) are calculated by spacanfects) and time (months)
interpolation of data collected at surface watdmjlevDepth Water Maps (DWM; Fig.
3) are calculated by space (sampling points) amé tfmonths) interpolation of data
collected along the water column. The distributadnTRIX values among coast type
and season have been analyzed through a mixed efiedels, taking account the
spatial autocorrelation of data (transect as randaator) and different variance-
covariance structure (transect x station x seaddm.fixed factors were: season (four
levels: winter, spring, summer, autumn); coast type levels: river mouth, coast);
station (three levels: ST1 500 m, ST2_1000 m; STB03m). The initial full model
was: Y = season x coast type x station. The moaal rgfined, in order to define the
fixed part, by manual backward stepwise selectismgs maximum likelihood to
remove not significant terms. The resulting modakwalidated to verify the normality
of residual.

i D | Transects:

1 = Foce Fortore
2 = Isole Tremiti
3 = Vieste
4 = Foce Candelaro
| 5= Foce Ofanto
s| 6=RBar
5| 7 = Monopoli

8 = Villanova

9 = Capo Bianco
10 = San Cataldo
11 = Foce Alimini
) 12 = Ugento

A _| 13 = Porto Cesareo
&l 14 = Lido Silvana
7| 15 = Foce Lato

K — — — — —

Ionian Sea

Figure 1: Study area and transects: river mouth statiahedfcircles) and coastal
stations (empty circles).
3. Results

SWM of salinity, chlorophyla and TRIX value related to all transects were sddAn
example is reported in Fig. 2. The river mouth $ests showed different characteristics
with respect to the coastal ones. In fact, mouthrriransect was characterized by the
presence of low salinity waters throughout the twars and high chlorophyd and
TRIX value (February-April 2008 and October-DecemB809) with respect to the
coastal ones. In order to investigate whether laowd the river waters and coastal
discharge affected the water column, the DWM oinggl and chlorophylla were



studied along all transects. The layer of freshatevs and chlorophyld were detected
along the water column for the transects reportexy@ (Fig.3). The selected statistical
model indicates that TRIX index is affected by itieraction between coast type and 1)
distance from the coastline 2) season (Fig. 4).
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Figure 2: SWM of salinity, chlorophyla and TRIX value in the river mouth (Foce
Candelaro) and coastal transect (Capo Bianco) iginkrusing a linear variogram with
slope=1 and anisotropy=1. Note the not proportiaisthnce among the stations.
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Figure 3: DWM of salinity and chlorophyla in the river mouth (Foce Candelaro) and
coastal transect (Capo Bianco) by kriging methadgua linear variogram with slope=1
and anisotropy=1.
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Figure4: Mean values (x 1 e.s.) of TRIX index among cdgsé and i) distance from
the coastline (left) ii) season (right) followinget result of the final mixed linear model.

4. Concluding remarks

The investigation of the influence of freshwater e marine-coastal waters was
carried out at different sites of Apulia regioningsthe distribution of the TRIX index.
With regard to the Northern Adriatic Sea, previstidies are available on the influence
of salinity on the distribution of TRIX index ohé coastal environment (Cocchi and
Scagliarini, 2005). This work represented the fsgidy regarding the role of land-
derived water discharge in the coastal area in idpelgion, where most of the rivers
are torrent-like characterized by temporary regid@onymous, 2005). The main
results highlight the influence of the river runoffi the coastal water quality. A clear-
cut distinction between rivers’ mouth and coastakss revealed by means of statistical
analysis. The highlighted differences are relatedaw and homogenous TRIX values
along coastal transects, while higher values agichdient from inshore to offshore have
been detected according to rivers’ mouth sites.
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Abstract: The near simultaneous diagonalization of the sample space-time ma-
trix covariances or variograms makes the fitting procedure of a space-time linear
coregionalization model (ST-LCM) easier. The method is illustrated by a case
study involving data on three environmental variables measured at some monitor-
ing stations of the Puglia region, Italy. It is shown that the near diagonalization
works very well for this data set and the cross validation results show that the fitted
matrix variogram is appropriate for the data.

Keywords: space-time linear coregionalization model, simultaneous diagonal-
ization, environmental data.

1 Introduction

In this paper, the new fitting procedure of a ST-LCM (De laco et al., 2011) based on
the generalized product-sum variogram model, is illustrated through an application
to a multivariate space-time data set concerning three environmental variables. This
method, based on the simultaneous diagonalization of the matrix variograms com-
puted for several spatial-temporal lags, makes the identification of the parameters
of the ST-LCM very simple and flexible.

'Supported by Fondazione Cassa di Risparmio di Puglia.



2 The case study

The data set consists of ozone, O3 (ug/m?), Temperature (°C) and Relative Hu-
midity (%) daily maximum values, collected during June 2009 at some monitoring
stations of the Puglia region, Italy (Fig.1). The space-time correlation structure of

o Survey stations for Temperature
O Survey stations for Relative Humidity
+ Survey stations for Ozone

Classification of Ozone monitoring stations:
T = traffic
P = peripheral
I = industrial

Figure 1: Posting map of survey stations in the South of Puglia region, Italy.

the variables under study has been modelled by a ST-LCM, whose basis components
are generalized product-sum variograms.

2.1 Fitting process of a ST-LCM

The first step of the fitting process consists of computing the space-time direct and
cross-variogram surfaces for the variables under study. Fig. 2 shows the variogram
surfaces computed for 5 spatial lags and 10 temporal lags. Hence, 150 symmetric (3
3) matrices of sample direct and cross-variograms have been obtained. Afterwards,
the 150 symmetric (3 x 3) matrices of sample direct and cross-variograms have been
simultaneously diagonalized by using the matlab code “joint_diag r.m” (Cardoso,
1996). Hence, the orthogonal (3 x 3) matrix ¥ which simultaneously diagonalizes
all these matrices is given below:

0.9725 —0.0719 0.2213
v = 0.0969  0.9898 —0.1041 | . (1)
—0.2116  0.1227  0.9696

Successively, by extracting the diagonal elements from the 150 diagonal matrices,
the sample spatial-temporal variograms of the independent basic components have
been obtained. Since the spatial and temporal marginal variograms of the second
and third basic component show the same behavior, meaning that the spatial and
temporal ranges are almost equal for the second and the third basic component,
solely the first and the second basic component have been retained. Two different
scales of spatial-temporal variability have been considered: 21 kilometers in space,



and 3 days in time, at the first scale of variability; 35 kilometers in space, and 8
days in time, at the second scale of variability. Hence, spatial and temporal marginal
basic variograms, fitted to the empirical basic components have been the following:

/Y].(hsa 0) = 206 E.’Ep(||hs||/21), ’Vl(Ov ht) =185 Sph(|ht|/3)7 (2)
Y2(hy, 0) = 3.15ph(|[hs[/35),  72(0,he) = 8.3 Exp(|h|/8), (3)

where Sph(-) and Ezp(-) are the abbreviated forms for the spherical and the ex-
ponential models, respectively. The contributions associated to the first and the

3
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Figure 2: Space-time variogram surfaces of O3, Temperature and Relative Humidity daily
maximum values.

second basic components, i.e. the first and the second scales, are 293 and 8.7,
respectively. Then, the coefficients k;,[ = 1,2, are obtained as follows:



206 4+ 185 — 293 3.14+8.3—8.7
p— pu— . 2 = —-———

& 206-185 M= 00027 ke =TTy
Next, the entries in the matrices B;,l = 1,2, have been computed:

0.98635  0.08532 —0.08360 17.55814  2.09302 —7.61628
B;=| 008532 0.03038 —0.01980 2.09302  0.70930 —2.45349 | . (4)
—0.08360 —0.01980 0.33447 —7.61628 —2.45349 4.53488

Hence, the ST-LCM for the analyzed variables is given below:
I'(hy, ht) = By g1(hs, ht) + Ba g2 (hs, ht), (5)

= ko = 0.10494.

7B2:

where the matrices By, = 1,2, are as in (4) and the space-time variograms g;(hy, h;),
[ = 1,2, are modelled as a generalized product-sum model as follows:

g1(hg, hy) = v1(hs,0) +71(0, hy) — k11 (hs, 0) - 71(0, hy),
ga(hg, hy) = 72(hs, 0) + 72(0, hy) — kay2(hs, 0) - 72(0, hy),

where v1(hs,0), 72(hg,0), and ~;(0, h;), 12(0, k), are the spatial and temporal
marginal basic variogram models respectively, as indicated in (2) and (3), while k;
and ky are the coefficients of the model.

2.2 Validation of the fitted coregionalization model

Using the modified G'SLib routine “COK2ST” proposed in De laco et al. (2010),
cross-validation has been performed in order to evaluate the goodness of the fitted
ST-LCM. Oz, Temperature and Relative Humidity daily maximum values have been
estimated at all data points by space-time cokriging using model (5). The proportion
of absolute normalized errors (normalized by the cokriging standard deviations)
exceeding 2.5, is very small (less than 1.5%) for each variable: from Chebyshev’s
inequality this proportion should be less than 1/6.25 (i.e, 16%). Hence, the fitted
matrix variogram can be considered appropriate for the observed data.
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Decision making for root disease control: a problem in
reducing the nugget variance'
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Abstract: Root disease has the potential to cause largeoetic losses of agricultural
production. Techniques are available for assessiagamount of pathogen present in
soil using DNA assays. There is spatial variabilitypathogen levels across fields and
spatial methods would appear an obvious tool to tesenap the incidence and
distribution and as a basis to plan cropping pnograThe information required for
agronomic decisions has to be obtained in suffidieme and at an acceptable price for
this to be a viable technique. Two examples whieieis being used are wheat in large
(40 to 100 ha) fields and potatoes grown in cemineots. The largest difficulty
encountered is obtaining a sampling scheme thaluges a small nugget variance.
Alternative sampling strategies are considered.

Keywords: Disease mapping, Agriculture and biodiversity

1. Introduction

Sampling fields for nutrient levels is used as@ to optimize inputs and profits. More
recently with the development of DNA based tests®yvices, growers can now
measure pathogen levels as an indicator of thaskspotential of a field.

The challenges in sampling are to provide a ‘fit fuurpose’ sampling scheme.
Currently sampling is achieved by using cores af, € some alternative sampling
scheme that provides a uniform representation gftsa top 100 mm of soil. The
sampling scheme has to be unbiased and it shoukl daamall coefficient of variation
and be cost efficient. The variation among sampléses from local variation (on a
scale much less than 1 m) and also on a much lacgée (100 m or more). The local
variation (nugget effect) represents variation leemsamples taken close together.

One method of reducing the local variation is tketanany (up to 40) cores and
combine them to form a composite sample. (Note ithabme literature a core may be
referred to as an aggregate sample and the compasifi cumulative sample). The

! Funding was provided by the Grains Research and Development Corporation Australia, South
Australian Grain Industry Trust and the Australian Potato Research Program”.



composite samples represent an average of manyseonples and hence should be
more representative (have smaller coefficient ofatimn) of the local area.

Commonly cores to be composited are taken in smneeanient predetermined pattern
— perhaps in a circle around a vehicle. Alterndigamples could be taken in a straight
line. The composite sample ideally should represkatrange of variation near the
nominated sampling point. Conventional wisdom dhgs$ increasing the distance apart
of samples typically increases the variation betwsamples. A convenient and
effective pattern for local sampling is therefooetdke a series of small cores along a
straight line. This suggests an alternative metifashmpling where the sample is taken
as a slot that is cut using a circular saw. Sude\ace is known as a linear sampler. It
effectively takes samples from a line simulating @ffect of taking many cores in a
straight line.

A known source of local variation is the crop rowkese could hold increased levels of
pathogen DNA compared to the inter-row. Furtherntbiexe could be differences in
nutrient status as fertiliser is usually appliedhvthe drill. Differences between the row
and inter-row are therefore to be expected. Anradté/e approach is to sample across
the rows — this can be simply achieved with thedinsampler.

A trial has been carried out at two sites to exphariation in wheat. Each composite
sample was assessed for phosphate (as representdtimutrient status) and for
Fusarium pseudograminearum a stubble borne pathogen typically concentratethén
row, which causes to assess pathogen status ofidlds. Data on six pathogens
(including Black Dot,Colletotrichum coccodes) have also been collected from a range
of potato crops that are grown using centre pivogation. These data have been
obtained from composite samples each representiegha, with 40 cores used for
every composite.

2. Materialsand M ethods

Linear sampler: A linear sampler was used to take some of the kammp the wheat
field. The linear sampler essentially consists afrsular saw mounted on a carriage.
The saw cuts a 10 cm deep slot in the soil (Fi@)rand output collected. Care was
taken to ensure that the soil is representatithed — 10 cm soil layer.

Core sampling of wheat fields: The wheat field was sampled at 26 sites in a syaiem
pattern to represent the area. At each samplieg Hit cores were taken on the stubble
row, 10 between the stubble rows, 10 on the stulubles, a linear sample between the
rows and two separate linear samples cross the rows

Sampling of potato soil: Potatoes were grown under a centre pivot, with gacbt
covering 30 — 50 ha. A 100 m square grid (1 ha) sugerimposed on each centre pivot
and a single composite sample was formed from 48s0d2 mm diameter and 100 mm
deep) taken along a W shaped transect from eacltdeh composite sample was
assessed for potato root pathogens.



Variograms were constructed using the ‘geoR’ package (Ribéiro& Diggle 2001)
using the ‘variofit’ function with ‘max’ set to hiathe observed maximum distance.

3. Results

Wheat root disease

There was effectively no correlation between ofghthogen DNA data obtained by the
different sampling methods with correlations of gi®sphate data ranging from 0.44 to
0.70 for samples taken within two metres of eatieiot
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Figure 1. Spatial distribution and corresponding variogrdorscrown rot at Kybunga
for average over a sample types series of samplebdisease (top half) and results
from the linear sampler (bottom half). High amouotdisease are indicated by large
red circles grading to low amount of disease shas/ismall blue circles. Each unit of
distance is approximately 1 km.

Figure 1 shows the spatial distribution and eswthatariogram for one series of linear
samples. In most cases the variograms were noesaalol the exponential fits would
not converge for the inter-row samples (data notst). Two sampling schemes (cores
between rows and linear sampler on the row) shaaviealge nugget effect but also an
increase in variance with distance. Although thtadeere expressed on a natural log
scale, there were high estimates of the varianem evhen the samples were close
together. This was despite using composite sampline linear sampler. Even when
all six sampling types were averaged there walsrstievidence of increasing variance
with distance, but the estimated variance approtdipdalved (Figure 1).



Potato root disease

Potato disease shows some spatial patterning lfleusampling c.v. is still well over
50%). The commercial reality is that a farmer widle a maximum of four samples to
represent a pivot of approximately 40 ha when nwkimranagement decisions. Data
from each ha are available for research purposdsttase have been used to give a
good approximation of the proportion of area tha$ pathogens levels that exceed an
acceptable level. Detailed data are available sessshow well 4 samples can represent
a pivot. A simulated commercial sampling was ackiely choosing a single ha from
each quadrant of a pivot and obtaining its meare Pploportion of the pivot that
exceeded a risk level was plotted against the nidA level of the four samples
(Figure 2 right panel) and a logistic distributiaras fitted. The results indicated that
data from each of four 1 ha samples can be usgwé¢oa ‘correct’ answer in about 85%
of cases despite the variability of the sampling.
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Figure 2: Left panel shows distribution of BD DNA in a typicpivot. Right panel
indicates proportion of correct decision would hdeen made based on 4 samples.
High and low levels indicate currently recognisieditis of risk of commercial harm.

4. Concluding remarks

The number of samples available in a commercialcaljural application of the
distribution of soilborne pathogens is far less nthine number available for
conventional spatial statistics. Furthermore, esaimple has a very large variability
(c.v. >50%). Despite these shortcomings, useful mersial decisions are currently
being made.

The ongoing challenge to agricultural statisticismbow to take cost effective samples
for the evaluation of root disease risk assessnagrt,to use our knowledge of spatial
statistics to optimize this process. Nugget vamaisa limiting use of spatial methods.
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EM estimation of the Dynamic
Coregionalization Model with varying

coefficients!
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Abstract: The satellites from NASA’s Earth Science Project Division, like
AURA, produce data for the concentration of various airborne pollutants. Calibrat-
ing satellite data using ground level monitoring networks and other meteorological
and land characterizing variables is mandatory. To do this, it is important to use
an approach which is able to manage large datasets coming from different sources,
structural missingness and spatial and temporal correlation. In this paper, we ex-
tend the Dynamic Coregionalization Model introduced in Fasso and Finazzi (2011)
to the case of space-time varying coefficients in order to increase the model flexibility
and to make it suitable for large regions such as Europe.

Keywords: air quality monitoring, missing data, dynamic coregionalization

1 Introduction

The Dynamic Coregionalization Model (DCM) of Fasso and Finazzi (2011) has been
proven to be quite appropriate for modeling multivariate space-time environmental
data in the non-collocated case and in the presence of missing data. When data
are collected over continent-size regions, the statistical model considered must be
enough flexible to accommodate for local conditions. In order to gain this flexibility,
the DCM is extended here to the case of varying coefficients. The model is described
in Section 2 and its estimation is addressed in Section 3.

2 The varying coefficients model

Let y(s,t) = (yi(s,?),...,y,(s,t)) be the g—variate response variable at site s €
D C R? and time t € NT. The model equation is

yv(s,t) = X(s,t) - | Kxfb + K,z(t) + nyijij(s,t) +e(s, ) (1)

j=1

L This research is part of Project EN17, ‘Methods for the integration of different renewable energy
sources and impact monitoring with satellite data’, Lombardy Region under ‘Frame Agreement
2009’



where X(s,t) is a matrix of known coefficients (for instance X(s,t) = I, ® x(s, ?)
is the g x (bg) diagonal block matrix built from the 1 x b covariate vector x(s,t)),
z(t) is a latent p—dimensional temporal state with markovian dynamics z(t) =
Gz(t — 1) + n(t) with G a stable transition matrix and n ~ N(0,%,) while each
wi(s,t) = (w](s,t),...,wi(s,t)), 1 < j < cis a g-dimensional gaussian latent
coregionalization component with covariance and cross-covariance matrix function
T; = cov (w] (s,t),w) (s',t)) = V;p; (h,6;), 1 < i,i <q,1<j<c BachVjis
a correlation matrix and each p; is a valid correlation function parametrized by 6;.
Finally, e(s,t) = (e1(s,t), ...,g4(s, 1)) is the measurement error which is assumed to
be white-noise in space and time with &;(s,t) ~ N(0,02,), 1 <i <gq.

The matrices K, K, and K/, are matrices of known coefficients which guarantee
conformability of the model equation (1) and acts as selection matrices with respect
to the columns of X(s,t) The model parameter set is ¥ = {8,02,G,X,,7,V,0}
where 8 = (B, ..., 3,), 02 {0871,..., E’q}, v = {7} 0 = {91,.. 0.} and
V={V..,V.}

3 Likelihood function and missing data

At each time t, each variable y; is observed over the set of spatial sites §; =
{si1,-»Sin}, 1 < i < q. The sets in § = {Sy,...,S,} are not constrained and
can be disjoint. The observed vector at time ¢ is then y;(S) = (y1.4(S1), .-, ¥4.:(S1))’
= y; and it has dimension N = n; +...+n,. The observation equation is y; = j;+¢,
where iy = Uy 8 + U, 20 + Uy, Wi + ...+ 7. UG Wi, Uy = XKy, Uy = XK,
and U}, = X,K7,.

In the definition of the likelihood function, the distributions involved are

(yt | 26, Wi, ..., W) ~ Ny (e, 2:)
(Zt | Z;— 1) (GZt 172 )
w] o~ NN(OE) 1<j<ec
Let Y = (y1,..,y7), Z = (21, ...,27) and W7 = (w{, w%) The complete-data
log-likelihood function is given by:

T
=21 (U;Y,Z, W', . W) =Tlog S|+ (v — i) B (ye — ) +
t=1

T c T
Tlog|%,| + Z (ze — Gzy—1)' B, (2 — Gze1) + ZTlog || Z (w{)/ (Ej)_1 wi
i=1 =

t=1

At each time ¢, the observation vector y; can be partitioned in the following way:

!
X 1
y: = [ ygl) yt(2) } where yg )

and L; is the selection matrix of the observed data at time ¢. The vector y; is a

= L;y; is the sub-vector of the non-missing data
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/
permutation of y; and y, = Dy - [ NE (1) y§2) ] , where Dy is a permutation matrix.

The partitioned measurement equation becomes y,gl) = ,ug) + €t , 1 =1,2. and
the variance-covariance matrix of the permuted errors is conformably partltlomed7

/
namely Var (5%1),59) = Ri Rap . In what follows, Y = (yg ),. .,y(Tl))
Ro1 Ra

is the collection of the observed data.

4 EM estimation

At the E-step of the EM algorithm, the following conditional expectation is evalu-
ated:

Q (U, v™) = BEyw [-2 (1Y, Z,W', .., W) | Y]
= Eyw [Byw [-20 (V;Y,Z,W', .., W) | YD, Z W . W] | Y]

T
= Tlog|X.| +tr <2;129t> +

T10g|2 |—|—t7“{2 Sll—SloG GS 0+G800G)}
. N . . / .
ZTlog |EJ‘ tr { (23) ! Zwi’T . (W{’T) + A{’T}
j=1 t=1
where:
Qt = Eq,(k) [et . e; + At | Y(l)} = E\l,(k) [et : e; | Y(l)}

ity QMR IRy ,

RuRi! RaRIUVRIIRy + (Ro — RuRi'Ry) |

€ = E\I/(k) [ Yt — e ’ Y 7Z7W17"'7W01|
I o _ @ T

=D
' R21R11 ( Yi Y _ngl)) |
Ay = varq,(k> [ye — e | YV, Z, W . W]
"0 0 -
| 0 Ros — Ro R Riz |

/
QEH) = FEyw [ei” |Y(1)] By [e£1) | Y(l)] +Varyoe [egl) | Y(l)]

- D,

— Dt D;

WiT = E\I/(k) (Wg|Y(1));1§j§C
AT = Vargw (Wl YD) 1<j<c

Moreover, z] = Eyu (z: | YV) and PT = Vargw (z, | YI) are given by the
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Kalman smoother output and

T T .
S = Zth (ZtT)’—i—PtT; Sio= ZZtT (zgll)’jth;tfl; Soo = Zthil (ZtTfl)/—i-PtT,l

t=1 t=1 t=1

The maximization step of the EM algorithm involves the minimization
P*+D) = arg minQ (\IJ, \Il(k))
7

k-+1)

A~

“ ~ (k+1)
and V = {Vl, o VC} are obtained by

numerical minimization. The close form solutions for G**+1) and f]g,kﬂ) are already
given in Fasso and Finazzi (2011) while the solution for the remaining parameters

A " ~(
The estimates 01 = {91, o 9‘3}

(k)
are obtained by solving % = 0 and they are
T
(&2 )(k+1) B tr (thl Qt|u)
ne Tnl

T -1 T
fo _ [z <U;,tux,t)] | [z XL (e + U;,M]
t=1 t=1
tr [Z?:l (FtT - GtT - HtT)]
|8 U (Wi (w27) A7) O,

for each 1 <@ < ¢, with €], , the i — th diagonal block of €2;. Moreover

i?

~(k+1)

7

. - - / .
Fl = (el + Uy, w ") (wi') (UL,

GI' = 2Z%Uiv,tcm’w(k> (W;W{ | Y(l)) (Uzv,t)l (2)
J#i
HtT = 2Uz’tOOfU\p(k) (Zt,Wi ’ Y(l)) (Uiv,t), (3)

and the conditional covariances in (2) and (3) are computed straightforwardly from
the multivariate Gaussian distribution of the joint (y:, wy, z;).
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Abstract: Multivariate model-based geostatistics refers to the extension of clas-
sical multivariate geostatistical techniques, in particular the classical linear model of
coregionalization, to the case of non-Gaussian data. Extensions of this kind are still
limited in the statistical literature, mainly for the inferential problems they pose,
and almost invariably inference is carried out in a Bayesian context. In this work we
present some new results on likelihood inference for the unknown parameters of a
hierarchical geostatistical factor model. In particular, we show the implementation
of some Monte Carlo EM algorithms and discuss their performances, in particular
their sampling distributions, mainly through some simulation studies.

Keywords: Cokriging, Generalized linear mixed model, Markov chain Monte
Carlo, Monte Carlo EM, Multivariate geostatistics.

1 Introduction

The classical linear model of coregionalization, or its simpler counterpart, the pro-
portional covariance model, otherwise known as intrinsic correlation model, and
the related ‘factorial kriging analysis’ have become standard tools in many areas
of application for the analysis of multivariate spatial data. However, in presence
of non-Gaussian data, in particular count or skew data, the use of these geostatis-
tical instruments can lead to misleading predictions and to erroneous conclusions
about the underling factors. To cope with these situations, following the proposal
put forward in the univariate case by Diggle et al. (1998), and somehow extending
the works of Zhang (2007) and of Zhu et al. (2005), we propose in Section 2 a
hierarchical multivariate spatial model, built upon a generalization of the classical
geostatistical proportional covariance model. Adopting a non-Bayesian inferential
framework, and assuming that the number of underlying common factors and their
spatial autocorrelation structure are known, in Section 3 we show how to carry out
likelihood inference on the parameters of the model by exploiting the capabilities of
Markov chain Monte Carlo (MCMC) and Monte Carlo EM (MCEM) algorithms.

"'We gratefully acknowledge funding from the Italian Ministry of Education, University and
Research (MIUR) through PRIN 2008 project 2008MRFM2H.



2 Multivariate Model-Based Geostatistics

Let us consider the following hierarchical extension of the classical geostatistical
linear model of coregionalization. Let y;(xx), i = 1,...,m, k= 1,..., K, be a set
of geo-referenced data measurements relative to m regionalized variables, gathered
at K spatial locations x;. These m regionalized variables are seen as a partial
realization of a set of m random functions Yj(x), ¢ = 1,...,m, x € R% For these
functions we assume, for any x, and for ¢ # j,

Yi(x) 1LY;(x)[Zi(x) and  Yi(x) L Z;(x)| Zi(x), (1)

and, for X’ #x”, and i,j =1,...,m,
Yi(x) ALY, (x")|Zi(x) and  Yi(x') 1L Z,(x")| Zi (). (2)
where Z;(x), i = 1,...,m, x € R? are mean zero joint stationary Gaussian pro-

cesses.

Moreover, for any given ¢ and x, we assume that, conditionally on Z;(x), the ran-
dom variables Y;(x) have conditional distributions f;(y; M;(x)), that is, Y;(x)| Z;(x) ~
fi(y; M;(x)), specified by the conditional expectations M;(x) = E[Y;(x)|Z;(x)], and
that h;(M;(x)) = B; + Z;(x), for some parameters (§; and some known link functions
hi(-). For instance, we might assume that for some or all i, and for any given x, the
data are conditionally Poisson distributed, that is, that

fily; Mi(x)) = exp{=M;(x)}(M;(x))* /¢!, y=0,1,2,..., (3)

and that the linear predictor §; + Z;(x) is related to the conditional mean M;(x)
through a logarithmic link function so that In(M;(x)) = f5; + Z;(x). On the other
hand, for the rest of the ¢, we might assume that, for any given x, conditionally on
Z;(x), the random variables Y;(x) are Gamma distributed with conditional expec-
tations M;(x) = E[Y;(x)|Zi(x)] = exp {8 + Zi(x)} = vb, (here again h;(-) = In(-))
and conditional variances Var[Y;(x)|Zi(x)] = vb* = vlexp{28; + 2Zi(x)} =
v1(M;(x))?, where v > 0 and b > 0 are parameters, that is, we might assume

filys Mi(x)) = (=" /T(v)) exp{—yv/Mi(x)}v/M;(x))", y > 0. (4)

Here the ‘shape’ parameter v is constant for x € R, whereas the ‘scale’ parameter
b varies over R depending on the conditional expectation M;(x). In addition to the
Poisson or Gamma distributions, other discrete or continuous distributions could be
considered to account for particular set of data.

For the latent part of the model, we adopt the following structure. For the m
joint stationary Gaussian processes Z;(x), let us assume the linear factor model

Zi(x) = Z aipr(X) + &i(x), (5)
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where a;, are m x P coefficients, F,(x), p=1,..., P, are P < m non-observable spa-
tial components (common factors) responsible for the cross correlation between the
variables Z;(x), and &;(x) are non-observable spatial components (unique factors)
responsible for the residual autocorrelation in the Z;(x) unexplained by the common
factors. We assume that F,(x) and &;(x) are mean zero stationary Gaussian pro-
cesses with covariance functions Cov [F,(x), F,(x+h)] = p(h), and Cov [(x), & (x+
h)] = ¢;p(h), where h € R?, p(h) is a real spatial autocorrelation function common
to all factors such that p(0) = 1 and p(h) — 0, as ||h|| — oo, and ¥; are non-
negative real parameters. We also assume that the processes F,(x) and &;(x) have
all cross-covariances identically equal to zero.

Assuming that the number P of latent common factors and that the spatial
autocorrelation function p(h) have already been chosen, the model depends on the
parameter vector @ = (3, A, 1), where B = (81,...,0m)", A = (aj,...,a,)T, with
a; = (a;,...,a;p), for i =1,....m, and ¥ = (Y1,...,%,)T. Let us note that, as
the classical linear factor model, our model is not identifiable. However, the only
indeterminacy stays in a rotation of the matrix A.

3 Likelihood inference via MCEM

Adopting a non-Bayesian inferential framework, likelihood inference on the param-
eters of the model would require the maximization, with respect to 8 = (3, A, ),
of the likelihood based on the marginal density function of the observations y;(xy).
However, since this marginal density is not available, and since the integration re-
quired in the E-step of the EM algorithm would not be easy, here, to maximize the
log-likelihood, we will resort to the MCEM algorithm (see Wei and Tanner 1990).

Our implementation of the algorithm proceeds as follows. Let us define £ =
(&,,...,&,) where & = (&(x1),....&(xx)T,i=1,...,m, and F = (Fy,...,Fp)
where F), = (F,(x1),..., F,(xk))T, p=1,..., P, and let f(y, & F;0) be the joint
distribution of the model, that is, the complete log-likelihood, accounting also for
the unobserved factors. Assuming that the current guess for the parameters after
the (s — 1)th iteration is given by 6, 1, and that R, is a fixed positive integer, the
sth iteration of the MCEM algorithm involves the following three steps (stochastic,
expectation, maximization):

S step — draw R, samples (S(r), F), r =1,..., R,, from the (filtered) conditional
distribution f(&, Fly;0s_1);

E step — compute Q4(0,0, 1) = (1/R,) 3% In f(y, &7, F"); 9);
M step — take as the new guess 0, the value of 8 which maximizes Q4(6,0;_1).

With Ry very large this procedure approximates the EM algorithm, whereas a
simulated annealing version could be obtained by choosing an increasing sequence
Rs — 00, as s — 00, (see, for instance, Fort and Moulines 2003). The S-step of the

3
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Figure 1: Histograms of the simulated marginal distributions of the MCEM estima-
tor for the 8 parameters of a model with m = 4 and one common factor, obtained
by running the algorithm over 50 simulated data sets. Dashed lines are the true pa-
rameter values; dotted lines are the empirical arithmetic means of the distributions.

algorithm can be dealt with through importance sampling or MCMC techniques,
whereas the M-step typically requires the use of numerical routines.

When the matrix A is known, the complete log-likelihood belongs to the curved
exponential family and by choosing an appropriate increasing sequence R, the al-
gorithm converges to the maximum likelihood estimate (Fort and Moulines 2003).
On the other hand, when the matrix A is unknown, the complete likelihood does
not belong any more to the curved exponential family and theoretical convergence
properties are not available. However, we show, either in the case in which A is
known or unknown, through some extensive simulation studies, that the MCEM
algorithm provides estimates with quite reasonable sampling distributions. For in-
stance, Figure 1 shows the simulated distributions of the MCEM estimator in the
case in which P =1 and A is known.
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Abstract: This paper reports on on-line measurement of toibgen (TN), organic
carbon (OC), moisture content (MC) and bulk den@®) which was carried out in three
European farms. The measurement system consigtismuiltiple sensor platform, which
includes a mobile, fibre-type, visible and nearanéd (vis-NIR) spectrophotometer, a
draught (D) and a depth (d) sensor. The prediatimdels developed were tested in three
fields in Denmark, Czech Republic and UK. Resuksernled that the measurement
accuracy was very good for TN (RPD = 2.33 - 2.38)y good/excellent for OC (RPD =
2.31 - 2.52) and excellent for MC (RPD = 3.16 -53.2A reasonably good correlation
between the measured and on-line predicted BD=(R.56 — 0.73) was obtained. The on-
line measured maps were similar to those develep#dtraditional laboratory method of
soil analysis.

Keywords: On-line measurement, sensor fusion platform, sojperties.
1. Introduction

Proximal soil sensing becomes one of the main rements for successful implementation
of precision agriculture. Among others, vis-NIR lore sensors are characterised to be fast,
robust, cost effective and environment friendlyl spitial variability detecting techniques.
Among few vis-NIR on-line soil sensors availablddyg, the system of Mouazen (2006) is
a sensor fusion platform that enables measurenfesgveral soil properties with the vis-
NIR spectroscopy in addition to data fusion aldgontfor the measurement of soil BD
(Mouazen and Ramon, 2006). This paper aims at tiagoon automatic data collection of
multiple soil properties at farm scale using a serfgsion platform (Mouazen, 2006) in
three fields across three European farms.

2. Material and methods

The on-line measurement system designed and dextlop Mouazen (2006) was used.
An AgroSpec mobile, fibre type, vis-NIR spectropdraeter (Tec5 Technology for
Spectroscopy, Germany) with a measurement ran@®®£200 nm was used to measure
soil spectra in reflectance mode. The spectrometsr IP 64 protected for harsh working
environments. A shear beam load cell (9 tonne ¢gpdor the measurement of D and
draw wire linear sensor (connected to a depth WHeelthe measurement of subsoiler d
were used. A single A DGPS (EZ-Guide 250, Trimhilk&SA) was used to record the
position of the on-line measurements with sub-mat&uracy. A Panasonic semi-rugged
laptop was used for data logging and communicafitie. spectrometer system, laptop and



DGPS were powered by the tractor battery. A tot&@ fields were measured in three farms
in Czech Republic, Denmark and the UK in summer020i each field, blocks of 150 m
by 150 m, covering about 2 ha of land were measukbdut 2 or 3 soil samples were
collected from each measurement line with 28 ts@iBsamples collected from each field.

Soil chemical analyses and optical measurements earied at Cranfield University. Soill
OC and TN were measured by a TrusSpecCNS specepr{ldECO Corporation, St.
Joseph, MI, USA) using the Dumas combustion metBod. MC was determined by oven
drying of soil at 105 °C for 24 h. Having MC mea=ijrBD was calculated for all samples.

Each soil sample was dumped into a glass contaimémixed well. Big stones and plant
residue were excluded. Then each soil sample waeglinto three Petri dishes, which
were 2 cm in depth and 2 cm in diameter. The sdihe Petri dish was shaken and pressed
gently before levelling with a spatula. The soilmgdes were scanned with the same
AgroSpec spectrophotometer used for on-line measeme A 100 % white reference was
used before scanning. A total of 10 scans wereectat! from each cup, and these were
averaged in one spectrum.

Soil spectra were first reduced to 371 - 2150 nmlitninate the noise at both edges of each
spectrum. Spectra were further reduced by averathirgp successive points in the vis
range, and 10 points in the NIR range. The Savi@kiay smoothing, maximum
normalisation and first derivation were successgiveiplemented using Unscrambler 7.8
software (Camo Inc.; Oslo, Norway). The pre-treadpdctra and the laboratory chemical
measurement values were used to develop calibrataatels for OC, TN and MC.

General calibration models developed previously Tol, OC and MC, using 480 soill
samples collected from 4 farms across 4 Europeantges were used in this study. Out of
188 samples collected from the three fields in Bar®3 samples were randomly selected
for the calibration and the remaining 125 samplesewused as independent validate set.
However, the range of variation of each propertybiath the calibration and validation sets
was almost identical. The calibration samples vemiged into the original calibration set
of the general calibration models developed forogaan soils. The calibration spectra
were subjected to a partial least squares regre¢BbSR) with the leave-one-out cross
validation using the Unscrambler 7.8 software.

A model (Eqn. 1) to predict BD based on measuredd@nd MC was developed by
Mouazen et al. (2009), which is valid for sand,nasilt loam and silt loam/silt soils.
Equation (1) was used to predict BD in this study.

BD = (i/D +21.36 MC -73.9313d

) x (1.240 - 0.592MC - 0.000792cl ay) (1)
16734

Where D is subsoiler draught [KNJMC is gravimetric moisture content [kg Kg d is
cutting depth [m] an®D is bulk density [Mg ri] and clay is expressed in %.



3. Results and discussion

The measurement campaign proved that the sensaonfuslatform can provide
simultaneous measurement of several soil propefTieis platform enabled the collection
of around 3000 data points from each field withaaerage of around 2 points per meter
travel distance. The chemical analysis values ef ianually collected samples were
compared with the on-line predicted concentratialues using vis-NIR spectra collected
in the same positions. Table 1 summarises thetsestilgeneral model accuracy and on-
line validation results. The general calibrationd®is refer to those developed originally
using 480 samples with the spiked 65 samples franthree fields measured in this study.
The validation of the on-line measured data wasdas 125 samples collected from the
three fields for validation. Examining the ratiomkdiction deviation (RPD), which is the
standard deviation (SD) divided by root mean squam®r of prediction (RMSEP),
revealed that RPD values were above 2 for all m@perties in all fields. An RPD value
between 1.5 and 2 and between 2.0 and 2.5 indiggted and very good quantitative
model predictions, respectively. Values above 2dicate excellent prediction results
(Viscarra Rossel et al.,, 2006). Adopting this dfasstion system of the prediction
accuracy reveals that prediction performance for O8 and MC is very good to excellent
performance (Table 1).

OoC TN MC BD
Validation RMSEP RPD RMSEP RPD RMSEP RPD R°
% % %
CZ field 0.07 2.33 0.007 252 0.72 3.16 0.56
DK field 0.05 2.38 0.004 247 0.37 3.25 0.72
UK field 0.09 2.38 0.008 2.31 0.59 3.25 0.73
Calibration 0.104 289 0.009 2.93 1.05 432 -

models

Table 1. Calibration and field validation results of the-lome measurement in 3 fields

The prediction of BD with the on-line sensor fusiplatform provided reasonably good
accuracy (Table 1). Although the model was develdpe fields in Belgium (Mouazen et
al., 2009), the?? values shown in Table 1 confirm that the modeln(Ey can be expanded
to other fields across the European countries densd in this study, as long as the same
soil textures to those used to build the origiraibration model (Egn. 1) are used.

Using an ArcGIS 10 (ESRI, USA) mapping softwarepméor the selected soil properties
were developed. The inverse distance weighting (JDWéthod was used for the spatial
interpolation. In order to allow for useful commams between reference and on-line
measured maps, the same number of classes (sasses) was considered for all maps.
Figure 1 compares between maps of on-line and dwy measured TN in the UK field,
taken as an example. The same number of samplega(itfition samples) was used to
develop both maps. A comparison between maps obkuned and predicted TN shows
large similarity, which was also achieved for OGZ Mnd BD (data is not shown).
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Figure 1. Comparison between laboratory (a) and on-line (basured total nitrogen (TN)
in the UK field, usingL8 validation samples

4. Conclusions

This paper reports on the performance of on-linesse fusion platform for the
measurement of multiple soil properties at farmles@a Europe. Results reported in this
study allow the following conclusions to be drawn:

1- The on-line sensor fusion platform enabled tbkection of large data points (about
3000 points per field).

3- The accuracy of on-line measured OC, TN and M&3 wlassified as very good to
excellent prediction performance. Reasonable goealsorement of BD was reported.
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Abstract: Given a set of geo-referenced data points, thés@erd Gi* statistic
identifies hot-spots of points with values highemmagnitude than one might expect by
a random chance. This tool works by looking at edata feature and its neighboring
features in comparison to the overall spatial digtron of the phenomenon explored. If
the difference between the local sum for a feaumek its neighbors is highly larger than
expected (the overall sum) a hot-spot is acceptedt-roll virus (LRV) in vineyards
appears in clusters which expand from year to y&®n no pest control is carried out.
Exploring the spatio-temporal expansion of hot-smitthe LRV is limited with the Gi*
statistics since relative hot-spots are acceptedrdimg to the infestation level of a
specific year. A modified Gi* was developed whidenmtifies year-to-year hot-spots
which are relative to a year of reference. LRV siongs were mapped yearly in a
vineyard from 2005 to 2010. The Gi* indicated fon@thern hot-spot only in 2007 and
a southern one in 2009. Using the modified Gi* w205 as a year of reference, the
northern and the southern clusters were identific?D06 and 2007, respectively.

Keywords. Getis—Ord Gi*, Leaf-roll virus, Spatio-temporaircamics

1. Introduction

Leafroll is one of the most widespread viral digsasf grapevind.eafroll disease is an
economically important graft-transmissible disea$egrapevines and occurs in all
grapevine-growing countries. Although grapevindrtdhvirus (LRV) can affect the
growth, development, longevity and yield of theesnits most serious effect is on
lowering the sugar content and raising the aciditynust.In the field, the spread of
LRV associated with particular insect vectors hasrbreported in several countries,
including Israel (Cabaleiro and Segura, 2006; Taaal., 1989). In vineyards with
available virus inoculum and mealybugs present, LdpY¥eads quite quickly from vine
to vine (Cabaleiro et al., 2008). Study of the gptmporal dynamics of the leafroll-
infected vines in the vineyard scale may be helffuletermine whether or not spread
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of the viruses is occurring, and the best contreasures to take. The spreading via the
mealybugs creates clusters of infested vines whiglanding from year to year. Local
spatial statistics may assist with the identifioatiof the infestation clusters. Local
spatial statistics identifies those clusters withlues higher in magnitude than is
expected to be found by random chance. The Getib:&Dr hotspot cluster statistic is
one of the many possible approaches used for kuatial analysis (Getis and Ord,
1996). The Gi* statistic measures the degree diapaustering of a local sample and
how different it is from the expected value whishtlhhe mean of the whole data set.
Study of the annual expansion of the LRV can ugeahnual maps of hot spots and
follow their expansion. Yet, since the Gi* statsis a relative measure to the overall
infestation level mean in a particular year andceithe mean infestation increases
annually, the discovery of hot spots is limitedeTdbjective of this paper is to describe
a modification of the Gi* statistic which enablesgatio-temporal analysis of the LRV
hot-spots expansion.

2. Materials and M ethods

The Gi* statistic

The Gi* statistic measures the degree of spatisdteting of a local sample and how
different it is from the expected value (Equation IL is calculated as the sum of the
differences between values in the local sampletl@anean, and is standardized as a z-
score with a mean of zero and a standard deviafidn

wii(d)x; — Wix®
oy Sl

(nSt)—W;2
n—1

Equation 1:

wherei is the centre of the local neighborhodds the lag distance (radiusy; is the
weight for neighboy from locationi, n is the number of samples in the data ¥ét, is

the sum of the weight&§;* is the number of samples withirof the central location, x*

is the mean of the whole data set, ahts the standard deviation of the whole data set.
The Gi* statistic is two-tailed, so a score of #hresent strong clustering, as 95% of
the data under a normal distribution should beiwithstandard deviations of the mean.
Values between £2 may be interpreted as weaklytered, with values being less than
2 standard deviations away from what one would expethere were no spatial
clustering (Laffan, 2006). While positive values Gf* represent clusters that are, on
average, greater than the mean (Hot-spots) theinegalues represent clusters that are
less than the mean (Cold-spots). The Gi* statistecrelative measure and the existence
of hot spots of LRV infested vines is highly depedan the overall mean. Since LRV
is expanding annually the overall mean increaseslacal expansions of infestation
might not be observed. This attribute limits thee ud the Gi* statistic for spatio-
temporal analysis of the LRV expansion. A modifted is suggested which calculates
Gi* using a pre-defined overall mear*) and standard deviation of*) infestation
which function as a common baseline. In this wayalexpansion of hot spots may be
observed.

To explore the potential in using the modified GinGi*) real data of LRV infested
vines were used. Ten rows in a vineyard in the @élaights in Israel were monitored



for LRV symptoms from 2005 to 2010 (overall of 114ides). The study area was
divided into 4X4 meters cells (3-4 vines). EacH eals set with the number of infested
vines inside it in each year. Gi* statistic wascoddted for a radius of 24 meterbif
equation 1) for each year allowing at least 30 de#tures which are required for a
valid analysis (Getis and Ord, 1996). No weightsrevset to the data. For the
calculation ofmGi* the overall meanx¥) which is the proportion of the infested vines
the standard deviatiors*} of the year 2005 were used. The calculationsewaade in
Matlab, transferred into shapfiles and mapped cGAS 9.3.1.

3. Results

Table 1 shows the average and standard deviatidtRdf infestation levels in the years
2005-2010. The infestation level increased over yhars. A notable increase was
between the years 2008 and 2009 and between 2002040.

Year Infestation mean| STD
2005 0.162 0.421
2006 0.219 0.492
2007 0.266 0.592
2008 0.320 0.694
2009 0.563 0.964
2010 0.823 1.159

Table 1: The mean and standard deviation of infestatigal$ein the years 2005-2010.

Figure 1 presents maps of number of LRV infestatkyiin 2005, 2007 and 2009.
Visual interpretation of the maps indicates forstdued infestation distribution. There
was a group of infested vines in the northern pathe vineyard which expanded along
the years. In 2009 another distinctive group oéstéd vines was located in the southern
part.

" Number of

infested vines
e 0

o1

e 6-2

Figure 1: Maps of infested vines in 20Qkft), 2007 (center), and 2009 (right)
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Figure 2 presents maps of hot and cold spots i5,20007 and 2009 using the Gi*. The
hot spot analysis using the Gi* generally agree$ wie visual analysis. Nonetheless,
an increase in cold spots was also observed asdstliespite the fact that the average
infestation level was doubled from 2007 and 200&b(& 1). Additionally, the southern
hot spot in 2009 is relatively small in compariseith the infestation map of 2009. The



respective maps created based on th@i* calculations (Figure 3) shows the
advantages and weakness of th&i*. In 2007 themGi* discovered a much larger
cluster in the northern part on comparison with @&t The mGi* also discovered the
southern cluster already in 2007 while by the @ifstcluster was discovered only in
2009. On the other hand, in 2009 almost all theyand was mapped as hot spot.

4. Concluding remarks

ThemGi* may be used for spatio-temporal study of LR\pamsion but better reference
values for its calculations need to be defined.
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Figure 2: Maps of hot and cold spots using Gi* in 2005t§le2007 (center), and 2009
(right)
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Figure 3: Maps of hot and cold spots usim&i* in 2005 (left), 2007 (center), and 2009
(right)
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Abstract: Detection of variability in agricultural fieldsegends on the spatial scale of
the observed variable. Plant water status can akiaed using thermal IR images that
can provide valuable information on the water Sawhereas visible RGB images can
provide detailed information on the plants' colhich is not a good indicator of the

water status. The informative mode (thermal IR ies®yghas coarse resolution, as
opposed to the excessive resolution of the lessnmdtive mode (visible RGB). In the

present study, we present a method to enhancentbemiation obtained from the

thermal IR mode, by combining information from tvisible RGB mode. We propose

to un-mix the temperature of objects in the thermadges based on the information
extracted from the high resolution RGB image.

Keywords. thermal un-mixing, end members, segmentation.

1. Introduction

One limitation in the use of thermal imaging fotetenining crop temperature and crop
water status is that a pure sunlit canopy temperasuneeded, and inclusion of shaded
leaves and soil background can result in falsectiete of water stress. To overcome
this, high spatial resolution thermal images wewmlgined with images in the visible
and NIR ranges (Moran et al., 1994; Clarke, 1993@ll&M et al., 2007; Sela et al., 2007).
Our group (Sela et al., 2007 and Modller et al., 00orked on high resolution images
and used the images in the visible range to excdodleand shaded leaves, resulting in
high correlations between the calculated crop wstierss index (CWSI) and stomatal
conductance. One of the main conclusions from disé Works (Sela et al., 2007 and
Mdller et al. 2007) was that the high spatial rasoh (~500 pixels per leaves) enabled
proper selection of sunlit leaves. But, the siz¢hefimage (6 X 6 m) was impractical
for production of crop water status maps on a coraialescale. A much larger image
size can be obtained from airborne photographythedncreased pixel size introduces
new challenge for extracting sunlit leaf tempemathy un-mixing a mixture of sunlit
and shaded leaves and bare soil that are includadingle pixel.

! This research was supported by grant of the skialstry of Science



Extracting sunlit leaf temperature can be perforrogdin-mixing. A leading approach
for coarse resolution images is the theoretical e¥&tipn Index-Temperature (VIT)
trapezoid (Moran et al. 1994). The VIT trapezoidhse shape obtained when plotting
surface composite temperature (Ts) minus air teatpex (Ta) as a function of
fractional vegetation cover. Theoretically, alliedions of crop water stress for different
vegetation cover should fall within this trapezdidarke (1997) further showed that the
trapezoid could be divided into plant stressed amstressed regions. The objective of
the current work is to develop new un-mixing apploao extract sunlit leaf
temperatures using multimodal images (visible RG®l ¢ghermal infra red). In the
current work we introduce a method that is basedemmentation of high resolution
RGB images to a number of end members, and subsieqamputation of the end-
members’ temperature using statistical un mixinghoes.

Spectral un-mixing is a common method used to ekfparre spectral signatures of
objects that are in a mixed environment, and thpatial dimensions are less than the
smallest detectable object. In this common caseatiditional information that must be
provided is the end members, i.e. the charactesisti all the objects that are known to
be mixed in that pixel. Based on that additiondbrmation, the proportion of each
specific material in the pixel can be derived. @ase is different from the common un-
mixing problem since we do not know the charadtiesf the end members, i.e. we do
not know the temperature of the objects that arthénsame pixel with the sunlit leaf
that we want to measure. Instead, in our casertiarembers, their proportion on each
pixel and their characteristics will be extractednfi multimodal images (visible RGB
and thermal infra red).

2. Materialsand M ethods

High spatial resolution images in the thermal argible range were acquired around
noon time in almond trees under five irrigationatreents in Kibutz Lavee, Israel. A
320x240 pixel microbolometer radiometer (FLIR, SG2Dwas used for acquiring
thermal infra red images, and a high resolution §8¢dls) RGB camera (SONY F828)
was used for the visible range. Images were aadjim@n a crane, about 20-25 m
above the canopy.

The proposed un-mixing methodology consists offtlewing steps:

a) The first issue that has to be addressed isahregistration of the images from the
two modes (visible RGB and thermal infra red). éemeentional systems, the images
are produced by the same sensor and are therdiignech The use of two different
sensors yields two images of the same scene frigiitlgl different viewing angles,
different optical lenses, and different acquirimmpsors. Proper alignment of the two
images is essential prior to the application of anymixing procedure. Alignment or
co-registration of images is typically performediwimages from the same source.
In these cases, correlation based procedures ysgaltl satisfactory results. But
images that carry different basic information canram® co-registered using
conventional techniques. We have developed metbggidlor multi modal image
registration based on mutual information (Wachalgt2007). In this work we used
mutual information for multi-modal image registmatj and manually adjusted the
registration were errors were found.

b) from high resolution RGB we obtained the projporg of sunlit and shaded soil and
leaves. The RGB images were segmented and claksitie 3 end members: sunlit



leaves, sunlit soil and soil in the shadow. Segdatem was performed using the
spectral angle mapper (SAM) and the pixels weradt/into the 3 end members.

c) for each mixed thermal pixel a linear equatitvattdescribe the relationship
between the temperatures of the objects and thediemperature is defined.

Ti,j = f1T$ + f2Tshs + f3T| 1)

where:T;; is the temperature of the mixed pixel (if)) andTs are the proportion and

the temperature of sunlit soil respectivellyand Tqhs are the proportion and the

temperature of shaded soil respectively &dnd T, are the proportion and the

temperature of the leaves respectively. The salubibthe set of linear equations

for all the pixels in the image, is the estimatethperature of the end members.
Thirty five images were analyzed, and the canopyperature was estimated using the
proposed un-mixing procedure. Leaf temperaturgaiod thermal pixels were manually
extracted, and compared to the leaf temperaturguted with the proposed un mixing
model. Paired t-test analysis was performed in &édl (The Mathworks, US)

3. Results

Figure la shows a sample high resolution RGB insayk 1b the corresponding TIR
image. Figures 2a,b,c show the segmentation restiiree end members, sunlit soil,
shaded soil and leaves, respectively. Table 1 steowsmparison of the average leaf
temperatures manually extracted for each irrigatimatment and the average leaf
temperatures computed with the proposed un-mixiogleh The average deviation is
approximately 0.4°C. Statistical paired t-test for comparison betwées manually
measured and un-mixing extracted temperatures shdhat there is no significant
difference between them%0.01)

. : 5 " (a) : (b)
Figure 1: Sample high resolution RGB image (a), and theesponding TIR image (b).

@ (b)

Figure 2 Segmentation to three end members: (a) sunlit @ikhades, and (c) leaves.



Manually measured Un-mixing extracted Number
Irrigation treatment temperature temperature of
[°C] [°C] samples
High stress 33.7(0.7) 33.3(0.6) 9
Moderate stress 32.1(1.0) 31.9 (0.9) 6
Low stress 32.7 (1.3) 32.5(1.1) 8
Farmer’s practice 30.4 (1.4) 30.2 (1.3) 4
No stress 28.8(0.8) 28.9(0.8) 8

Table 1: Comparison of the average leaf temperatures ntigrexdracted for each
irrigation treatment and the average leaf tempesataomputed with the proposed un-
mixing model. Numbers in brackets depicts the stashdeviation of the sample.

4. Concluding remarks

The proposed algorithm successfully segmented ifjie fesolution images into three
end members and subsequently extracted their textiopes. This method can be used to
produce high resolution water status maps. Thenmdtion provided by these maps will
be much more detailed that what the growers are igseit will allow growers to adjust
irrigation rates at high resolution (precision gation) when the irrigation equipment
allows it — this means that a higher proportiorth@ orchard will be irrigated close to
optimum, i.e. the highest, water use efficiency.
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Abstract: Accelerated land degradation is mostly humandaeduand occurs in all eco-
regions regardless of social, economic and politoaditions. Precision Agriculture is
an ecological management strategy based on thef seseral sources of information in
order to support decisions concerning the agricailforactice. In this context, the use of
methodologies, taking into account spatial and nalpvariability associated to every
aspect of agricultural production processes, cgirone crop yields and environmental
guality. In this paper, a geoadditive model witkenactions is proposed to analyse the
nonlinear relations between an indicator of duruimeat production with other crop
features with the aim of considering explicitly thgatial dependence and the temporal
variation in production.

Keywords: Geoadditive Model, Matérn family, Spatial Corteda Structures, Cross-
validation, Additive model with Interactions

1. Introduction

Precision Agriculture or site-specific crop manageis a means of managing spatial
and temporal variability of different data typesdaphic (i.e. soil related),
anthropogenic, topographic, biological and metexgiglal factors which are deemed to
affect crop yield. The target of Precision Agricué is to increase crop productivity,
optimise inputs, increase farmer’s profitability dameduce environmental impact,
through the application of variable rate inputs the basis of the actual local
requirements of crop rather than an estimationamext over the whole field. In this
context, defining reliable methods for assessindy@edicting within-field variations in
soil and crop properties is very important. Effestshe soil's physical and chemical
properties on crop yield are predictable and cambeped relatively easily, whereas
effects due to climatic conditions, nutrient deficy, pests and diseases, being time-
dependent, are more difficult to predict. The aggilon of proper statistical models, to
assess spatial and temporal variation and predigp cesponse to site-specific
environmental conditions, is then crucial in thespective of Precision Agriculture. In
particular, a geoadditive model with interactiolss proposed to analyse the spatial
distribution of the harvest index (White, Wilsor§(®&), a commonly used indicator of
commercial wheat production, and its nonlineartietes with other crop features over
two years. The model adopted here is a furtherldpaeent of an extension (Cafarelli



and Castrignano, 2011) of the original geoadditwedel of Kammann and Wand
(2003), that explicitly considers data stratifiext@ding to crop in two different years.
Two geoadditive models with interactions, considgrihne same response variable and
covariates, for the same linear and non-linearticglahips between response variable
and covariates over time, but differing for spatatrelation structures, are fitted. The
selection among the fitted models is done by cwadislation (Carroll and Cressie,
1996).

2. Materials and Methods

The trial was carried out on a 12-ha field croppétth durum wheat (Triticum durum
DESF), located at the CER-CRA research centredmgals, Foggia (41° 27’ N, 15° 36’
E, 90 m above sea level), south-eastern lItaly.sbilevas a deep, silty-clay Vertisol of
alluvial origin, classified as fine, mesic, Typi€hromoxerert. The climate was
characterized by hot and dry summers and rainsectrated mostly in the winter
months. The agricultural trial was carried out dgriwo crop seasons: 2005-2006 and
2007-2008. One-hundred georeferenced measureméntBeoharvest index Hl),
number of fertile plantsHP) and electrolytic weightEW) were taken for each year.
The samples with more than one missing value wisaded leaving only ninety-three
and ninety-one georeferenced soil samples to bsidered for the first and the second
wheat season, respectively. ti#it had different spatial distributions in the two sgea
which share a marginal bell shaped distributions Tonsideration was supported by a
graphical check, which led us to adopt a semi-patam approach, based on a
geoadditive model with interactions. A full repretsion of the geoadditive model with
interactions is:

Hli = IBO + ﬂlEW + g(FFI)) + fyear(location_Of _yeair) + Bxxi + S(Xi ) + £| ’ (1)

where i=1...,184represents the spatial-temporal observatignand f are smooth
functions,x; =(X;, Y;), in UTM WGSB84 coordinate system, is the spatahtion of the
i-th observation and(x)~ N(0,a2n,(r,v)), where g2 is the sill,r is the rangey is the
smoothing parameter amg(r, V) is a Matérn family covariance function used tedfy
the spatial correlation structures. The exponenéiatl the Gaussian covariance
structures were used in the fitted models. Thisuoed by setting=3% or v -
respectively, in the functioly(r, v ) (Minasny and McBratney, 2005). Independently of
the specification ot (JJ, the Gaussian spatial proces§) is independent of the error

term & and the additive components. In model 1, the téym(} corresponds to the

number of spatial locations within a particular yead represents the interaction
between the year factor and the overall spati@ceffThe relatively small sample size
permitted the use of the parsimonious low rank mpatarization of model 1 (Hastie,
1996). The choice of linear components was donerdow to approximated Z-values
given by | ne, while the significance of nonlinear effects, itged with the

exploratory data analysis, was assessed by restriitelihood ratio tests (Kammann
and Wand, 2003; Greven et al., 2008; Crainicear@82 Ruppert et al., 2009).
Independently of the spatial correlation structad®pted, the number of nodes for



representing the nonline&P effect was 15 and was obtained as in Ngo et aD4R0
whereas the number of nodes in the low-rank fortrarieof the spatial component was
obtained by CLARA algorithm (Kaufman et al., 1990he coordinates of the 23 spatial
nodes were obtained by a space-filling algorithmplemented in function
def aul t. knot s. 2D within the R library SemiPar. The low rank formtida of
model 1 was estimated by REML using functiame of the R librarynl me (Pinheiro

and Bates, 2000). The three cross-validation teglesCV;, CV, andCV; suggested by
Carroll and Cressie (1996) were used to compareatioeiracy and the precision of
estimates of the two models. In particu@¥; was used to assess the unbiasedness of
the predictor (optimal valu&€V,=0), CV, was used to assess the accuracy of the mean
squared prediction error (optimal valuEV,=1) and CV; was used to check the
goodness of prediction (small value@; indicates a good fit).

3. Results

The result comparison suggests that the two fittemtels have good and similar
performances and are very useful for analyzingrélationship betweeildl and the
covariates during the two crop years (Table 1). th reason the most generally used
exponential covariance structure was chosen. Ttezl fgeoadditive model, obtained by
using the exponential correlation structure to dpethe spatial dependence of the
geographical component, is reported in Table 2mAtoe table inspection, one sees that
both agronomical variableseE{V, FP) impact significantly onHI, however the
relationship withFP is more complex, due also to the higher uncestaint FP
measurement. All nonlinear components of the gatiasddnodel are significant on the
basis of the degrees of freedom (Table 2) estinthgsconfirmed the appropriateness
of including the nonlinear effects &P, the spatial component and the interaction
between the factor year and the overall spatialcefh the fitted model

Spatial correlation structure CV, CV, CV3
Exponential -0.61 1.29 8.44
Gaussian -0.62 1.31 8.42

4. Concluding remarks

The proposed approach is a quick and effective odethf predicting the spatial
distribution of the harvest index using standardoagmic measurements over two
years. The great advantages of geoadditive moigetsdinly in the possibility to jointly
analyse spatial and temporal variations and td theacomplex interactions, quite often
non linear, between production process and sewdffdrent variables (soil, crop,
atmosphere, management). Moreover, these modelw alb to predict agronomical
variables in specific locations of the field andstpiece of information is crucial for
Precision Agriculture. These considerations and ghssibility of estimating linear



effects and variance components of non linear effand error term by REML, using
mixed effects model procedures routinely implemembestatistical software, lead us to
recommend a wider use of geoadditive models witkrattions in the presence of
spatial dependence and temporal variation.

Table 1 Cross-validation errors with two different spatiarrelation structures

Linear component

Covariates Coefficients Std.Error p-value

EW 0.092 0.028 <0.05
Non-linear component

Covariates df N° knots

FP 9.35 15

|ocations of year g6 8.02 15

locations of year s 8.02 15

X, Y 7.02 23

Table 2 Summary of the REML based fit of the model wikpenential correlation
structure.
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Abstract: When spatial interpolation is carried out undedeterministic approach
rather than according to the classical model-baggatoach known as kriging, the
statistical properties of the predictor cannot Beeased. The aim of this work is to
achieve these properties under a finite populatiesign-based framework, that treats
spatial locations as the outcome of a probabilsdimple.

Keywords. spatial sampling; ratio estimator, design basederénce; spatial
information in finite population inference.

1. Introduction

Given n locations u,,...,u, over a surface, let us consider a fixed but unknow
deterministic function z([)) which generates the data(u,),...,z(u,). The inverse

distance weighted interpolator (IDW, Shepard, 1988) predicting the value in an
unknown location (denoted by a Greek letter) is

Z(u)=z'w, , (1)

where the normalized inverse squared distancebeofibknown location from all the

sampled onesw :Huﬂ—uiH_/Zn:HuA—ujH_2 are contained in the weighting vector
j=1

w; =(W,...,w,...w,) and zis then-dimensional vector of the observed values. The

IDW properties are well known; the predictor comfgr to the Tobler's law of
geography. Here we propose to view this predictoten a design-based perspective.
Let us now consider tha locations as a probabilistic sample from a popotabdf N
(Barabesi, 2008): the unknown values at the unsaainjplcations are the object of the
inference.

2. The Inverse Distance Weighted interpolator in the finite population
framework

Under the design-based framework, the IDW interjpolaan be seen as the result of a
sampling procedure. Since each individual unobskvatue depends only on its unique
specific geographical relationship with the sampledations, the simple random
sampling without replacement is chosen.

! Work supported by the project PRIN 2008: New depaients in sampling theory and practice, Project
number 2008CEFF37, Sector: Economics and Statistiearded by the Italian Government.



The sampling design can be suitably taken into @acéhrough the use of random
selection matrices (Brune al., 2011), that allow to pass from sample-based tifiesn
to population-based ones. Expression (1) becomes

?(u}) =z'w, = S A;®b; _EK0,
I'A®b, 1Ko,

.(2)

where ® is a NxN symmetric matrix containing the same functionled Euclidean
distance#‘u} —uAH_2 of (1) before normalization with null diagonal, Wehe, is its A-
th column vector E:L...,N). A, is the diagonal matrix containing the random

conditional indicator variablesj( and bj is the randomization of thel -th

A Dsﬁl]s)

canonical basis vectoe; through the random indicator variabI%DS). Using some

matrix algebra and results for conditional randcamiables one can see thit, is the

diagonal matrix of the joint random indicator vities I( . The IDW interpolator

ﬁDs,ADs)
Is written in (2) as a function of ti¢-dimensional vector of population valuésand of

random indicator variables. Through the use of cdele matrices, sampled and
unsampled locations are associated in order to gearexclusion and conditional

inclusion in the sample through random indicatorialdes. The resulting predictor
turns out to be a design-based ratio-type estim{&@mdakt al., 1992).

3. Approximated first two moments of the | DW inter polator

Rewriting the IDW interpolator as in (2) allows tba&culus of its statistical properties.

Since it is a ratio of linear random combinatioits, properties can be analytically
computed only as approximations. For managing tivelved random variables, we
define the “association probabilities”, linking atpntially unsampled location with all
the others. These probabilities represent theirsgamoint for the calculus of the
statistical properties of the predictor: an undatyameasure can, in this way, be
associated to the deterministic IDW interpolator.

Theorem 1: The approximated expected value of (2) is

: : {,9,;
_ | §K;9; E[Q Kﬁ"’ﬂ _a; Ty
E[?(“A)]_EL'KNJD E[l'Km]_ Yo, T ®)

Proof.
It follows directly from the expected value of ttemmdom matrixK , as

N-n n

ElK;1= N N-1

D, . (4)



where D5 is a diagonal matrix of unit values besides thé wvalue at the 4,4)-th
position.L]

Let us define the difference between eathh population value and its interpolation
via the otherN -1 values

8(u;) :Z(uj)—(zc% /Z@J )

as the “structural bias” associated to location. The bias of estimator (2),e.

[?(u } ¢ (u5), is also not null. However, it can be seen thatthe sample size

increases%(uﬁ) tends to its “true” value'l'ﬁ/Tﬂ (3). Predictor (2) may exhibit a high
“structural bias” due not to the sample size buh®nature of the interpolator.

Theorem 2. The approximated variance of (2) is

V[?(u})] 0 V[Q'KA¢A]2 5 COV(C 'K, @, .1 'K3A¢A) . E[Q'Kﬂ)}] V[1'4KA¢A]
E[1'K ¢, | E[1K,¢, ] E1K,4, ]

which, using a notation similar to (3), can be essed as

[?(u )} [ (ToTa — 2T Ty +T5T2)+m(T, T, -2T2+T T2) ],

31 64

wherec, h andm are population constants and quantifigsare similar to those in
(3). For the proof, see Brumbal. (2011).[]

4. A simulation study

We assess the improvement in inference providethbyuse of a weighting system
based only on geographical distances. No modelifgiaion is required and the only
assumption made is that data follow the Toblerw.|&he weighting system we
propose, suggested by the IDW interpolator (1}héessame for the whole population,
but the weights change according to the locatiopradict. When geography is not
important, it might be more useful to predict tileveighted mean of thie-1 population
values, for the unknown location.

A simulation study has been carried out for evahgathe approximate properties of the
IDW interpolator under the design-based framewaArkopulation of fifteen sparse data
points is considered. A map of the population uradedy, the table of the values of the
variable and the “structural bias” associated thgzoint of the population are given in
Brunoet al. (2011). We illustrate two opposite situationstha four panels of Figure 1.
For the first location, where (u,) =5.81, the structural bias is null: the use of the
distances, linked to the IDW predictor, leads tbedter prediction (panel a) than the
consideration of equal weights (panel b), as higtéd by the tendency of the expected
value (3) to the real value. The other locationewey (u ;) = 2.79, presents a structural



bias d(u ;) =-1.97 and (3) fails in properly predicting the true \@l(panel c). The

unweighted version of the structural bias is on ¢batrary J (u,,) =-1.00. For this

point, the use of geography is misleading and wagdn of unweighted estimation in
simple random sampling would be preferable (pahel d
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Figure 1: Prediction with different and equal weights faotlocations ( ag increases).
Location 1: panels a) and b); location 13: pangbnd d).
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Abstract: Several papers have recently strengthened the bridge connecting geo-
statistics and spatial econometrics. For these two fields various criteria have been
developed for constructing optimal spatial sampling designs. We will explore re-
lationships between these types of criteria as well as elude to space-filling or not
space-filling properties.
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1 Introduction

Lindgren et al. (2011) further strengthen the bridge connecting the two somewhat
disparate worlds of spatial analysis. One is rooted in the idea of observing con-
tinuously varying spatial processes and led to what is largely referred to as geo-
statistics. The other, which assumes (usually aggregate) observations attached to
discrete (mostly irregular) lattices, is commonly known under the name of spatial
econometrics. In particular in the latter literature the rift between these two points
of view - manifesting itself along various themes - is a constant challenge towards a
unified understanding (Griffith and Paelinck, 2007). Also for the more narrow topic
of efficient estimation and prediction early contributions can be found there (Griffith
and Csillag, 1993) and that the issue is of great current interest is documentable
as well (Fernandez-Avilés Calderdén, 2009). The method of explicitely linking some
Gaussian fields to Gaussian Markov random fields on irregular grids given in Lind-
gren et al. (2011) is certainly a very welcome addition to the equipment connecting
the two views as the authors rightfully claim in their discussion section. It remains
to be seen whether practitioners will be able to take it up as easily as a perhaps
more pragmatic recent suggestion like Nagle et al. (2011).

2 Materials and Methods

But let us draw the attention towards a rather neglected (in the discussion sec-
tion of Lindgren et al. (2011) as well most of the literature in general) aspect of
establishing such a link as above. That is the potential impact of this link on the
respective optimal sampling designs and the question of their effective generation.

LA considerably shortened and edited version of this paper will be published as a discussion of
Lindgren et al. (2011) in JRSS-B.



We will illustrate our points on the same example as used in Section 2.3 of Lindgren
et al. (2011), namely the leukaemia survival data, utilizing some of the calculations
thankfully provided by the authors.

In geostatistics the optimal sampling design is often based upon the kriging
variance over the region of interest X', frequently by minimizing its maximum. It
has turned out that this reflects rather not so well the true variation as the uncer-
tainty introduced by estimating covariance parameters v is thereby neglected. To
compensate for that Zhu and Stein (2006) and Zimmerman (2006) have suggested
minimizing the modification

max {Var[}}(x)] + tr {Mv_l\/ar[@f/(z)/@’y] }} :
which the latter has termed the EK(empirical kriging)-criterion. Here M., stands
for the Fisher information matrix with respect to v, and we can analogously denote
Mg for trend parameters (3 for later usage.

In spatial econometrics it is common to test for spatial autocorrelation by spec-
ifying a spatial linkage or weight matrix W and utilize an overall type measure
such as Moran’s I. Therefore Gumprecht et al. (2009) have suggested to employ the
power of Moran’s I under a hypothesized spatial lattice process given by its precision
matrix () as the design criterion; let us call maximization of it the MIP(Moran’s T
power)-criterion in the following.

3 Results

Now as there is a link established with respect to estimation between the two mod-
elling paradigms, can we expect a similar link with respect to those associated design
criteria? Looking at the example a sensible design question we could pose is to which
out of the 24 districts in north-west England should we sample if we are limited to a
number k < 24 for financial reasons. To keep things simple, we will in the following
choose k = 3, which allows for (234) = 2024 different designs. For all those designs
we can then calculate the values for the above design criteria and plot them against
each other to judge for a potential linkage. As the only covariance parameter, which
is not predetermined in the example is p, we have v = p and EK reduces to scalar
operations localized at p = 0.2. For the MIP we required the precision matrix @),
which was provided by Lindgren et al. (2011). The matrix W was defined by as-
signing 1 to point pairs with intersite distances less than the range p = 0.2 and 0
else, which turned out to be an insensitive choice.

At this point we now had to slightly modify the example: since the spatial
correlation is so strong in the leukaemia data most of the realized powers were very
close to one, thus obscuring all potential patterns. We therefore artifically reduced
the number of cases (and thus the powers) by randomly sampling 20 locations from
the 3 districts respectively. This resulted in the scatter plot of criteria displayed
in the left panel of the figure in the discussion of Lindgren et al. (2011). While
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Figure 1: left panel: MIP (horizontal) versus EK (vertical) criterion values; right
panel: MIP (horizontal) versus CD (vertical) criterion values.

from this display the link between the criteria already becomes quite evident, we
present here in Figure 1 an even stronger one well extending into the corners where
the optima lie. This was achieved by simply doubling the diagonal entries of the
covariance matrix Q~!, which emulates a stronger nugget effect.

It thus looks that in cases with reasonable localized spatial dependence one
could achieve reasonably high design efficiencies by employing one for the other
criterion, which offers advantages in both directions. Where MIP requires little
prior knowledge its optimization is nonstandard, whereas for EK and related cases
well developed theory is available (Miiller and Pdzman, 2003).

Both criteria, however, are computationally quite intensive and it makes thus
sense to look for cheaper alternatives. Motivated by the traditional connection
between estimation and prediction based criteria (”equivalence theory”), Miiller and
Stehlik (2010) have suggested to replace the EK-criterion by a compound criterion
for determinants of information matrices, i.e. maximizing

[ Mg)[* - |M 0,

with a weighing factor «, which we will call in the following CD,(compound D)-
optimality. The relationship of this criterion (assuming a constant trend /) with an
a = 0.5 to the MIP is displayed in the right panel of Figure 1. This clearly shows
that one could computationally very cheaply find the optimum with respect to CD
and still achieve rather high efficiencies on the MIP criterion.

4 Concluding remarks

We must note that our calculations have shown that the dependence between the
criteria is related to the specific setup. It turns out that the strength of the relation-



ship between MIP and the other two criteria decreases when the powers approach
one, but strongly increases for decreasing ranges and increasing nuggets. Note also
the relationships to the ubiquitous space-filling designs as explored in Pronzato and
Miiller (2011). Summarizing, we believe our discussion showed that the relations
between the two linked approaches can go far beyond mere estimation issues.
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Abstract: In order to manage herbicide treatment we present a method for
optimizing the locations of weed density measurements. The practical problem is
to estimate weed density in each one of the n quadrats of a field, assuming that
m measurements were already collected and using p additional measurements op-
timally located. The proposed method consists in three steps: 1) fit a statistical
model to the m available measurements taking into account the nature of the data,
2) define possible locations of the p additional measurements using a simulated-
annealing algorithm, 3) assess the designs using weed density values simulated using
the fitted statistical model. This method is applied to several wheat fields and the
results show that it improves weed density predictions. Sensitivity to several tuning
parameters is discussed.

Keywords: optimal design, spatial statistics, weed

1 Introduction

Weeds can induce important yield losses in agricultural fields. In order to pre-
vent huge losses weed management is frequently based on herbicide application.
But extensive herbicide application leads to a risk of water pollution by chemicals.
Sometimes, herbicide application is useless and the need of precise knowledge of
weed density in the field is crucial. In order to provide a map of weed density in
a field without counting all the plants, it is necessary to design a spatial statistical
model fitted from a limited number of measurements. The purpose of this paper is
to present a method for optimizing the locations of weed density measurements in
agricultural fields in order to manage herbicide treatment. Consider an agricultural
field divided into n quadrats and assume that weed density measurements were al-
ready collected in m out of the n quadrats, m < n. Our practical problem is to
estimate weed density in each one of n quadrats by using

i) the m available weed density measurements,

ii) p additional measurements, p < n —m, collected in other quadrats located in
the same field,



and by estimating the weed density in the unmeasured quadrats with a statistical
technique. Potentially, the use of p additional measurements can lead to improved
weed density estimates, but the degree of improvement depends on the experimental
design i.e. on the number of additional measurements p and on their locations in
the field.
This paper presents a method for defining, assessing, and selecting experimental
designs in order to determine an appropriate number p of additional measurements
and optimize their locations in the field.
The proposed method consists in three main steps:

1. fit a spatial statistical model to the m available measurements taking into
account that the data are countings or presence-absence data,

2. assess the design of m + p quadrats using weed countings values simulated
using the fitted statistical model to define the criterion,

3. define possible locations of the p additional measurements using a simulated-
annealing algorithm according to the previously defined criterion.

This method was applied to several wheat fields and the results showed that it
could improve weed density predictions. Sensitivity to several tuning parameters is
discussed.

2 Materials and Methods

2.1 Statistical model for mapping weeds

Assuming m measurements are available, a standard technique to produce a map of
weed countings in a field of n quadrats is ordinary kriging. Kriging performs well
when the data distribution is Gaussian or not far from Gaussian. Weed countings are
discrete data and the Gaussian distribution is not well adapted. Models for Poisson,
zero Inflated Poisson and binary data are designed involving a continuous Gaussian
latent variable accounting for the spatial dependence. The kriging is performed on
the latent variable.

2.2 Conditional simulations

Conditional simulations are simulations of a spatial field according to a spatial model
which are constrained to take observed values in a set of locations. Given a design
of m + p sites, its quality is assessed with the root mean square difference between
conditional simulations and kriging estimates.

2.3 Simulated Annealing Algorithm

The search of an optimal design is achieved by a simulated annealing algorithm: p
quadrats are randomly selected and added to the m initial quadrats. Slight per-
turbations on the previous configuration are iteratively proposed to improve the



conditional simulation criterion. Configurations that do not improve the criterion
are accepted with a decreasing probability in order to favour the exploration of the
configurations domain.

3 Results

3.1 Simulated data

The procedure is evaluated on simulated data, sharing the same characteristics as the
weed data (size of the field, number of quadrats, countings data of same magnitude).
It turns out that the procedure gives a better design to estimate a weed map when
the data are significantly spatially correlated provided that the variogram of the
latent variable is well estimated. Not surprisingly when the data are not or slightly
correlated a random design does the job as well. As usual the simulated annealing
algorithm is sensitive to the temperature parameter that has to be tuned accordingly
to the magnitude and the kind of the data (countings or presence-absence). Several
ways to modify the design configuration (all the p points or only one are randomly
changed, the modification is random on one or two directions), have been tested but
they result in equivalent outcomes.

3.2 Case study

Weeds have been measured exhaustively in a field divided in 92 quadrats on a grid
4x23. m = 20 regularly arranged sites are selected in such a way to cover the entire
domain. We look for p = 10 other points to improve the estimate of the weed map.
The procedure is achieved with 1000 iterations for the SAA. Figure 1 shows a) the
original data and the 20 points of the initial design, b) the estimated map with 10
sites randomly selected added to the initial design and c¢) the final design with the
optimized 10 additional sites. The RMSE has improved by 15%, and it is worth
noticing that the procedure locates the new sites in the area where the weeds are
numerous.

4 Concluding remarks

Accuracy of predicted infestation levels depends on locations of weed density mea-
surements. We showed that locations leading to accurate predictions can be found
using a simulation-based approach with a simulated-annealing step. This approach
can be used to map weed infestation in agricultural fields and allows farmers to apply
herbicides in highly infested areas only. The performance of the proposed approach
depends on the spatial correlation of weed densities and on tuning parameters of
the simulated annealing algorithm. An algorithm based on particle filter could also
be used within the same framework.
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Figure 1: a) original data and initial design b) estimated map with 10 randomly
additional sites c) estimated map with 10 optimized additional sites
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Abstract: Classic probability-based designs are widely uledspatial sampling in
environmental research. When sampling over larggons researchers may wish to
preferentially sample some sites due to ease @&sacdf such non-standard probability
designs are implemented, Horvitz-Thompson analysisides unbiased estimates for
spatial means and variances provided first andr&kooder inclusion probabilities can
be evaluated. However, even with minor departu@s fstandard designs the effect of
preferential sampling on the sampling variance lbandramatic. We find significant
increases in sampling variance as sampling beconmge and more preferential. We
conclude that some non-standard designs can resalgnificantly weaker sampling
performance and recommend they be examined by aiionlprior to implementation.

Keywords: Probability design, GRTS, Horvitz-Thompson Estiona

1. Introduction

There are two broad categories of approaches alaifar surveying soil organic
carbon (SOC) across space - model-based approadioesliesign-based approaches.
The former set of approaches is very useful forpirepand prediction but is based on
strong assumptions on the distributional propeieSOC. The latter is based entirely
on how sites are chosen for sampling and can peodaobiased estimates of mean SOC
as well as unbiased estimates of sampling variaMZe. examine design-based
approaches here as they have been garnering nora@e attention in recent years.

Probability-based designs have not been implemepteda national scale within
Australia. A major challenge to establishing a or@l monitoring scheme is the large
distances one would need to travel to collect dava.many regional sampling schemes
there is anecdotal evidence that sample sitesttehé “just inside the gate, along the
fence 50m from the road” which indicates a prefeeefor sites that are easy to access.
This is a defining feature of what we term the Aaisin context and this feature can
bias the results of an otherwise well designed exm@nt when the true manner in
which sites are chosen is not incorporated intcatiadysis.

In this report we explore designs that are compeatilith the Australian context, i.e.
designs that preferentially sample sites that asy €0 access over remote sites. Using
classic statistical design methodology coupled witlodern computer simulation

! Financial support for this research comes from@B¢RO Sustainable Agriculture Flagship.



strategies we explore the effects of such prefedesampling on sampling variance.
While stratified sampling generally improves samglivariance relative to simple
random sampling, preferential sampling negateskirgefit. However, we find that the
modern technique of generalised random tessellatimatification (GRTS) sampling
can incorporate preferential sampling quite wetl. dll our examples preferential
sampling leads to increases in sampling variantédo GRTS this increase is not fatal

2. Preferential Sampling Probability Designs

We compare the performance of simple random sagl8RS), stratified random
sampling (STR) and GRTS using two spatial datasetxhran (1977) provides a
detailed summary of many classic sampling desigwsamalysis results including the
work of Horvitz and Thompson (1952) for computingoiased estimators of mean and
sampling variance using first and second orderusioh probabilities. GRTS was
developed for sampling streams and stream netw&tesyens and Olsen 2003) and can
readily handle any set of first order inclusion lpabilities. GRTS has been used
extensively in the U.S. by the Environmental Prttec Agency for water-based
monitoring (e.g. Schweiger et al 2005, Wardrop |e2G07) and can also be used for
monitoring natural resources in terrestrial appimss (Fancy, Gross and Carter 2009)
though to the best of our knowledge it has not hessd for soil carbon monitoring.

We venture away from classic designs by specifymatusion probabilities in a manner
that preferentially samples sites that are clogepads that span the space of interest.
We parameterise a linear relationship between snmfuprobability and distance to road
using a single term that ranges from 0 to 1. When= O the linear relationship is flat,
i.e. all inclusion probabilities are equal and veerd classical non-preferential sampling.
Wheno=1 the inclusion probabilities for the sites fugh&om the roads are zero. This
boundary case is not considered since a desigrdtggmoach is no longer applicable
to the whole region of interest. For values wfbetween 0 and 1 the inclusion
probabilities decrease with distance, and theahtiecrease increases with

We use the work of Hartley and Rao (1962) to sangplepecific number of sites
according to our pre-specified first order inclusigrobabilities as well as for
computing approximations for our second order isicin probabilities, simplified
further by Stehman and Overton (1994). These caruds®l to compute Horvitz-
Thompson estimators from implementations of nonddad designs.

3. Data

We use two spatial datasets to evaluate these lphitypadesigns. The first is a
simulated non-stationary, non-isotropic processnfriixed rank kriging of a spatial
random effects model (Cressie & Johannesson, 2008)lues for this process are
evaluated at 4 million pixels and we draw samplesize n=27. A grid of nine square
strata is used for STR for this dataset. The sedsra dataset of over 2.5 million
predictions of percentage SOC across a large pa@,@00 squared-km) of New South
Wales in Australia (Wheeler et al, 2010). Thesalpteons come from a Cubist-based
data-mining model of legacy %SOC data from the flisin Soil Resource Information
System (ASRIS, McKenzie et al 2005). We draw samplesize n=150 from the SOC



dataset. We define 16 strata for this dataset basmthd the major towns of the region
with each site allocated to the stratum assochattdthe closest town.

4. M ethods

We repeatedly apply the probability designs totauar datasets changing the strength of
preferential sampling through the parametelFor each design andvalue we examine
the distribution of our estimates of sampling vace. Effective sample sizes are found
by matching the median sampling variance with sarmgplariance estimates based on
non-preferential SRS. As is well known, when sangla spatial process, switching
from SRS to STR or GRTS leads to an immediate largg in effective sample size.
We wish to investigate what happens to samplingaaae and effective sample size as
a changes from 0 to just under 1 for each design.

SRS STR GRTS

0100 0100 — 0100

0.050 0.050 0.050
0.020
0.010 SRERE

0.00s5

0002 0002 o.ooz

0.0 0.oo . 0.oo

Alpha Alpha Alpha

Figure 2. Effect of preferential sampling on the samplingiamace of mean estimates for the SOC
dataset under SRS, STR and GRTS designs. Redwittga each plot indicate 1st, 2nd and 3rd quastile
of the variance estimates. The text indicates tedeapproximate effective sample sizes under non
preferential SRS designs based on smooth quaagtession.

5. Results and Discussion

Preferential sampling results in larger samplingaraces in all cases. The gains in
effective sample size one attains by switching TR ®an be all but wiped out when
preferential sampling is employed. Preferential glamg of n=27 sites under STR is
routinely found to be worse than SRS based onefaef sites. For GRTS the effect of
preferential sampling is not as dramatic. Figur@l@s our estimates of sampling
variance for many values affor each design for the SOC dataset. Each paokides
red lines based on smooth robust regression afldteeto estimate the 1st, 2nd and 3rd
quartiles as functions af. The text written over each plot indicates effextsample
sizes required to achieve similar sampling variangeler non-preferential SRS.

This research indicates that continental-scale Baghgchemes can be designed and
implemented in a manner that better reflects hoey tare used in practice. While
preferential sampling designs more accurately ceflpractical concerns, we
demonstrate that they can have dramatic inflatipediiects on sampling variance. As
such, we recommend a thorough evaluation of anypbagn approach prior to
implementation. In the examples explored here wedothat estimates of sampling



variance from GRTS are least affected by prefembrgampling. This suggests that
GRTS is a viable approach for designing spatial@eng schemes at large scales. The
success of GRTS is due partly to its use of a meighhood variance estimator (Stevens
and Olsen 2004) and partly to the fact that GRTI8Beaes much better spatial balance
compared to STR.
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Abstract:This paper presents a hierarchical Bayesian Poisson lognormal model
for malaria incidence in Sucre state, Venezuela, during the period 1990 — 2002. The
logarithm of the relative risk of the disease for each county or municipality is ex-
pressed as an additive model that includes a multiple regression with social-economic
and climatic covariates; a random effect that captures the spatial heterogeneity in
the study region and a CAR (Conditionally Autoregressive) component, that recog-
nizes the effect of nearby municipalities in the transmission of the disease each year.
For most years the selected model captures well the spatial structure between the
relative risks from the nearby municipalities. When a poor model fit is obtained, a
t-Student model for the spatial heterogeneity parameter improves model fitting re-
sults. From the 15 municipalities in Sucre state during the study period 1990 — 2002,
7 of them presented high relative risks (greater than 1) in most years. These areas
are mostly agricultural areas with poor living conditions.

Keywords: hierarchical Bayesian model, Poisson lognormal model, malaria in-
cidence, Venezuela

1 Introduction

Malaria is a parasitic infectious tropical disease that causes high mortality rates in
the tropical belt. In Venezuela, Sucre state is considered the third state with the
highest malaria incidence. The Standardized Mortality Ratio (SMR), is the ratio
between the number of observed disease cases (y;) and the expected number of cases

'Project funded by the National Fund for Science and Technology (FONACIT) project No.
2005-000184, Venezuela.



in the region(E;), this is, (Banerjee, 2003)

SMR, =W, = %0 =1, .k (1)
E;
where £ is the number of subregions (in our case the number of municipalities is 15)
B
and E; = p*.n; = Z}jlzf .n;, being p* the total proportion of disease incidence.

=1"'"

This incidence rate \TIZ is a raw estimate of the relative risk of disease infestation
in the municipality 7. A value grater than 1 indicates a disease incidence greater than
expected for a region; therefore this constitutes an alarm for public health authori-
ties, (Banerjee, 2003) and (Lawson, 2003). The objective of this work is to propose
a model including temporal and spatial components, to explain the dynamics of the
disease and to allow simultaneously to identify the explanatory social-economic and
climatic variables related with the disease incidence in Sucre state.

2 Materials and Methods

2.1 Study region and Data

The study region is located in the northeastern region of Venezuela in Sucre state.
This state has 15 municipalities with an area of 11, 800km?. Total cases of malaria
were available for 13 years during the period 1990 — 2002. Interpolated monthly
precipitation was available for the whole state using a Bayesian Kriging approach (Le
and Zidek, 2007). Several social-economic variables measuring basic needs coverage,
unemployment rate, housing characteristics and public services were available from
the National Institute of Statistics (INE). After a dimensional reduction technique
based on principal component analysis (PCA), the following covariates were used
from the PCA results: X;: Percentage of households with fair building quality and
lack of public services (electricity, sewerage, drinking water); X,: Percentage of
poor households with intermediate building quality; Xj5: Sewerage and drinking
availability; Xj: Percentage of population in agricultural activities. Additionally,
the maximum monthly precipitation during the year, X5, was also included. Each
variable was stored in a matrix of dimension of 15 x 13.

2.2 Spatio-temporal model

Let Y}; the number of malaria cases in municipality ¢ and year t. A Poisson model is
usually assumed for these quantities, where the mean rate is \;y = Ej;; V;;. Therefore,

Yiy ~ Poisson(\y) (2)

with ¢t = (1,...,T), being T the number of years; in this case T' = 13.



The proposed model for ¥, is:

Wip = exp(ay + B, Xig + vig + big) (3)
where vy ~ N (0, %) is a parameter representing the local spatial heterogene-

ity of the data and bylb_; ~ N (I_j

(CAR) component representing the spatial dependence among the neighboring coun-
ties in the transmission of the disease. For model 3, we have the vectors a; =
(1,0, .sar), Be = (B, B2y s Br)y The = (This Th2y o, Thr), Tor = (Tors T2, -0 ToT),
bit = (big, bory ooy bgt) 5 Vie = (V1g, Voy, .., Ugy) and Xy, is the covariates matrix.

As an alternative model, the spatial heterogeneity parameter v;; can also be
assumed to have a t — Student distribution. The complete conditional posterior
probability distributions were calculated for parameters ay, 5;, by, Vit, Tot,The-

The prior distributions for the parameters oy, 5;, vit, bir, The, e of model 3,
were assumed as follows: a; and (; are assumed Uniformly distributed; by |b_; ~

) is the Conditional Auto-Regressive

L1
W Tmi

N (Bit, ﬁ), e ~ Gamma(ay,dy) and 7, ~ Gamma(a.,d.), where parameters
ap = a. = 0.5, d;, = d. = 0.0005; b_;; is the parameter vector without considering
the municipality ¢ at time ¢; and m;; are the neighbors to municipality ¢ at time ¢;
although the number of municipalities does not change with time, we use the above
notation.

3 Results

A computer code in WinBUGS was implemented for Bayesian inference using MCMC
methods. Fourteen thousand samples from the parameter posterior distributions
were obtained and 4,000 samples were used for burnin. Several models were pro-
posed by using different sets of covariates and the lognormal models with and with-
out the CAR component (b;;) were also compared. The Deviance Information Cri-
teria (DIC) (Spielgelhalter et al., 2002), and the Minimum Posterior Expected Loss
Criteria (D) (Gelfand and Ghosh, 1998) were used for model selection. The DIC
criteria did not show important variations among models. The D critera was more
sensitive to model variations and suggested that a model with a CAR component and
variables X7, X5, X, and X5 was more appropriate, since this model presented the
lowest D value. Model residuals for the selected model were tested for independence
by calculating the Moran’s I posterior probability interval for all years.

Posterior predictive model checks were carried out by simulating 2, 000 replicates
from the posterior predictive distribution for each municipality and each year. The
posterior predictive p-value p(y;, 7 < y%*) was calculated to compare the observed
vs. simulated values. If the p-value is close to 0 or 1, it means that the observed
values are very unlike to be seen from the simulated values.
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Figure 1: Posterior predictive check for the county Cruz Salmeron Acosta, year 1997
and calculated p-value, by using a normal model (a) and a ¢ — Student model (b)
for the spatial heterogeneity parameter vy

Model checks were satisfactory for most years and all municipalities, except for
year 1997 with a good model fit only in 8 of 15 municipalities. To improve model
fitting it was assumed v[i] ~ t — Student(1,&,2) where £ ~ Gamma(0.5,0.005)
for each municipality during year 1997. Figure 1 shows a comparison of the two
posterior predictive p-values, with the normal distribution (p — value = 0) and the
t — Student distribution (p — value = 0.635).

From the 15 municipalities in Sucre state during the study period 1990 — 2002,
7 of them presented relative risks greater than 1 in most years. These areas are
mostly agricultural areas with poor living conditions.
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Abstract:

The main goal of spatio-temporal disease mapping is describing the evolution of
geographical patterns of mortality or incidence risks (rates). This could give clues
to epidemiologists and public health researchers to formulate etiologic hypothesis
of the disease. However, the ability of disease mapping models to make predictions
about future mortality or incidence risks has not been widely explored. In this work,
a flexible spatio-temporal model is considered for risk estimation and forecasting.
The prediction MSE of both fitted and forecast values, as well as estimators of those
quantities, will be derived. Spanish cancer mortality data will be used for illustra-
tion.

Keywords: P-spline models, CAR models, smoothing risks, forecasting.

1 Introduction

Health agencies plan cancer prevention resources based on cancer mortality /incidence
risk estimations available to date. However, these official numbers are available
after three or four years. In this context, statistical procedures providing mortal-
ity /incidence risk predictions for different regions or health areas are very useful.
Using jointpoint regression models, Malvezzi et al. (2011) present estimates of mor-
tality for all cancers and for selected major cancer sites in the year 2011 in the whole
European Union and in its six more populated countries. They use actual mortality
data up to the most recent available year, which is between 2005 and 2007 for most
EU countries.

In this work flexible spatio-temporal models are considered to predict risks. The
prediction MSE of both fitted and forecast values, as well as estimators of those
quantities, will be derived. P-splines have been proposed in small areas to forecast
dwelling prices (see Ugarte et al., 2009), and here, we extend this work to disease
mapping spatio-temporal models including interaction terms. The methodology will

!This research has been supported by the Spanish Ministry of Science and Innovation (MTM
2008-03085/MTM).



be used to analyze several mortality cancer data for all the Spanish provinces in the
period 1975-2008. Risks predictions for future years will be also provided.

2 Materials and Methods

Two models are considered for forecasting. Firstly, a model with CAR distributions
for both the spatial and temporal random effects is considered. This model includes
a spatio-temporal interaction term similar to those described by Knorr-Held (2000).
Secondly, a spatio-temporal P-spline model described in Ugarte et al. (2010) is
used. Smoothing is carried out in three dimensions: longitude, latitude, and time,
allowing for different smoothing parameter in each dimension. Predictions will be
obtained by extending the marginal time B-spline basis.

Consider n contiguous regions labelled ¢ = 1,...,n, and T time periods denoted
by t =1,...,T. Conditional on the random region effects r;;, the number of deaths
in each area and time period, Cy, is assumed to be Poisson distributed with mean
Wit = €7y, where r; represents the unknown relative risks of mortality from a rare
disease, and e;; is the expected number of deaths. Namely

Cit|rie ~ Poisson(py = euri), log i = logey + logri. (1)

In the spatio-temporal CAR model, the log-risk is modeled as

wip = logry = B+ @i + v + i, (2)

where (3 is an overall risk level, ¢; represents spatial effects, v, denotes temporal
effects, and §;; are space-time interaction effects. The distributions for the random
effects ¢, v, and § are

¢ ~ N(O, O_EDS) ; Dy = (ASQS + (1 - /\S)Is)_a
7NN(0’0-132D15> ; Dt:Qt_a
6 ~ N(07 O-stDst) 3 Dst = Q; @ Q;7
where Q; is determined by the spatial neighbourhood structure with the ¢th diagonal
element equal to the number of neighbours of the ith region and for i # j, Q;; = —1

if ¢ and j are neighbours and 0 otherwise; I is the n x n spatial identity matrix, and
Q; is determined by the temporal neighbourhood structure and it is analogously

defined as Q.
Model 2 can be expressed in matrix form as

U=XB+Z1¢+ Zoy + Z30 = X3+ Za, o~ N(0,G),

Using a P-spline spatio-temporal model the log-risk is modeled as

u = logry = f(l'lia x2i7$t)a (3)



where x1; and x9; are the coordinates of the centroid of the ith small area (longitude
and latitude respectively), x; is the time, and f is a smooth function to be estimated
using P-splines with B-spline bases. One of the most interesting aspects of the P-
spline models is that they can be expressed as linear mixed models using a one-to-one
(orthogonal) transformation. Hence, the P-spline model can be represented as

u=XB+Za, a~ N(OF).
The X and Z matrices are given by

X - X3 ® (XQDXl)
Z 2] :Z5:75: 7, 7% 7, - 77,

and

77 = 732 (X0X), Zi=X;® (Z,0X,), Z;=X;3® (X,07),
M Z; ® (Z,0X,), Z:=7Z3® (Xo0Zy), Z;=X;® (Z,0Z,),
Z; == Z3 ® (ZQDZl),

where the symbol O denotes the “row-wise” Kronecker product of two matrices (see
for example, Eilers et al., 2006). Here, X; = [1 : x31], Xo = [1 : xo], X35 = [1 : x3],
Z1 = BlUlsu Z2 = BQUQS, and Z3 = B3U33. The matrices Bl, BQ, and B3 are
the marginal B-spline bases for longitude, latitude and time; U;,, Uy, and Ugs,
come from the singular value decomposition of the penalty matrices for longitude,
latitude and time, and the covariance matrix F~! is a diagonal matrix arising from
the representation of the P-spline model as a mixed model (see Ugarte et al., 2010
for more details).

The models are estimated using the well known penalized quasi-likelihood tech-
nique (PQL)(Breslow and Clayton, 1993). Risk predictions and their standard errors
are obtained by extending the X and Z matrices.

3 Results

The methodology is illustrated analyzing prostate cancer in Spain from 1975 to 2008.
Figure |1| displays relative risks estimates (1975-2008) and predictions (2009-2011)
for four selected Spanish provinces, together with 95% confidence bands obtained
with the P-spline model . A decreasing trend in mortality can be observed.
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Figure 1: Smoothed prostate cancer mortality risks estimations and predictions with
95% confidence bands.
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