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Chapter 1

In tro duction

1.1 General in tro ducti on

Land use and land co v er c hanges ha v e impacts on a wide range of en viron-

men tal and landscap e attributes including the qualit y of w ater, land and air

resources, and the climate system itself through greenhouse gas �uxes and

surface alb edo e�ects (Lam bin et al., 2000). Human use of land also alters the

structure and functioning of ecosystems, and in�uences ho w ecosystems in-

teract with the atmosphere, aquatic systems and surrounding land (Vitousek

et al., 1997). An throp ogenic c hanges in land use and land co v er are in-

creasingly recognized as critical factors in�uencing global c hange (Hough ton

et al., 1999; Nagendra et al., 2004) and they directly impact on biotic div er-

sit y w orldwide (Sala et al., 2000). Finally , the spatial con�guratio n of land

use is an imp ortan t determinan t of man y so cio-economi c pro cesses (Lam bin

et al., 2001). All this has caused land use and land co v er c hange, as one of

the main driving forces of global en vironmen tal c hange, to b e cen tral to the

sustainable dev elopmen t debate (Lam bin et al., 2000).

Understanding patterns of land use and land use c hange is the sub ject

of a wide n um b er of studies. Since land use is a decisiv e factor in mo delling

comm unit y and sp ecies distribution, it is no w ada ys also b eing in tegrated in

ecological mo delling approac hes and in a n um b er of other scien ti�c studies.

Land use c hange patterns are the result of the complex in teraction b et w een

the h uman and ph ysical en vironmen t (V erburg et al., 2005a). The study of

these patterns of c hanges is the ob ject of land use c hange mo delling. The

latter tec hnique, esp ecially if done in a spatially explicit, in tegrated and

m ulti-scale manner, is imp ortan t for the pro jection of alternativ e path w a ys

1



2 Chapter 1. In tro duction

in to the future (V eldk amp and Lam bin, 2001) or to understand pro cesses

that ha v e caused past land use c hanges (Goldewijk, 2001; Nagendra et al.,

2004).

One of the main ob jectiv es of the FRA GILE

1

pro ject w as to mo del go ose

p opulation dynamics and go ose habitat c hange in relation to land use c hange.

In suc h a case, the ideal land use c hange mo del w ould b e a parcel based

land use c hange mo del co v ering an area of more than 3 million km2
in 7

North-Europ e a n coun tries. This is a classic example of the exten t vs. res-

olution dilemma. As men tioned b y V erburg et al. (2004b), studies with a

large spatial exten t in v ariably ha v e a relativ ely coarse resolution, due to our

metho ds for observ ation, data analysis capacit y and costs. Therefore, some

compromise has to b e found, but k eeping the large spatial exten t is manda-

tory . W e also w ere a w are that Europ ean- w i d e scenarios of land use c hange

w ere already a v ailable and that it w ould ha v e b een imp ossible to rep eat this

tremendous task. The A TEAM

2

pro ject sp en t o v er 3 y ears and required

the participatio n of sev eral researc hers to pro duce these scenarios (Sc hröter

et al., 2005; Rounsev ell et al., 2006b). Ho w ev er, it so on b ecame clear that the

spatial resolution at whic h these scenarios w ere a v ailable w as still to o coarse

to b e used within the FRA GILE pro ject or within other studies requiring

land use c hange data as input.

P ast land use data is a v ailable in a series of di�eren t formats and at a

range of spatial resolutions. While it is increasingly a v ailable at �ne resolu-

tions (e.g. agricultural parcel lev el data or �ne resolution satellite images),

these datasets often come at high costs or are only a v ailable for a sp eci�c

date. The most widely a v ailable time series of land use data are aggre-

gate statistics pro vided for administrativ e units (e.g. the Europ ean `NUTS'

regions). Again, the resolution of these datasets do es not allo w the iden ti�-

cation of land use c hange e�ects at the landscap e lev el and is insu�cien t to

establish a link with lo cal case studies (V erburg et al., 2006).

1

EU F unded pro ject FRA GILE: FRagilit y of Arctic Go ose habitat: Impacts of Land

use, conserv ation, and Elev ated temp erature

2

EU F unded pro ject A TEAM: A dv anced T errestrial Ecosysteam Analysis and Mo d-

elling
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1.2 Ob jectiv es

The o v erall aim of this thesis is to prop ose a metho dology to do wn-

scale aggregate land use data and scenarios. Although the fo cus will

b e mainly on do wnscaling the A TEAM scenarios of land use c hange, the pro-

p osed metho dolog y is mean t to b e applicable to other t yp es of aggregate land

use data. The metho dology is mean t to b e easily replicable and applicable to

(v ery) large geographic areas. It should also b e indep enden t from the spatial

resolution at whic h the data needs to b e do wnscaled. Therefore, it should b e

indep enden t of an y ancillary databases and rely on a few general principles.

In summary , w e in tend to prop ose a standard w a y of do wnscaling aggregate

land use data that should only b e dep enden t on 1) the land use quan tities

pro vided b y the aggregate land use dataset 2) the initial con�guratio n of the

land use in the region of concern. The question w e try to answ er is: wher e

are land use c hanges more lik ely to o ccur? An empirical statistical mo del

can help answ er this question (Lam bin et al., 2000).

Do wnscaling actually means represen ting at a �ne resolution data origi-

nally a v ailable at a coarse resolution. The A TEAM scenarios giv e land use

shares (in %) p er grid cells of 10' resolution at three time steps (2020, 2050,

and 2080). In this case, what w e wish to do is map out these scenarios so

that a single land use class is attributed to eac h spatial unit of reference

(i.e. a �ner resolution gridcell or a parcel of land). It seems eviden t that

these maps of future land use dep end on the initial land use con�guratio n

of the study area. Therefore, to pro vide a sound basis for the do wnscaling

metho dolog y , it is essen tial to study and understand the initial spatial con-

�guration of the land use system of the region of study . This means that

the factors that ha v e led to the curren t land use patterns m ust b e studied.

These factors are commonly named `driv ers' of land use c hange and ma y b e

represen ted formally through so cio-economi c and en vironmen tal v ariables.

Broadly sp eaking, these driv ers can b e group ed in to t w o categories: 1) the

non-neigh b o u r h o o d based v ariables and 2) the neigh b ourho o d based v ari-

ables. While the former category is included in virtually all land use studies,

only a limited n um b er of studies deal with neigh b ourho o d e�ects and spa-

tial auto correla t i o n . Ho w ev er, neigh b ourho o d e�ects, re�ecting cen trip etal

forces, are kno wn to ha v e a role in the spatial structuring of land use and the

landscap e (V erburg et al., 2004a; White and Engelen, 1993). These neigh-
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b ourho o d relationships re�ect pro cesses as v aried as push and pull forces,

imitation strategies, or economies of scales (V erburg et al., 2004a). The

o v erwhelming imp ortance of suc h relationships has b een demonstrated via

their use in most cellular automata mo delling studies (see e.g. Arai and

Akiy ama, 2004; Caruso et al., 2005; Engelen, 2003; Barredo et al., 2002). A

h yp othesis that will b e tested in this thesis is that using neigh-

b ourho o d e�ects alone will giv e the b est statistical mo del of land

use patterns.The �rst ob jectiv e is therefore to test this h yp othesis.

F or the purp ose of this thesis, the b est statistic al mo del is a sp atio-temp or al

pr e dictive mo del that is not data-hungry: using neighb ourho o d variables alone

ensur es that no ancil lary datab ases ar e ne e de d.

This statistical mo del will giv e us a set of probabilit y maps of land use

presence. In other w ords, eac h lo cation has a certain probabilit y to b e clas-

si�ed as e.g. a cultiv ated �eld c onditional to the spatial con�guratio n of

its neigh b ourho o d . Ho w can these initial conditional probabilitie s b e link ed

to the future land use quan tities as predicted b y the scenarios of land use

c hange? By answ ering this question, w e will ev en tually complete the do wn-

scaling metho dolog y . This is the second ob jectiv e of this thesis.

By ac hieving the �rst t w o ob jectiv es, w e will ha v e resp ected the double

condition set in the initial paragraph i.e. the do wnscaling metho dology will

dep end only on future land use quan tities and on the initial spatial con�gu-

ration of the landscap e. The future land use quan tities ha v e b een mo delled

in another pro ject (i.e. the A TEAM pro ject) and are used as suc h. Ho w ev er,

the initial con�guration of land use is strongly dep enden t on the dataset used

to map the landscap e. Sc hmit et al. (2006) ha v e recen tly dra wn atten tion to

the limitations asso ciated with raster datasets and spatial data in general.

The third ob jectiv e of this study is to test the in�uence of using

di�eren t datasets and di�eren t rasterization metho ds to map land

use patterns at a �ne resolution .

The �nal ob jectiv e of this thesis is to demonstrate the utilit y of

the data resulting from suc h a do wnscaling metho dology . W e will

therefore do wnscale the A TEAM scenarios to a small area within Southern

Belgium and use the �ne resolution land use maps to mo del the ev olution of

soil organic carb on (SOC). The quan ti�cation of the ev olution of SOC is of

great concern in the con text of the Ky oto proto col. Land use c hange is kno wn

to b e a ma jor factor in�uencing the global carb on cycle and SCO con ten t in
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particular. Ho w ev er, only a few studies explicitly tak e in to accoun t the e�ect

of land use c hange on the ev olution of SOC con ten ts at the regional scale.

Smith et al. (2005a) and Smith et al. (2005b) w ere the �rst to use spatially

explicit land use c hange scenarios to presen t a comprehensiv e pan-Europ e a n

assessmen t of future SOC c hanges. Ho w ev er, they had to w ork at a coarse

resolution b ecause they did not ha v e land use c hange scenarios represen ted

at a �ne resolution. The main ob jectiv e of this c hapter is to compare t w o

distinct scales of analysis and to raise issues that ma y arise when pro jecting

c hanges in SOC using coarse resolution datasets.

1.3 Outline of the thesis

This thesis (except c hapter 2 and 7) is based on articles submitted to in ter-

national p eer review ed journals. This ma y in some cases lead to rep etitions

in the text, although in this w a y the individual c hapters of this thesis ma y

b e read indep enden t l y .

Chapter 2 giv es a general o v erview of in tegrated m ulti-scale land use

mo delling, including the main concepts b ehind the mo dels as w ell as recen t

mo del dev elopmen ts. W e will also review a series of existing do wnscaling

framew orks and iden tify the gaps of these metho ds. Finally , w e will presen t

a series of statistical tec hniques that could b e used to �ll these gaps.

Chapter 3 and 4 form the core of the thesis as they presen t the do wn-

scaling metho dology . Chapter 3 presen ts a spatially explicit, cross-sectional,

logistic regression analysis of land use driv ers in Belgium. The main fo-

cus is on spatial auto correla t i o n and neigh b ourho o d e�ects. Chapter 4 uses

the probabilit y maps giv en b y the logistic regressions to set the basis for a

statistically consisten t do wnscaling metho dolog y . These initial probabilit y

maps are up dated using aggregate land use data (i.e. the A TEAM scenarios

of land use c hange) and an iterativ e pro cedure based on Ba y es' theorem.

Sev eral tec hnical issues that arise when do wnscaling land use data are ad-

dressed. T o demonstrate the applicabilit y of the metho d, a small area within

southern Belgium is selected.

Chapter 5 applies the do wnscaling metho dolog y to another region (i.e.

Luxem b ourg) to demonstrate that the metho d is easily replicable. This c hap-

ter in v estigates the imp ortance of baseline dataset c hoice and data sampling
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metho d on presen t and pro jected landscap e structure. A particular fo cus is

giv en on simple spatial metrics indicating landscap e fragmen tation that are

widely used in ecological applications.

Chapter 6 demonstrates the usefulness of the metho d b y applying it to

mo del the ev olution of SOC sto c ks in a small area of Southern Belgium.

Chapter 7 (Conclusions) giv es a syn thetic view of the most imp ortan t

�ndings and con tribution s of this thesis. It pro vides some recommenda t i o n s

and op ens up p ersp ectiv es for further researc h.



Chapter 2

Multi-sca l e Land Use Change

Mo delli ng: A Literature Review

2.1 The concept of scale in land use mo delling

F or Gibson et al. (2000), scale is the spatial, temp oral, quan titativ e, or

analytical dimension used b y scien tists to measure and study ob jects and

pro cesses. In land use mo delling, scale is imp ortan t in t w o distinct w a ys:

in the form of exten t, or the area co v ered b y the mo del, and in the form of

resolution, or the lev el of detail inheren t in the mo del (P ark er et al., 2003).

Land use is the result of m ultiple pro cesses that act o v er di�eren t scales:

aggregation of detailed scale pro cesses do es not straigh tforw ardly lead to a

prop er represen tation of the higher-lev el pro cess. Non-linearit y , emergence

and collectiv e b eha viour cause this scale-dep enden c y (V erburg et al., 2004b).

Although the imp ortance of explicitly dealing with scaling issues is generally

recognised, most existing mo dels only tak e a single scale in to accoun t.

Complete reviews that c haracterize and classify land use c hange mo d-

els ha v e already b een ac hiev ed. These are pro vided b y Lam bin (1997) and

Kaimo witz and Angelsen (1998) for deforestation, Miller et al. (1999) for in-

tegrated urban mo dels, Lam bin et al. (2000) for agricultural in tensi�cation

mo dels, Bo c kstael and Irwin (2000) and Irwin and Geogheghan (2001) for

mo dels based on economic theory and more recen tly b y Sc hmit (2006) for

agriculture. Although it is already a few y ears old, the most extended review

of all t yp es of land use c hange mo dels is giv en b y Briassoulis (2000). She

distinguishes eigh t in terrelated sources of v ariation in existing mo del: the

spatial scale and lev el of spatial aggregation adopted as w ell as the degree

7
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of spatial explicitness of the mo del is one of these main sources of v ariation.

She prop oses a classi�cation sc heme according to the mo delling tradition to

whic h a mo del b elongs. Based on this criterion, four categories of mo dels

emerge: a) statistical and econometric mo dels; b) spatial in teraction mo dels;

c) optimisation mo dels; and d) in tegrated mo dels. A �fth category con tain-

ing mo dels for whic h classi�cation is not straigh tforw ard is also added. The

goal of this c hapter is certainly not to detail suc h t yp e of classi�cation. In-

stead, the description will b e limited to existing mo dels (not forgetting the

most recen t ones) b elonging to the category that is closely related to the

core of this thesis: the in tegrated, regional lev el sim ulation mo dels.

Regional lev el in tegrated sim ulation mo dels sim ulate land use c hange o v er

a relativ ely wide area and at relativ ely coarse spatial resolution. They study

broad land use t yp es suc h as built-up areas, agriculture and forestry . The

relev an t determinan t s of land use c hange include en vironmen tal (climate, ge-

omorphology), p olitical, and macro-econ o m i c factors. Therefore, in tegrated

mo dels commonly engage b oth mem b ers of the ph ysical and so cial science

comm unitie s. The patterns of spatial structure are generally quite coarse,

and do not lo ok, for example, at pro cesses as detailed as residen tial p eri-

urbanisation etc. The complexit y of the systems to b e mo delled and of the

mo dels themselv es can b e imp ortan t (Briassoulis, 2000).

2.2 Multi-scale in tegrated land use mo dels

The in tegrated mo dels describ ed in this section are, b y de�nition, m ulti-

scale. F or example, the CLUE mo del (V eldk amp and F resco, 1996), the

En vironmen t Explorer (Engelen, 2002), and the A TEAM mo del (Rounsev ell

et al., 2006b; Sc hröter et al., 2005) ha v e three distinct lev els of analysis.

2.2.1 The Cellul ar Automata (CA) mo dell i ng framew ork in

in tegrated mo dell i ng

As de�ned b y Engelen et al. (1995), a cellular automaton consists of an ar-

ra y of cells in whic h eac h cell can assume one of k discrete states at an y one

time. Time progresses in discrete steps, and all cells c hange state sim ultane-

ously as a function of their o wn state, together with the state of the cells in
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their neigh b ourho o d , in accordance with a sp eci�ed set of transition rules.

T ransition rules can b e either quan titativ e or qualitativ e or b oth. A cellular

automata mo del consists of: �(a) a cellular space, normally t w o-dimensiona l ,

(b) a de�nition of the neigh b ourho o d of a cell, (c) a set of p ossible cell states,

and (d) a set of transition rules' (White and Engelen, 1993). CA are attrac-

tiv e for a n um b er of reasons (White and Engelen, 2000): They are inheren tly

spatial, dynamic, highly adaptable, rule based, simple and th us computation -

ally e�cien t but in spite of their simplicit y they can represen t the generation

of complex patterns (White and Engelen, 1994). The unit of observ ation is

a cell of the landscap e, rather than the land manager, and therefore there is

no direct link b et w een the unit of observ ation and the decision-mak er (Irwin

and Geoghegan, 2001).

CA in itself do not represen t in tegrated mo dels of land use c hange. Ho w-

ev er, the CA framew ork has b een widely used in in tegrated mo dels of land

use c hange. An example of suc h mo del is the `En vironmen t Explorer' (En-

gelen, 2003). It links spatial mo dels at b oth macro- and micro-geogr a p h i c

scales, i.e. mo dels are coupled at 3 geographica l lev els: national (the Nether-

lands), regional (40 regions), and lo cal (351000 cells of 25ha). The motor

driving the spatial c hanges in En vironmen t Explorer is fueled b y economic

and demographic dev elopmen ts: supply and demand in b oth qualitativ e and

quan titativ e terms. These pro cesses op erate at di�eren t spatial scales and

are th us represen ted in the mo dels. A t the national lev el, the mo del in te-

grates national �gures tak en from economic, demographic and en vironmen tal

gro wth scenarios considering dev elopmen ts in the Netherlands in the con text

of Europ e and the w orld b ey ond and prepared b y the Dutc h planning agen-

cies. A t the regional lev el, regional inequalities will in�uence the lo cation

and relo cation of new residen ts and new economic activit y and th us driv e

regional dev elopmen t. A t the lo cal lev el, four elemen ts determine whether a

piece of land is tak en b y a particular land use function or not:

1. Suitabilit y: one map p er land use mo delled.

2. Zoning or institutional suitabilit y: Zoning is a man made instrumen t

for imp osing constrain ts or stim ulating particular trends while suit-

abilit y is most often a fact of life and an in trinsic qualit y of the area.

3. A ccessibilit y: relativ e to the transp ortation system.
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4. Dynamics at the lo cal lev el: dynamic impact of land uses in the im-

mediate surrounding of a lo cation. F or eac h land use, a set of rules

determines the degree to whic h it is attracted to, or rep elled b y , the

other land uses presen t in the neigh b ourho o d .

The link age b et w een the mo dels at the national, regional, and lo cal lev els

is bi-direction a l and v ery in tense.

En vironmen t Explorer has b een sp eci�cally dev elop ed for the Nether-

lands. It ev olv ed from a similar mo del originally designed for a small �ctiv e

Caribb ean island (Engelen et al., 1995). V ariations of this mo del ha v e also

b een applied to St Lucia (SimLucia) and Puerto Rico.

The w ork of Straatman et al. (2001) is another example of CA in in te-

grated mo delling. It consists of a cellular automata land use mo del used as

the in tegrating elemen t of an elab orate w atershed mo del, including ph ysi-

cal, so cio-economi c and ecological mo dels of v arying complexit y . It clearly

illustrates the p o w er of the CA as an in tegrator. Other examples include

the SLEUTH (Candau et al., 2000) and RAMCO (Uljee et al., 1999) mo d-

els. Although limited to urban land uses, the Clark e Urban Gro wth mo del

(Ungerer, 2000), the mo dels designed for Dublin (Murbandy) and Cincinnati

(White et al., 2000), and the mixed arti�cial neural net w ork and constrained

CA mo del of Guan et al. (2005) are also represen tativ e of this category of

mo dels. Finally , the EU funded LAD AMER

1

pro ject uses in tegrated land

use (and CA) mo delling to pro vide an assessmen t of the degradation status

of Mediterranean lands on small scales, and the iden ti�catio n of `Hot Sp ot'

areas sub ject to high deserti�cation and land degradation risk.

In eac h of the ab o v e men tioned in tegrated mo dels. The CA part of the

mo del merely represen ts the �nal part of the top-do wn mo delling pro cedure

(although feedbac ks exist). It allo cates land uses to eac h cell, whic h represen t

the spatial elemen ts of the �nest resolution. In that sense, CA mo dels can

b e seen as land use allo cation pro cedures. It will further b e sho wn ho w the

approac h prop osed in this thesis is a simpli�ed v ersion of a fuller v ersion of

a CA.

1

EU funded pro ject LAD AMER: LAnd Degradation Assessmen t in MEditerranean

EuRop e
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2.2.2 The Land Use Scanner mo dell i ng framew ork

The land use scanner mo delling framew ork is an in tegrated mo del dev el-

op ed to sim ulate future land use in the Netherlands in a GIS en vironmen t

(Borsb o om-v an Beurden et al., 2002; Hilferink and Rietv eld, 1998; Sc hotten

et al., 2001; K o omen et al., 2005). It has to b e placed in the tradition of equi-

librium mo dels, whic h use micro-econo m i c theory based assumptions ab out

supply , demand and price setting. A t the momen t, the Land Use Scanner

is predominan t l y used for the elab oration of scenarios (Borsb o om-v an Beur-

den et al., 2002). It com bines claims from sectoral mo dels as input, next to

ph ysical suitabilit y , distance deca y and p olicy maps. The most r e c ent version

c onsists of a lo git mo del that al lo c ates land uses to grid c el ls of 100 by 100

meters . The probabilit y that a certain t yp e of land use is realized in a cer-

tain grid cell is determined b y a comparison of the suitabilit y of this cell for

this t yp e of land use with the summed suitabilit y for all other t yp es of land

use. Suitabilit y maps are usually comp osed of di�eren t v ariables including

neigh b ourho o d functions, esp ecially distance deca y functions: e.g. distance

to railw a y stations com bined with the fo cal sum of existing residen tial ar-

eas in a circle around the cell (to sp ecify that houses tend to b e built near

other houses). More details ab out computation of suitabilit y maps are giv en

in Hilferink and Rietv eld (1998). The mo del is double constrained b y the

in tro duction of t w o balancing factors. The �rst balancing factor mak es the

exp ected amoun t of land allo cated for eac h land use t yp e equal total demand

for that land use t yp e, the second factor implies that the sum of exp ected

v olumes of the v arious land use t yp es p er cell is equal to the total area of

the cell (Borsb o om-v an Beurden et al., 2002).

In order to build the in tegrated land use map, a hier ar chic al al lo c a-

tion pr o c e dur e w as c hosen. In case the amoun t of land use exceeded the

25 hectares of eac h grid cell, the area of the last men tioned t yp e w as reduced

un til the cell con tained the 25 hectares that can b e allo cated in a 500 * 500

metre grid cell (Sc hotten et al., 2001). Suc h a metho d presupp oses a uni-

directional comp etition b et w een di�eren t land use categories where housing

can alw a ys pa y more than industry and the other categories, and agricul-

ture is alw a ys the last in the ro w to b e displaced b y all other categories

(Borsb o om-v an Beurden et al., 2002).

The land use scanner has b een dev elop ed during the same p erio d as the
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En vironmen t Explorer (Engelen, 2003) and b y the same institution. Both

mo dels ha v e b een used for the same t yp e of applications. A t presen t, b oth

mo dels are b eing in tegrated in one common to olb o x with similar input and

output requiremen ts so as to enable a comparison of results and to apply the

most useful part of eac h of the mo dels. Some impro v emen ts in the allo cation

mo dule ma y b e obtained b y including a CA mo dule in the mo del (Borsb o om-

v an Beurden et al., 2002). More information ab out this to olb o x can b e found

on the LUMOS w ebsite (h ttp://www . l u m o s.in fo/ i n d e x.ph p ) .

2.2.3 The CLUE and EUR URALIS mo dell i ng framew orks

The CLUE mo delling framew ork (Con v ersion of Land Use and its E�ects;

www. cluemo del. n l ) has b een dev elop ed to mo del land use c hanges as a

function of their driving factors (e.g. V eldk amp and F resco, 1996; V eldk amp,

1997; V eldk amp and F resco, 1997; De K oning et al., 1998; V erburg et al.,

1999; V eldk amp et al., 2002; V erburg et al., 2002). It has b een applied to

analyse land use/co v er c hanges in a wide range of coun tries (V eldk amp et al.,

2002). Briassoulis (2000) elegan tly describ es it as an in tegrated, spatially

explicit, m ulti-scale, dynamic, econom y-en vironm e n t - so c i e t y land use mo del.

The mo delling pro cedure consists of t w o consecutiv e steps. First, past

and presen t land use patterns are analysed at v arious lev els of spatial aggre-

gation using m ultiple regression analysis to determine the most imp ortan t

bio-ph ysical and so cio-economi c determinan ts of land use at eac h lev el of

aggregation as w ell as the quan titativ e relationships b et w een them and the

area of v arious land use t yp es. The second step uses the results of the analy-

sis of the �rst step to explore p ossible future land use c hanges within a

spatially explicit framew ork using scenarios of future so cio-economi c dev el-

opmen t (De K oning et al., 1998).

The CLUE mo delling framew ork has a mo dular structure. Mo delling

of the supply side is tak en up b y the Yield Mo dule while mo delling of the

demand side is tak en up b y the Demand Mo dule. The P opulation Mo dule

pro vides input to the Demand Mo dule as c hanges in p opulation mo dify the

demand for di�eren t commo ditie s. The Allo cation Mo dule allo cates the

pro jected needs (demands) for land use of v arious t yp es to the grid cells

in whic h the study area is sub divided to pro duce the actual patterns of
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future land use, whic h will result from the pro jected c hanges in its driv ers

(Briassoulis, 2000).

A new er v ersion of this mo del is called CLUE-S (the Con v ersion of Land

Use and its E�ects at Small regional exten t) and can b e applied at the

regional scale (V erburg et al., 2002). It is sub-divided in to t w o distinct

mo dules, namely a non-spatial demand mo dule and a spatially explicit al-

lo cation pro cedure. F or the land use demand mo dule, di�eren t alternativ e

mo del sp eci�cations are p ossible, ranging from simple trend extrap olations

to complex economic mo dels, dep ending on the application and user require-

men ts.

The al lo c ation pr o c e dur e is b ase d on a c ombination of empiric al and dy-

namic mo del ling . The relations b et w een land use and its driving factors are

ev aluated using step wise logistic regression. T o minimize the in�uence of

spatial auto correlat i o n , regressions are p erformed on a random sample of

pixels (V erburg et al., 2002). The probabilit y of a certain grid cell to b e

dev oted to a land use t yp e is calculated. These probabilitie s together with

a set of decision rules (translated in to quan titativ e v ariables) determine a

preliminary allo cation of land uses. Afterw ards, the total allo cated area of

eac h land use is compared to the demand and the v ariables link ed to deci-

sion rules are tuned un til allo cation equals demand (V erburg et al., 2002).

This w a y , the mo del links top-do wn and b ottom-up approac hes. In other

w ords, within the iterativ e pro cedure, there is a con tin uous in teraction b e-

t w een macro-scale demands and lo cal land use suitabilit y as determined b y

the regression equations. Instead of only b eing captured b y the logistic re-

gressions, it is also the regional demand that a�ects the actually allo cated

c hanges. This allo ws the mo del to `o v errule' the lo cal suitabilit y; it is not al-

w a ys the land use t yp e with the highest probabilit y according to the logistic

regression equation that the grid cell is allo cated to (V erburg et al., 2002).

Apart from these t w o distinct lev els of analysis, a `neigh b ourh o o d function',

represen ting the general p opulation pressure is added as a driving factor.

V arian ts of this mo del ha v e b een applied at the regional lev el in Philippine s

and to a w atershed in Mala ysia (Ov ermars and V erburg, 2005, 2006; V erburg

et al., 2002).

The CLUE-S mo del has also b een used in a recen t wider study: the

EUR URALIS pro ject (funded b y the Dutc h ministry of agriculture, na-

ture managemen t and fo o d qualit y), whic h aimed at dev eloping an in ter-
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activ e, user-friendly meta-mo del for a balanced discussion on the future of

the Europ ean rural area (25 EU coun tries) from the p ersp ectiv e of sustain-

able dev elopmen t in the coming decades (time horizon appr. 30 y ears).

This pro ject tries to bring together relev an t facts and �gures against the

bac kground of con trasting scenarios. It is founded on a v ailable, in ternation-

ally ac kno wledged approac hes (IPCC (In tergo v ernmen tal P anel on Climate

Change) related scenarios), data and metho ds (W estho ek et al., 2006). The

EUR URALIS pro ject is a mo del of land use c hange that uses global mo d-

els in an in tegrated w a y . A mo di�ed v ersion of the global general mo del

Global T rade Analysis Pro ject (GT AP) mo del (v an Meijl et al., 2006) w as

used in iteration with the in tegrated assessmen t mo del IMA GE to quan tify

c hanges in agricultural area at national lev el (Eic khout et al., 2006). Because

c hanges in agricultural area cannot b e studied separately , it also accoun ts

for c hanges in other land uses. GT AP mo dels the economic consequences of

four IPCC SRES (Sp ecial Rep ort on Emissions Scenarios) based scenarios,

whereas IMA GE tak es accoun t of tec hnologica l and en vironmen tal dev elop-

men ts (W estho ek et al., 2006). The land use c hanges are allo cated spatially

b y CLUE at a spatial resolution of 1 km X 1 km and temp oral resolution of

2 y ears. In com bination with other v ariables, the output of the CLUE mo del

w as used to assess the impact of land use c hanges on bio div ersit y (Reidsma

et al., 2006). This allo cation pro cedure is describ ed in V erburg et al. (2006)

and relies on the same principles as describ ed previously . In summary , it

tak es in to accoun t:

1. the land use demand at the coun try lev el

2. sp eci�c lo cation c haracteristics to determine sp eci�c lo cation suitabil-

it y via a set of logistic regressions for eac h land use considered

3. some spatial p olicies and scenario sp eci�c restrictions (e.g. some nature

reserv es are protected in certain scenarios

4. land use t yp e sp eci�c con v ersion settings (e.g. land use con v ersion

elasticities)

These four elemen ts w ere link ed in an iterativ e pro cedure to allo cate land

use c hange at lo cations that b est matc h all criteria (V erburg et al., 2006).

A v ailabilit y of data has b een decisiv e in the c hoice of parameters and spatial

resolution.
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2.2.4 The A TEAM mo dell i ng framew ork

The A TEAM (A dv anced T erritorial Ecosystem Analysis and Mo delling) EU-

funded pro ject studies the e�ects that global en vironmen tal c hanges suc h

as climate c hange, land use c hange and atmospheric p ollution can ha v e on

ecosystems and has to b e placed in the con text of ecosystem vulnerabilit y

(Sc hröter et al., 2005; Ew ert et al., 2005b,a; Kank aanpää and Carter, 2005;

Metzger et al., 2006; Rounsev ell et al., 2005, 2006b; Sc hröter et al., 2005).

The follo wing description will b e limited to the land use part of the pro ject.

The land use scenarios are based on an in terpretatio n of the four IPCC

SRES storylines. These global storylines w ere translated in to descriptions

of Europ ean driving forces for eac h land use. F or some land use t yp es, it

w as necessary to iden tify distinct regional trends in driving forces based

on coun tries or coun try groups. The regional trends also di�ered b et w een

scenarios (Rounsev ell et al., 2006b). In summary , this mo v e from qualitativ e

storylines to spatially detailed maps of land use c hange w as based on the

follo wing steps (Rounsev ell et al., 2006b):

1. Assessmen t of the driving forces at the Europ ean scale from the SRES

qualitativ e story lines and translation of these in to quan titativ e mo del

inputs.

2. Estimation of the regional demand for eac h land use (de�ned as an

area) and for eac h scenario at an aggregate spatial lev el, i.e. coun try

or NUTS-2 (dep ending on the land use class).

3. Disaggregation of the regional demands in to land use areas for 10'

longitude/la t i t u d e

2

grid cells for the EU-25 using spatial allo cation

rules and GIS data la y ers, that include spatial planning zones.

The al lo c ation pr o c e dur e takes into ac c ount c omp etition b etwe en land uses

via a pr e de�ne d land use hier ar chy. This hierarc h y re�ects b oth the economic

trends of land ren t, as w ell as the p oten tial for spatial planning p olicy . Th us,

for example, urban land use tends to tak e precedence o v er agriculture, whic h

in turn usually dominates forestry dep ending on the lo cation c haracteristics.

This is similar to the hierarc hical approac h tak en b y the Land Use Scanner

2

A t a latitude of 51', this corresp onds to a rectangle of ab out 18 b y 11:6 km or 210km2
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mo delling framew ork. Ho w ev er, spatial planning p olicy at de�ned lo cations

ma y limit urban dev elopmen t or protect certain t yp es of land use and/or

landscap e structure (Rounsev ell et al., 2006b). The �nal pro duct of the

metho dolog y is a set of 12 land use maps (4 scenarios and 3 time steps -

2020, 2050, 2080) giving land use shares (in %) p er grid cell of 10' longi-

tude/latitud e o v er the en tire Europ ean area (Rounsev ell et al., 2006b).

The A TEAM and EUR URALIS pro ject are similar in man y asp ects, but

also con tain some di�erences (see V erburg, 2006, for a complete description).

In terms of the allo cation pro cedure of land use c hange at the �ne resolution

(1 km x 1 km for EUR URALIS, 10'x 10' A TEAM), EUR URALIS uses the

CLUE-s mo del while A TEAM dev elop ed a strictly rule-based allo cation pro-

cedure (V erburg, 2006). While the A TEAM land use c hange scenarios w ere

primarily dev elop ed to supp ort vulnerabilit y assessmen ts (see e.g. Metzger

et al., 2006), the spatial resolution of A TEAM do es not allo w the iden ti�-

cation of land use c hange e�ects at the landscap e lev el and is insu�cien t to

establish a link with lo cal case studies (V erburg et al., 2006).

2.2.5 Other in tegrated regional mo dell i ng framew orks

Other examples of in tegrated regional mo dels of land use c hange include the

EU-funded pro jects MED ALUS

3

, follo w ed b y MED A CTION

4

and the IM-

PEL (In tegrated Mo del to Predict Europ ean Land Use) mo del that aimed

at dev eloping a formal mo delling framew ork to study the impact of climate

c hange on the spatial distribution of agricultural land use in Europ e (Roun-

sev ell et al., 1999). Similarly , the A CCELERA TES

5

pro ject also fo cused

on the spatial distribution of agriculture in Europ e based on the sim ulation

of farm-scale decision-making pro cesses (based on optimisation using lin-

ear programmin g ) and the resp onse of crops to their ph ysical en vironmen t

(Rounsev ell et al., 2003; Audsley et al., 2006; Berry et al., 2006; Harrison

et al., 2006; del Barrio et al., 2006; Giupp oni et al., 2006a,b). The pro ject

aimed to assess the vulnerabilit y of Europ ean agro-ecosystems to en viron-

3

EU-funded pro ject MED ALUS: MEditerranean Deserti�cation And Land USe, 1991-

1999

4

EU-funded pro ject MED A CTION, P olicies for land use to com bat deserti�cation

(2001-2004 )

5

EU-funded pro ject A CCELERA TES: Assessing Climate Change E�ects on Land use

and Ecosystems: from Regional Analysis to the Europ ean Scale
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men tal c hange in supp ort of the con v en tion of climate c hange and biological

div ersit y (Rounsev ell et al., 2006a). The land use mo del dev elop ed as part

of the pro ject (Audsley et al., 2006) w as applied to the whole of Europ e at

a 10' resolution and this scale cannot p ossibly accoun t for lo cal landscap e

e�ects on agricultural land use. It w as, ho w ev er, useful to pro ject c hanges

in agricultural in tensit y in di�eren t Europ ean regions and according to four

SRES scenarios (Audsley et al., 2006). The main tec hnique used to mo del

land use c hange w as linear programmin g optimisation metho ds. While this

pro cess-based metho dolog y allo ws to sim ulate the aggregate b eha viour of

farmers in a region, it is not designed to generate future land use patterns

(Audsley et al., 2006). Outputs of the land use c hange mo del and of the

A TEAM land use c hange mo del w ere also used to assess the vulnerabilit y of

sp ecies and agriculture to climate c hange at the Europ ean scale (Berry et al.,

2006; Harrison et al., 2006). The p oten tial impacts of climate and land use

c hange on sp ecies distribution and bio div ersit y w ere also examined at the

more regional scale (del Barrio et al., 2006; Giupp oni et al., 2006a,b). In

order to do so, the scenarios of land use c hanges a v ailable at the resolution

of 10' had to b e do wnscaled at a �ner resolution using simple algorithms (del

Barrio et al., 2006; Giupp oni et al., 2006b).

Generally sp eaking, only a few in tegrated regional land use studies exist

and it seems, therefore, clear that further impro v emen ts could b e made in

in tegrating bioph ysical and so cial approac hes.
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2.3 Do wnscaling land use data

T able 2.1: Comparison b et w een sev eral land use allo cation pro cedures

Approac h Syn thesis Issues

CA A mix of suitabilit y maps,

accessibil i t y v ariables,

zoning restrictions and

exp ert-judgmen t - b ased

neigh b ourho o d rules

Data h ungry , hea vy cali-

bration, need of time se-

ries data, no v alidation of

neigh b ourho o d rules

LU SCANNER Logit mo del and hierarc hi-

cal pro cedure

Data h ungry

CLUE-S Logit mo del and decision

rules

Data h ungry , loss of infor-

mation, endogeneit y prob-

lems

A TEAM Hierarc hical pro cedure Insu�cien t spatial resolu-

tion

A CCELERA TES

(Giupp oni et al.,

2006b)

Mark o vian based CA

mo del

Lac k of explanation giv en

A CCELERA TES Random allo cati o n Inappropriate to represen t

(del Barrio et al., 2006) landscap e patterns

As men tioned in the general in tro duction , do wnscaling or disaggregating

land use data means represen ting at a �ne spatial resolution

6

data that is

originally only a v ailable at a coarser resolution. The cell of a raster dataset

usually giv es the output resolution. Ho w ev er, most of the literature con-

cerning the do wnscaling of LU or land co v er data deriv es from the �eld of

remote sensing and aims to solv e the problem of mixed pixels, more detail

ab out this is giv en in c hapter 4 of this thesis. Sev eral studies cited earlier

p erform do wnscaling of aggregate land use scenario data as the last step

of m ulti-scale mo delling framew orks (Engelen, 2003; V erburg et al., 2006;

Giupp oni et al., 2006b; del Barrio et al., 2006) (see table 1). The motiv a-

tions b ehind do wnscaling are div erse. The goal can b e simply to visualize

land use patterns b y mapping out the results of the land use scenario mo dels.

More imp ortan tly , �ne resolution land use data are needed in a n um b er of

applications from soil sciences to ecological studies. The lev el of complexit y

6

While the term `resolution' can actually b e used to refer to spatial and temp oral

resolution, w e will further use it to refer to spatial resolution only; the full expression

`temp oral resolution' will b e used to refer to temp oral resolution
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of existing do wnscaling approac hes range from the `highly complex' (V erburg

et al., 2006) to the `highly simple' (del Barrio et al., 2006). In the latter case,

the 10' land use c hanges w ere simply do wnscaled to a 1km grid b y randomly

applying the pro jected land use c hange b et w een all relev an t 1km

2
baseline

grid cells whic h fall within eac h 10' grid cell with some constrain ts so that

urban or arable land use could not b e distributed at v ery high elev ations.

While this metho d is simple and quic k to implemen t, it su�ers serious

�a ws. Applying a random land use allo cation pro cedure to further dra w

conclusions on landscap e fragmen tation as done b y del Barrio et al. (2006)

is highly debatable. It seems ob vious that land use c hanges at the cell lev el

dep end strongly on the previous condition of the considered cell and that

of its neigh b ourho o d . Giupp oni et al. (2006b) implicitly ac kno wledge that

b y dev eloping a simple CA mo del utilising Mark o vian series. Unfortunately ,

they do not fully describ e the pro cedure.

A t the other extreme of the complexit y scale, w e �nd the approac h of

V erburg et al. (2006) used to do wnscale coun try lev el land use c hange data

dev elop ed within the EUR URALIS pro ject. Man y authors recognize that

land use c hange at the lo cal lev el dep ends on the land use sp eci�c suitabilities

of eac h lo cation determined b y a range of factors, on a set of spatial p olicies,

and on other land use sp eci�c con v ersion settings (Engelen, 2003; Lam bin

et al., 2001; Bürgi et al., 2004; V erburg et al., 2006). The logistic regressions

used to determine land use suitabilit y maps within EUR URALIS had to

b e made for eac h land use t yp e and for eac h coun try separately to allo w

di�eren t factors to b e a determinan t of land use patterns in di�eren t scenarios

(V erburg et al., 2006). Man y Europ ean- w i d e datasets of debatable qualit y

and rather coarse resolution had to b e used instead of more precise (sub-

)national datasets that are often not readily a v ailable, esp ecially in coun tries

that ha v e recen tly joined the Europ ean Union.

Generally sp eaking, a main dra wbac k of the CLUE-S mo del, the Land

Use Scanner, and all the CA t yp es mo dels is that they are data-h ungry and

are usually incapable of sim ulating land use dynamics in areas without a

land use c hange history (V erburg et al., 2002). Sometimes their application

is restricted to the areas for whic h they ha v e b een dev elop ed unless a large

amoun t of data is acquired.

Other limitations are metho dolog i c a l . F or example, in the CLUE-S



20 Chapter 2. Multi-scale Land Use Change Mo delling: A Literature Review

mo del, logistic regressions are p erformed on non auto-correla t e d data sam-

ples, but this results in a loss of information (Ov ermars et al., 2003). The

only neigh b ourho o d - b a sed v ariable included in the original CLUE-S logistic

regressions is a p opulation densit y surface represen ting the mean p opulation

pressure calculated using a 5 x 5 lo cal �lter to the p opulation map (V erburg

et al., 2002). A ccessibilit y v ariables suc h as distance to road or tra v eltime

to cities are often used. Ho w ev er, o v er long time-scale, accessibilit y and ur-

ban expansion are closely link ed, with complex cause-e�ects relations. This

should exclude v ariables suc h as distance to the transp ort net w ork from the

analysis. The same t yp e of reasoning mak es other factors, suc h as p opula-

tion pressure and lab our a v ailabilit y , equally unsuitable for explaining the

land use pattern. In fact, man y factors that are commonly used to explain

land use c hange patterns, are endogenous to the pro cesses studied o v er a

long time scale (Irwin and Geogheghan, 2001; V erburg et al., 2005b) and

this can lead to biased co e�cien ts if they are used in regression analyses

(Anselin and Kelejian, 1997; Gujarati, 2003). Since there is no simple w a y

to resolv e endogeneit y problems in logistic regression mo delling

7

, it is b est

not to use endogenous v ariables. F urthermore, what really matters in suc h

a mo del is �ne-tuning the allo cation pro cedure b y de�ning appropriate deci-

sion rules. Consequen tly , this giv es a relativ ely lo w w eigh t to the results of

the regressions.

A similar critique can b e addressed to CA t yp e mo dels. Land use mo dels

using CA deal with scale dep endency of the driv ers in a deterministic w a y .

They assume in�uence of driving factors of land use c hange o v er a certain

distance. Man y authors use adv anced calibration metho ds for the mo del as a

whole to �ne-tune the co e�cien ts of the transition rules (e.g. Engelen, 2003;

Straatman et al., 2004). The main dra wbac k of all these calibration tec h-

niques is the h uge set of parameters to b e calibrated and consequen tly , the

large amoun t of computing time. V erburg et al. (2005b) claim for establish-

ing a go o d initial set of transition rules in order to facilitate calibration. The

use of empirically deriv ed relations pro vides a b etter starting p oin t for cali-

bration than transition rules based on exp ert judgemen t alone. In general,

the relations describing the relativ e impact of neigh b ourho o d conditions on

7

A tec hnique to o v ercome this endogeneit y problem of explanatory v ariables is that

of instrumen tal v ariables. This metho d consists of �nding an `instrumen t' v ariable that is

correlated to the endogenous explanatory v ariable but not with the regressio n's residuals

(Gujarati, 2003; Maddala, 2001)
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land use are most often based on exp ert kno wledge and there is a claim to

dev elop new tec hniques to assess and quan tify neigh b ourho o d e�ects (V er-

burg et al., 2004b). In particular, one should try to di�eren tiate b et w een

neigh b ourho o d e�ects merely resulting from the clustered structure of the

ph ysical en vironmen t and those actually re�ecting allo cation pro cesses.

The follo wing sections will presen t ho w recen t land use and land use

c hange mo dels deal with spatial auto correla t i o n b efore comparing a range of

statistical tec hniques that ma y b e useful for this matter.

2.4 Spatial auto correlation in land use mo delling

Not taking in to accoun t spatial dep endence when estimating a mo del can

lead to biased or inconsisten t estimates and false conclusions regarding the

sign and signi�cance of parameter estimates (Irwin and Geogheghan, 2001).

T aking in to accoun t the spatial nature of the problem will impro v e estimation

and shed ligh t on in teractions and in terdep end e n c i e s in the system that ma y

b e in teresting in their o wn righ t (Geogheghan et al., 1998).

The problem of using con v en tional statistical metho ds in spatial land use

analysis, lik e linear regression based on ordinary least squares (OLS) and lo-

gistic regression using maxim um lik eliho o d, is that these metho ds assume the

data to b e statistically indep enden t and iden tically distributed (i.i.d.). Ho w-

ev er, spatial land use data ha v e the tendency to b e dep enden t, a phenomenon

kno wn as spatial auto correlat i o n , whic h can b e de�ned as the prop ert y of

random v ariables to tak e v alues o v er distance that are more similar or less

similar than exp ected for randomly asso ciated pairs of observ ations, due to

geographic pro ximit y . F or Beguin (1979), there is spatial auto correlat i o n if

the v alue of a v ariable at lo cation i dep ends on the v alues tak en b y the same

v ariable in neigh b ouring lo cations. Spatial dep endency could b e seen as a

metho dolog i c a l disadv an tage, but on the other hand it is exactly what giv es

us information on spatial pattern, structure and pro cesses. Spatial dep en-

dency con tains useful information but the appropriate statistical metho ds

ha v e to b e used to deal with it (Ov ermars et al., 2003).

Land use patterns nearly alw a ys exhibit spatial auto correla t i o n . Detec-

tion of spatial auto correlat i o n can b e done through structure function. The

most commonly used structure functions are correlogram s (e.g. Moran's
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Index) and semi-v ariograms. They can b e used to quan tify the spatial de-

p endency p er distance class, a so-called lag (Ov ermars et al., 2003). When

regression is p erformed on spatial data, it is lik ely that spatial auto corre-

lation will still b e presen t in the residuals (Anselin, 2002). This will o ccur

unless the regression is p erformed on a non-auto cor r e l a t e d data sample -

as in V erburg et al. (2002, 2005b); P eppler-li sba c h (2003) and Serneels and

Lam bin (2001) - but this means a loss of information.

As stated b y Ov ermars et al. (2003), spatial structure can b e caused b y

reactions to other v ariables (trends or gradien ts) and/or spatial structure

can app ear when the pro cess that has pro duced the v alues of the dep enden t

v ariable is spatial in itself and re�ects in teraction b et w een sites. Of course

in realit y , b oth reaction and in teraction migh t a�ect the spatial structure.

In order to assess whic h is the dominan t pro cess, it is useful to examine

the residuals of regression mo dels. If spatial auto correlat i o n remains, then

a mo del with a spatially dep enden t co v ariance structure is appropriate. F or

example, it is p ossible to further exploit it b y incorp oratin g an autoregressiv e

term in the regression equation (Ov ermars and V erburg, 2005) in order to

a v oid o v erestimation of the signi�cance of explanatory v ariables (Flahaut,

2004).

V erburg et al. (2004a) lo ok ed at neigh b ourho o d in teractions b y analysing

land use data from the Netherlands for 1989. In order to c haracterize the

neigh b ourho o d of a lo cation in a land use map, they de�ned a measure - the

`enric hmen t factor' - that is based on the o v er- or under-represen t a t i o n of

di�eren t land use t yp es in the neigh b ourho o d of a lo cation. By computing

this enric hmen t factor for di�eren t neigh b ourho o d sizes they pro vided an

empirical justi�cation for the use of distance deca y functions in e.g. transi-

tion rules of CA mo dels (e.g. Engelen et al., 1995; White and Engelen, 2000)

or suitabilit y maps in other land use c hange mo dels (Hilferink and Rietv eld,

1998; Sc hotten et al., 2001). Other imp ortan t conclusions from their study

are 1) that for most land use t yp es, the neighb ourho o ds ar e most enriche d

by the land use typ e itself o v er the whole range of neigh b ourho o d studied

and 2) that despite sligh t v ariations, similar neighb ourho o d r elations exist

in di�er ent r e gions . These conclusions only hold true for the sp eci�c study .

They also state that the neigh b ourho o d c haracteristics presen ted in their

study are not suitable for explaining the large scale patterns in land use and

that these large-scale patterns are determined b y other factors suc h as en vi-
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ronmen tal suitabilit y , accessibilit y and p olicies. In another study , (V erburg

et al., 2005b) pro vide a more detailed analysis of the factors underlying land

use allo cation and �nd A UC

8

(Receiv er Op erating Statistic; P on tius and

Sc hneider, 2000) v alues ranging from 0.65 (for industrial/com m e r c i a l land)

to 0.82 (for forested land). Ho w ev er, they do not include enric hmen t factors

or an y other neigh b ourho o d e�ects in these static logistic regression analyses

but c ho ose to p erform the regressions on data samples and therefore a v oid

the problem of auto correla t i o n .

By using spatial mo dels, a part of the v ariance is explained b y neigh-

b ouring v alues (Ov ermars et al., 2003). In the same study , they also state

that ev en if it ma y seem unsatisfactory , including a spatial part in the mo del

is a w a y to deal with spatial in teractions that cannot b e captured otherwise.

Although omission of explaining v ariables and spatial in teraction cannot b e

clearly distinguished from eac h other through analysis of residuals, the appli-

cation of a spatial mo del is recommende d , b ecause it is a statistically sound

mo del for spatially dep enden t data. They th us prop osed a mixed regressiv e

spatial autoregressiv e mo del using Moran's I to estimate w eigh t matrices and

determine land use driv ers for three eco-regions in Ecuador where the de-

p enden t v ariable is the surface p ercen tage of eac h land use considered within

cells of 9 b y 9km.

Ho w ev er, �ner scale empirical mo dels of land use driv ers explicitly deal-

ing with spatial auto correla t i o n and neigh b ourho o d e�ects are not widely

a v ailable. An autoregressiv e logistic regression mo del giving the probabilit y

of presence/absence of eac h land use in eac h cell w ould seem appropriate. Be-

sides autoregressiv e binomial logistic regression, other empirical tec hniques

dealing with the spatial structure of data and appropriate for land use mo d-

elling and generating land use suitabilit y maps exist. Some of them will b e

describ ed in the follo wing section.

8

A UC is an un biased measure of prediction accuracy calculated from the receiv er

op erating c haracteristic (R OC) curv e. The R OC curv es describ es the compromise that is

made b et w een the sensitivit y (de�ned as the prop ortion of true p ositiv e predictions v ersus

the n um b er of actual p ositiv e sites) and false p ositiv e fraction (the prop ortion of false

p ositiv e predictions v ersus the n um b er of actual negativ e sites. A UC ranges from 0.5 for

mo dels with no discrimination abilit y , to 1 for mo dels with p erfect discrimination.
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2.5 Empirical tec hniques to study land use patterns

The ob jectiv e of this section is to brie�y describ e a range of tec hniques,

stressing ho w they can b e appropriate to land use mo delling, deal with spatial

auto correla t i o n , and generate land use probabilit y maps.

2.5.1 Regression based tec hniques

Regressions are essen tially explanatory mo dels that seek to mo del relation-

ships b et w een a dep endan t v ariable and a set of indep enden t v ariables. Re-

gression analysis can also b e used to mak e predictions based on the mo del.

Logistic regression is a standard metho dolog y when the dep enden t v ariable

is discrete (dic hotomou s or p olyc hotomous) (Hosmer and Lemesho w, 2000).

Indeed, linear regression is inappropriat e b ecause some assumptions related

to this framew ork are violated when the dep endan t v ariable is discrete (e.g.

heteroscedasticit y of the residuals, the dep endan t v ariable is not normally

distributed...). Moreo v er, the exp ected v alue of a discrete binary dep endan t

v ariable follo ws an S-shap ed curv e that can easily b e mo delled with a logistic

distribution. When the dep endan t v ariable is binary , binomial logistic re-

gression is used. Con v ersely , when the dep endan t v ariable is p olyc hotomous,

m ultinomial logistic regression is usually applied.

2.5.1.1 Binomial logistic regression

Binomial logistic regression (BLR) is designed to estimate the parameters of

a m ultiv ariate explanatory mo del in situations where the dep enden t v ariable

is dic hotomous, and the indep enden t v ariables are con tin uous or categorical.

This di�erence b et w een logistic and linear regression is re�ected b oth in the

c hoice of a parametric mo del and in the assumptions. BLR has b een widely

used in the �eld of land use and land use c hange mo delling (e.g. V eldk amp

and F resco, 1996; Mertens et al., 2000; Hilferink and Rietv eld, 1998; Serneels

and Lam bin, 2001; P eppler-lisba c h , 2003). Standard BLR yields co e�cien ts

for eac h indep enden t v ariable based on a non-auto cor r e l a t e d data sample. In

this thesis, these co e�cien ts are in terpreted as w eigh ts in an algorithm that

generates a map depicting the probabilit y of presence for a sp eci�c category

of land use.
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The general mo del form of a �rst-degree BLR mo del is:

E(Yij jx j ) =
e� j + � j x j

1 + e� j + � j x j
= P(Yij = 1 jx j ) (2.1)

and

logitP (Yij = 1 jx j ) = ln
�

P
1 � P

�
= ln

�
E (Yij jx j )

1 � E (Yij jx j )

�
= � + �x j (2.2)

where E( Yij jx j ) is the exp ected v alue of the dep enden t v ariable Yij (so that

Yij = 1 if cell j b elongs to LU t yp e i and Yij = 0 otherwise), x is the

v ector of co v ariates and � and � are the mo del parameters. Similar binary

regressions w ere p erformed for all I land use classes ( i = 1 :::I ) with di�eren t

explanatory v ariables (co v ariates).

Eq. (2.2) is called the logit transformation. The logit has man y of the

desirable prop erties of a linear regression mo del: it is linear in its parameters,

ma y b e con tin uous, and ma y range from �1 to + 1 . The error terms follo w

a binomial distribution.

A tten tion has to b e paid that all co v ariates resp ond linearly to the logit

transformation of Y , and that co v ariates are not collinear. Detailed theo-

retical features can b e found in Hosmer and Lemesho w (2000). Unkno wn

parameters � and � are estimated b y maxim um lik eliho o d metho ds. The as-

sessmen t of the o v erall go o dness-of-�t is also based on lik eliho o d functions,

b y computing the deviance statistic D . In a logistic regression, the deviance

is in terpreted similarly to the residual sum of squares in a linear regression:

D = � 2
nX

j =1

�
yj ln

�
�̂ j

yj

�
+ (1 � yj )ln

�
1 � �̂ j

1 � yj

��
(2.3)

where ^� j = Ê (Yj jx j ) = predicted v alue of Yj giv en the v ector x for the

j th
observ ation, yj is the observ ed v alue of Yj , n is the n um b er of observ a-

tions. The go o dness-of-�t of an indep enden t v ariable can b e ev aluated b y

comparing the deviance with and without the v ariable (log lik eliho o d ratio

test).

T o explicitly deal with spatial auto correlat i o n in the dataset, a mixed
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regressiv e autoregressiv e logistic regression mo del (using b oth neigh b ourho o d

v ariables and other so cio-economi c and ph ysico-climatic v ariables) giving the

probabilit y of presence/absence of eac h land use in eac h cell can b e used. The

general form of the logistic regression then b ecomes:

Logit (p(Yij = 1)) = � + �x j + N ij (2.4)

where N ij is the neigh b ourho o d based v ariable.

2.5.1.2 Spatial m ultinomial logistic regression

The m ultinomial mo del extends the logit to more than t w o states. Instead

of the simple (0,1) dic hotom y , there are I (i = 1 ; ::::I ) p ossible states (land

use classes in this study) (Cramer, 1991). Multinomial logit mo del is the

most p opular form of discrete c hoice mo del in practical applications. An ad-

v an tage of using a m ultinomial logit mo del instead of sev eral binomial logit

mo del (i.e. one for eac h p ossible state) is that the total sum of all outcome

c hoice probabilitie s is equal to 1, as required for a v alid probabilit y distri-

bution. Discrete c hoice mo dels are widely used in economics, mark eting,

transp ortation and other �elds to represen t the c hoice of one among a set

of m utually exclusiv e alternativ es (Mohammadian and Kanaroglou, 2003a).

Originally , it is based on sev eral simplifying assumptions suc h as indep en-

den tly and iden tically Gum b el distribution (I ID) of random comp onen ts of

the utilities and the absence of heteroscedasticit y and auto correla t i o n in the

mo del (Anderson et al., 1992).

Kitam ura et al. (1997) dev elop ed land use ratio functions p er unit area

using natural conditions and so cio-economi c driving forces as explanatory

v ariables. F or this purp ose, they estimated step wise m ultinomial logit mo dels

using a wide range of explanatory v ariables. They argue that, dev elop ed in

the con text of utilit y theory , the logit mo dels estimate the c hoice probabilitie s

of eac h alternativ e. By in terpreting the c hoice probabilitie s as land use ratios,

the logit mo del is used as the land use ratio function. The dep endan t v ariable

is a four-dimensional v ector of land use ratios, represen ting farmland, forest,

built-up areas, and other areas (Morita et al., 1997). They presume that

the curren t land use is the result of land managers acting to maximize their

utilities (Kitam ura et al., 1997).
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Some recen t w ork has incorp orated spatial dep endencie s in to qualita-

tiv e dep enden t v ariables and discrete c hoice mo dels (e.g. Augustin et al.,

2001; Bhat and Guo, 2003; Ben-Akiv a and Lerman, 1985; Mohammadian

and Kanaroglou, 2003a). Ho w ev er, examples of spatial m ultinomial logistic

regression in LU studies are rare. McMillen (2001), for example, applied this

framew ork to mo del LU in an urban fringe area of Chicago considering three

LU classes.

Discrete c hoice mo dels are based on random utilit y theory , whic h assumes

that the decision-mak er's preference for an alternativ e is captured b y the

v alue of an index, called utilit y . A decision-mak er selects the alternativ e

from the c hoice set that has the highest utilit y v alue (Anderson et al., 1992;

Mohammadian and Kanaroglou, 2003a). In the case of land use mo delling,

a pixel has to b e conceptuali sed as an aggregated group of decision mak ers.

Eq. (2.5) represen ts the utilit y of alternativ e (land use t yp e) i in the c hoice

set Cj for decision-mak er (or pixel) j ( Uij ), whic h is considered to b e a

random v ariable.

Uij = Vij + � ij (2.5)

It consists of an observ ed deterministic comp onen t of utilit y ( Vij ) and a

randomly distributed unobserv ed comp onen t � ij capturing the uncertain t y

link ed with the limited information an analyst has ab out an individual's

(or a pixel's) utilit y lev el. In order to accoun t for spatial dep endency , it is

assumed that the systematic comp onen t of utilit y function ( Vij ) consists of

t w o parts; the �rst part is a linear in the parameters function that captures

the observ ed attributes of pixels j and land uses i , while the second term

captures spatial dep endencie s across pixels.

The systematic utilit y function of land use i for pixel j is then giv en as:

Vij =
X

� i X ij + Z ij (2.6)

where parameters � i mak e up a v ector of parameters (to b e estimated) cor-

resp onding to X ij , the v ector of observ ed c haracteristics of land use i and

pixel j . and Z ij represen t the total in�uence that the `c hoices' of all other

pixels ha v e on pixel j . This can can b e mo delled as:
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Z ij =
SX

s=1

� sji ysi (2.7)

This represen ts the so-called neigh b ourho o d v ariable in land use mo delling.

P arameter s � mak e up a matrix of co e�cien ts represen ting the in�uence

that the `c hoice' of pixel s has on pixel j while c ho osing land use i . S is the

n um b er of pixels that ha v e an in�uence on j . ysi will b e set equal to unit y

if the pixel s has c hosen land use i , � can b e mo delled similar to a distance

deca y function. In spatial statistics, it usually tak es the form of a negativ e

exp onen tial function of the distance separating the t w o pixels ( D js ):

� sji = �exp (�
D js



) (2.8)

where � and 
 are parameters to b e estimated.

Utilit y of land use i for pixel j can b e re-written as:

Uij = Vij + � ij = (
X

� i X ij +
SX

s=1

� sji ysi ) + � ij (2.9)

Probabilit y that pixel j w ould tak e land use i , rather than an y other land

use k in the c hoice set, can b e expressed as the probabilit y that the utilit y

of i is higher than that of an y other alternativ e land use, conditional on

kno wing the systematic utilit y Vkj for all k land uses in the c hoice set. This

probabilit y can b e expressed as:

Pij = P
�
(Vij + � ij ) � maxk2 Cj (Vkj + � kj )

�
= P

�
(V �

kj + � �
k ) � (Vij + � ij ) � 0

�

(2.10)

The m ultinomial logit mo del arises when the error terms in the utilit y

function are assumed to b e indep enden t l y and iden tically T yp e I (Gum b el)

distributed. It can then b e sho wn that Eq. (2.10) can b e re-written as:

Pij =
exp(�V ij )

P
k2 Cj

exp(�V kj )
(2.11)
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The log-lik eliho o d function for a sample of size N is giv en b y:

L � (� ) = ln (L (� )) =
NX

j =1

X

i 2 Cj

lnP yij
ij =

NX

j =1

X

i 2 Cj

yij [Vij � ln (
X

k2 Cj

exp(Vkj ))]

(2.12)

where yij is a dumm y v ariable suc h that yij = 1 if land use i is tak en b y

pixel j , and yij = 0 otherwise. T o calculate the spatial dep endency term �
in Eq. (2.8), one needs estimates of the parameters � and 
 . The v alue of

these t w o parameters can b e estimated directly b y maximizing the lik eliho o d

function in Eq. (2.12). Alternativ ely , parameters � and 
 can b e obtained

via a searc h pro cedure o v er a range of n um b ers b y trying out di�eren t v alues

of the parameter 
 while estimating the v alue of � as a standard parameter

in logit mo del and selecting the one that b est �ts the data.

As men tioned b efore, m ultinomial logit considers eac h land use as one

p ossible alternativ e amongst the whole set of land use classes. This generates

consisten t probabilit y maps of land use presence, the sum of the probabil-

ities for a giv en pixel b eing equal to 1, whic h is generally not the case in

binomial logistic regression where probabilitie s are computed for eac h land

use indep enden t l y of eac h other. Ho w ev er, dev eloping a m ultinomial logit

mo del can b e a time consuming and computation a l l y hea vy pro cedure. In-

deed, the n um b er of v ariables that need to b e included and com bined with

dumm y v ariables so that the v ariables only a�ect the land use(s) that they

should a�ect is v ery large, and the co e�cien ts can b e di�cult to in terpret in

a m ultinomial case. Moreo v er, treating eac h land use individually can help

us getting a clear picture of what explains its distribution. Therefore, it is

useful to start with a binomial logit mo del in order to b etter de�ne the set

of explanatory land use driv ers, including neigh b ourho o d e�ects.

Strictly sp eaking, the m ultinomial mo del that will b e presen ted later in

this thesis is a conditional logit mo del. Multinomial logit mo del and condi-

tional logit mo del refer to the same t yp e of mo dels. Ho w ev er, the conditional

logit mo del assumes that only the c haracteristics of the alternativ es (here:

neigh b ourho o d of the land use classes) in�uence the probabilitie s of o ccur-

rence of these same alternativ es (Maddala, 2001).



30 Chapter 2. Multi-scale Land Use Change Mo delling: A Literature Review

2.5.2 Geostatisti c al tec hniques

The regression tec hniques describ ed previously assume the data to b e statis-

tically indep enden t and iden tically distributed. Ho w ev er, as stated b efore,

spatial land use data ha v e the tendency to b e dep enden t, a phenomenon

kno wn as spatial auto correlat i o n . It has b een sho wn ho w including a spa-

tial part to the regression mo dels can deal with this spatial auto correlat i o n .

Unlik e regression tec hniques, the primary aim of geostatistics is to analyse

sp atial ly dep endent sto c hastic v ariables (v an Gro eningen et al., 1997). The

main in terest of this t yp e of tec hniques is their abilit y to exploit this spatial

(or temp oral) dep endence in order to predict at unsampled lo cations. In

that sense, geostatistical tec hniques are more predictiv e than explanatory .

A wide range of geostatistical tec hniques are a v ailable. T w o of the most

common tec hniques adapted to mo del categorical v ariables (i.e. Indicator

Kriging and Ba y esiam Maxim um En trop y) will brie�y b e describ ed next.

2.5.2.1 Kriging

The w ord `kriging' is synon ymous with `optimal prediction' (Cressie, 1991).

It aims at minimizing the v ariance b et w een predicted and observ ed v alues

under constrain t of un biasedness. Originally , it is used to mak e inferences

on unobserv ed v alues of the random pro cess studied. Kriging pro vides the

b est linear un biased predictor of a spatial v ariable at un visited lo cations (v an

Gro eningen et al., 1997). It has b een widely used in the �elds of geology and

soil sciences.

Considering this, it ma y seem strange to use kriging tec hniques in the �eld

of land use mo delling. Indeed, there is no need to infer since there are usually

no unsampled lo cations on raster or ev en v ector datasets. Nev ertheless,

kriging (and more sp eci�cally , indicator kriging) can pro v e useful to generate

probabilit y maps of land use presence. Since kriging is a purely spatial

pro cedure, the only h yp othesis that has to b e pro v en b eforehand is that the

neigh b ourho o d of a pixel is su�cien t to pro duce optimal probabilit y maps

of land use presence. As explained b efore, this is the main ob jectiv e of the

binomial logistic regression mo dels.

All kriging predictors are but v arian ts of the basic linear regression esti-

mator:
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Ẑ (x0) � m(x0) =
n0X

� =1

� �; 0[Ẑ (x � ) � m(x � )] (2.13)

where Ẑ (x0) is the predicted v alue for the random v ariable Z (x0) ( x0 simply

indicates a lo cation), � �; 0 is the w eigh t assigned to datum Z (xa) , m(x0)
and m(x � ) are the exp ected v alues for random v ariables Z (x0) and Z (xa)
resp ectiv ely and j 0 is the n um b er of data considered in the neigh b ourho o d

of x0 . Eq. (2.13) can b e rewritten as:

Ẑ (x0) = m(x0) +
n0X

� =1

� �; 0[Ẑ (x � ) � m(x � )] = m(x0) + Ŝ(x0) (2.14)

whic h corresp onds to the estimate of the linear mo del:

Z (x0) = m(x0) + S(x0) (2.15)

F ollo wing Eq. (2.15), Z (x0) can b e decomp osed as the sum of a determin-

istic trend comp onen t m(x0) and a random, auto correlat e d linear residual

comp onen t S(x0) . V ariations of this form ula form the basis of all kriging

algorithms. Categorical v ariables are commonly treated using the indicator

kriging (IK) framew ork in tro duced b y Journel (1983) The follo wing descrip-

tion of the IK framew ork is adapted from the w ork of Bogaert (2002) and

D'Or and Bogaert (2004).

Consider a discrete or categorical random v ariable C , that can b e nominal

(e.g. land use classes) or ordinal, ha ving 
 C � ci ; i = 1 ; : : : ; nc as its �nite

set of p ossible outcomes. W e will restrict ourselv es to cases where 
 C is

a complete system of ev en ts, i.e. (C = ci ) 6= ; ; 8i , and (C = ci ) \ (C =
cj ) = ; ; 8i 6= j , so that P(

S
i (C = ci )) =

P
i P(C = ci ) = 1 . The in�nite

set of random v ariables C( x � ) o v er the con tin uous domain D constitutes

the discrete-v alued random �eld Fc � f C( x � ); x � 2 Dg. In practice, w e are

in terested b y the �nite set of lo cations x1; : : : ; xn , so that � = 1 ; : : : ; n . Let:

� i � � P [C( x � ) = ci ]; (2.16)
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b e the univ ariate probabilit y that the �eld is taking the v alue ci at lo cation

x � (i � = 1 ; : : : ; nc) . Let us de�ne also the biv ariate probabilit y of observing

sim ultaneously the v alues ci and cj at lo cations x � and x � , resp ectiv ely , as

� i � j � ( h �� ) � P[(C( x � = ci ) \ (C( x � = cj )]; (2.17)

with i � ; j � = 1 ; : : : ; nc , and h �� = x � � x � . W e will further assume that

biv ariate probabilitie s are in v arian t under translation, so that

� i � j � ( h �� ) = � i 
 j � ( h 
� ) = � ij ( h ) if h �� = h 
� = h ; (2.18)

with 8i; j = 1 ; : : : ; nc . In particular, when h=0 , Eq. (2.18) de�nes an

assumption of univ ariate in v ariance under translation, with

� i � j � ( 0 ) = � i 
 j � ( 0 ) = � ij ( 0 ) =

(
� i if i = j
0 if i 6= j

(2.19)

Finally , w e will also assume further the in v ariance under rotation (i.e.

isotrop y), so that � i � j � ( h ) is only a function of the norm khk and do es not

dep end on the direction of the h v ector.

Indic ator c o ding

In traditional geostatistics, the indicator formalism is commonly cited as

a p oten tial candidate for predicting categorical random v ariables (R V) (see,

e.g., Go o v aerts, 1997). It is based on an indicator co ding of the v ariable C ,

i.e.,

� i (x � ) = � i � =

(
1 if C(x � ) = ci

0 if C(x � ) 6= ci
(2.20)

so that at lo cation x � a data is co ded as 1 if category ci is observ ed (where

i = 1 ; : : : ; nc ) and is co ded as 0 otherwise.

Indic ator vario gr ams and the pr ob ability mo del
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The spatial structure of indicator random �elds is usually c haracterize d

b y a set of indicator (cross-) v ariograms, with


 ij (h �� ) = 1
2Cov[� i � � � i � ; � j � � � j � ]

= � (i = j ) � i � � ij (h �� )
(2.21)

where � (i = j ) = 1 when ci = cj and 0 otherwise. Estimates for these (cross-)

v ariograms are classically giv en b y


̂ ij (h �� ) = � (i = j )pi � pij (h �� ) (2.22)

where pi , the estimated univ ariate probabilit y , is giv en b y

pi =
1

Nh

NhX

k=1

� i k (2.23)

and pij (h) , the estimated biv ariate probabilit y , is giv en b y

pij (h) =
1

Nh

NhX

k=1

� i k � � j k + h (2.24)

with Nh denoting the n um b er of pairs of p oin ts in the distance class corre-

sp onding to lag h . The whole set of v ariograms and cross-v ariograms can

then b e mo delled using, e.g., a Linear Mo del of Coregionali z a t i o n (LMC)

in order to ensure the p ositiv e de�niteness of the estimates. Ho w ev er, the

indicator LMC's often infringe simple v alidit y conditions suc h as the fact

that, 8h , the sum of the probabilitie s o v er all the com bination s of categories

m ust b e 1.

As an alternativ e, Bogaert (2002) prop oses using the m uc h simpler set

of probabilit y functions, also called the Probabilit y Mo del (PM):

� ij (h �� ) 8i; j = 1 ; : : : ; nc (2.25)

i.e., there is one � ij (h) function for eac h pair of categories giving the proba-

bilit y of o ccurrence of this pair for an y lag h . The PM can b e estimated using

Eq. (2.24). F rom Eq. (2.21) and using the fact that � i =
P

j � ij (h �� ) , it is

easily seen that the set of indicator v ariograms and this probabilit y mo del

mak e use of exactly the same information.
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Indic ator kriging

The ordinary indicator kriging estimator for the probabilit y of observing

category ci at non data lo cation x0 is de�ned as a linear com bination of the

surrounding indicator data (Cressie, 1991), with

pi (x0 j f i � g) =
nX

� =1

� i � � i � (2.26)

sub ject to the un biasedness constrain t

nX

� =1

� i � = 1 : (2.27)

In Eq. (2.26), � i � is the w eigh t attributed to the data lo cation x � for the

prediction of category ci , and � i � is the Kronec k er delta op erator de�ned in

Eq. (2.20).

The set of w eigh ts � i � are obtained b y solving the system of linear equa-

tions

8
>><

>>:

nP

� =1
� i � 
 ii (h �� ) + � i = 
 ii (h � 0) 8� = 1 ; : : : ; n

nP

� =1
� i � = 1 :

(2.28)

where 
 ii (h �� ) and 
 ii (h � 0) resp ectiv ely denote the v ariogram v alues for

category ci b et w een data lo cations x � and x � , and b et w een data lo cation x �

and prediction lo cation x0 .

While the indicator approac h has b een widely used for con tin uous v ari-

ables, practical applications on categorical v ariables remain scarce in the

literature. The w orks of Bierk ens and Burrough (1993a,b), Ob erth ür et al.

(1999), Miller and F ranklin (2002), Bourenanne et al. (2003), De Bruin et al.

(2004) and D'Or and Bogaert (2004) constitute a nearly exhaustiv e list.

Despite its simple formalism, IK su�ers from man y limitations, b oth

theoretical and metho dolog i c a l . Limitation s include: (i) the p oten tial ob-

ten tion of in v alid negativ e probabilit y estimates; (ii) as the probabilit y esti-

mates are obtained separately for eac h category , there is no guaran tee that

P
i pi (x0 j f i � g) = 1 , as required for a v alid probabilit y distribution. More
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detail ab out these limitations can b e found in Bogaert (2002). Indicator

cokriging w as prop osed as a remediation for the fact that join t information

ab out the v arious categories is neglected in IK. Ho w ev er, Bogaert (2002)

pro v e that indicator cokriging su�er from the same general limitations as

IK. The main limitation ab out IK tec hniques is that they are based on a

least-squares optimalit y criterion and remain linear estimators. Concretely ,

this means that in general, pi (x0 j f i � g) do es not corresp ond to the condi-

tional probabilit y but is only its least square estimate, as it is kno wn that

this conditional probabilit y is a highly nonlinear function of the data.

In order to directly �nd this conditional probabilit y , the Ba y esian Maxi-

m um En trop y approac h is prop osed.

2.5.2.2 Ba y esian Maxim um En trop y

The Ba y esian Maxim um En trop y approac h w as dev elop ed from the early

nineties b y Christak os (2000, 1990); Christak os et al. (2001) and is the most

w ell-kno wn comp onen t of mo dern spatiotemp oral geostatistics. The initial

BME framew ork w as esp ecially dedicated to the analysis of con tin uous v ari-

ables. Recen tly , an extension of BME for pro cessing categorical v ariables

(BME/CA T) has b een prop osed (Bogaert, 2002). The follo wing description

of the BME formalism is adapted from the w ork of D'Or and Bogaert (2004).

An y BME analysis consists of three steps: the prior, metaprior and p os-

terior steps. The description of eac h of them is giv en hereafter.

A t the prior step, w e need the join t general p df:

� i 0 ;:::;i n = P[
\

k

(C(xk ) = ci k )]; i k = 1 ; : : : ; nc; k = 0 ; : : : ; n (2.29)

where � i 0 ;:::;i n is the probabilit y of o ccurrence for a giv en com bination of

lev els for the categorical v ariable C at lo cations x0; : : : ; xn . The set of prob-

abilities for all the p ossible com bination s corresp onds to the join t probabilit y

distribution function for the R V's C(x0); : : : ; C(xn ) . This p df can b e repre-

sen ted as a nc � : : :� nc h yp ersquare probabilit y table (with n+1 dimensions,

n b eing the n um b er of surrounding data p oin ts). As w e w an t to incorp orate

only the a v ailable kno wledge, but no spurious information, w e implemen t at

this stage a Maxim um En trop y pro cedure. The Maxim um En trop y principle
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is a metho d that allo ws to obtain a join t probabilit y distribution using only

as a v ailable information a set of biv ariate probabilitie s.

De�ning pi 0 ;:::;i n as an estimate of � i 0 ;:::;i n , the en trop y is written as

H = �
X

i 0 ;:::;i n

pi 0 ;:::;i n logpi 0 ;:::;i n (2.30)

where

P
i 0 ;:::;i n

states for m ultidimension a l summation o v er all the p ossible

v alues for all indices. Using the a v ailable general kno wledge, w e ha v e to

resp ect the conditions

p�;� ( i � ;j � ) = � �;� ( i � ;j � ) 8� 6= � ; 8i � ; j � (2.31)

with p�;� ( i � ;j � ) =
P

f i k ;k6= �;� g pi 0 ;:::;i n . Satisfying these constrain ts automati-

cally imply the satisfaction of the constrain ts on the univ ariate probabilitie s,

since the latter can b e obtained b y summation o v er all indices from the for-

mer, i.e. � � ( i � ) =
P nc

j � =1 � �;� ( i � ;j � ) . En trop y (Eq. 2.30) is then maximized

under the constrain ts (Eq. 2.31) using a Lagrangian form ulation.

It is w orth noting that the en trop y maximization step has to b e repro-

duced at eac h new prediction lo cation. Indeed, since the lo cal data con�gu-

ration is di�eren t from p oin t to p oin t, the biv ariate probabilitie s ha v e to b e

computed sp eci�cally for eac h pair of p oin ts from the probabilit y mo del.

A t the meta-prior step, the sp eci�c information coming from the data

set under study are organized and translated in to usable mathematic a l re-

lations. This constitutes the sp eci�c kno wledge K S . Just as in the case of

con tin uous v ariables, K S ma y consist of hard (accurate) or soft (imprecise)

data. Examples of b oth t yp es of categorical data can b e found in Bogaert

(2002).

A t the p osterior step, the sp eci�c kno wledge K S can b e used to obtain

the c onditional pr ob ability distribution at the unsampled lo cation x0 , with

� i 0 jK S
= P[(C(x0) = ci 0 ) j K S]

=
P[(C(x0) = ci 0 ) \ K S]

P [K S]
(2.32)

with P[K S] =
P

i 0
P[(C(x0) = ci 0 ) \ K S] . As, in this thesis, only hard data
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w as used, K S =
T n

k=1 (C(xk ) = ci k ) . Eq. 2.32 ma y then b e rewritten as

� i 0 jK S
=

� i 0 ;:::;i nP
i 0

� i 0 ;:::;i n

; 8i 0 = 1 ; : : : ; nc (2.33)

An estimate pi 0 jK S
of this conditional probabilit y can b e obtained b y using

pi 0 ;:::;i n , the maxim um en trop y estimate of the join t probabilit y distribution

� i 0 ;:::;i n . Sev eral kinds of sp eci�c kno wledge (hard or soft information) can

b e incorp orated using this formalism (see Bogaert, 2002, for details).
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2.6 Conclusions from the literature cited

The concept of scale w as de�ned earlier and its imp ortance in land use mo d-

elling in terms of exten t and resolution w as men tioned. The in tegrated re-

gional mo delling framew orks presen ted here are b y de�nition m ultiscale. All

of these mo dels dev elop ed some kind of allo cation pro cedure to map out

data at a �ne resolution. These allo cation pro cedures merely represen t the

last step in the in tegrated mo delling framew orks. Eac h allo cation pro cedure

presen ted has its o wn c haracteristics, aims and strengths but also faces a

series of limitations that ha v e b een iden ti�ed. The main problem link ed

with these allo cation pro cedures is that they are data h ungry and therefore

not easily applicable o v er a large exten t. This supp orts the main ob jectiv e

of this thesis to presen t a new do wnscaling pro cedure that w ould rely on a

single baseline dataset and b e applicable o v er large areas.

W e ha v e also iden ti�ed that all of the allo cation pro cedures presen ted

w ere based on an understanding of existing land use patterns. This under-

standing is generally based on either dynamic or cross-sectional analysis of

land use patterns using classic regression tec hniques. Ho w ev er, spatial auto-

correlation is often ignored and therefore information ab out the structure of

the land use patterns is lost. When spatial auto correlat i o n is not ignored, it

is treated in an ad-ho c w a y (e.g. exp ert based neigh b ourho o d relationships

in cellular automata mo dels). Ho w ev er, this ma y lead to computation a l l y

hea vy calibration pro cedures.

W e concluded that �ne scale empirical mo dels of land use driv ers ex-

plicitly dealing with spatial auto correlat i o n and neigh b ourho o d e�ects are

not widely a v ailable. F or this reason, w e review ed a n um b er of classic re-

gression based tec hniques and presen ted ho w they could b e adapted to deal

with spatial auto correlat i o n for spatial prediction of categorical v ariables.

Alternativ ely , w e also prop osed t w o geostatistical tec hniques that, con trary

to regression tec hniques, w ere dev elop ed to exploit spatial (or temp oral) de-

p endence presen t in the datasets in order to mak e optimal prediction. These

v arious tec hniques will b e compared in c hapter 3 and the most appropriate

one will b e used to set the basis for the do wnscaling metho dology dev elop ed

in c hapter 4.

As men tioned previously , the do wnscaling metho dolog y dev elop ed in this
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study dep ends on the initial con�guratio n of the land use in the region of

concern. This con�guration itself dep ends on the land use dataset used to

measure it. Ho w ev er, the uncertain t y in the land use databases themselv es

is often v ery large and di�erences b et w een databases are sometimes larger

than observ ed c hanges (Sc hmit et al., 2006). Surprisingly few studies ha v e

examined ho w data uncertain tie s could a�ect mo delled results. Studies b y

Sc hmit et al. (2006); Sc hmit and Rounsev ell (2006) are imp ortan t exceptions.

While lo cal studies most often ha v e access to go o d qualit y datasets at

a �ne resolution, regional or global studies are generally constrained b y the

large exten t of their study area and m ust mak e use of the few datasets a v ail-

able that co v er their study area. Notable examples of trans-Europ ea n land

use/land co v er datasets are the Europ ean Commission CORINE (Commis-

sion, 1993) and PELCO M (Müc her et al., 2000) databases. Both datasets

are a v ailable at quite coarse spatial resolutions. Sc hmit et al. (2006) ha v e

recen tly sho wn that serious limitations in terms of landscap e comp osition

and con�guratio n ma y b e asso ciated to these datasets.

In the �rst stage, the do wnscaling metho dology will b e applied using the

CORINE land co v er as a baseline dataset to do wnscale the A TEAM scenarios

to a small area within Belgium (Chapter 4). In a later stage (c hapter 5), this

metho d will b e applied to Luxem b ourg using b oth CORINE land co v er and

a precise reference dataset in order to sho w the in�uence of baseline dataset

c hoice on the future of landscap e patterns and test whether di�erences b e-

t w een databases ma y b e larger than pr oje cte d mo del le d c hanges. Finally , the

last c hapter of this thesis also deals with uncertain tie s that arise when con-

ducting analyses using datasets at di�eren t scales (exten t and resolution).

This will b e done within an application of the do wnscaling metho dolog y to

mo del the future of soil organic carb on con ten ts for a small area in Belgium.





Chapter 3

Spatial Analysis and Mo delli ng of

Land use Distri butio n in Belgium

3.1 Outline

When static analyses of land use driv ers are p erformed, they rarely deal

explicitly with spatial auto correlat i o n . Most studies are undertak en on

auto correla t i o n - free data samples. By doing this, a great deal of informa-

tion that is presen t in the dataset is lost. This pap er presen ts a spatially

explicit, cross-sectional, analysis of land use driv ers in Belgium. It is sho wn

that purely regressiv e logistic mo dels can only iden tify trends or global rela-

tionships b et w een so cio-economi c or ph ysico-climatic driv ers and the precise

lo cation of eac h land use t yp e. Ho w ev er, when the goal of a study is to obtain

the b est statistical mo del �t of land use distribution, a purely autoregressiv e

mo del is appropriate. It is sho wn that this t yp e of mo del appropriatel y deals

with spatial auto correlat i o n . More sp eci�cally , three t yp es of autoregressiv e

mo dels are compared: (1) A set of binomial logistic regression mo dels (one for

eac h mo delled land use) only accoun ting for the prop ortion of the mo delled

land use within the neigh b ourho o d of a cell; (2) A m ultinomial autologis-

tic regression that accoun ts for the comp osition of a cell's neigh b ourho o d ;

and (3) a state-of-the-art Ba y esian Maxim um En trop y (BME) based mo del

that fully accoun ts for the spatial organization of the land uses within the

neigh b ourho o d of a cell. F rom this, it is sho wn that no gain results from

the BME approac h, for our sp eci�c application, but that accoun ting for the

comp osition of a cell's neigh b ourho o d is essen tial to ac hiev e an optimal �t

1

.

1

This c hapter is based on an article b y Dendonc k er N. Bogaert P ., and Rounsev ell

M.D.A.; to b e published in Computers, Envir onment and Urb an Systems
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3.2 In tro duction

V erburg et al. (2005b) iden tify �v e t yp es of factors that driv e land use (LU):

(1) the bioph ysical constrain ts and p oten tials, (2) economic factors, (3) so cial

factors , (4) spatial p olicies, and (5) spatial in teraction and neigh b ourho o d

c haracteristics. While the �rst four t yp es are included in most LU stud-

ies, neigh b ourho o d e�ects are often neglected. Ho w ev er, these are kno wn

to ha v e a role in structuring LU and the spatial landscap e (V erburg et al.,

2004a; White and Engelen, 2000). These neigh b ourho o d factors re�ect the

path dep endency of LU decisions, economies of scales and other cen trip etal

forces that cannot b e en tirely captured b y other LU driv ers and whic h are

necessary to pro vide a statistically sound mo del that deals with spatial au-

to correlatio n . Classic geographic studies, e.g. that of the spatial di�usion

of inno v ation (Hägerstrand, 1968) or the core-p eriphe r y mo del dev elop ed b y

Krugman (1991), ha v e sho wn the in�uence of these neigh b ourho o d - e �ec t s on

land managemen t and LU distributions. Suc h studies demonstrate that LU

decisions can result from con tact b et w een individuals within their p ersonal

neigh b ourho o d .

Ho w ev er, high resolution empirical mo dels of LU driv ers that deal explic-

itly with spatial auto correla t i o n and neigh b ourho o d e�ects are not widely

a v ailable. Studies b y Arai and Akiy ama (2004) or McMillen (2001) are im-

p ortan t exceptions. The main ob jectiv e of this pap er is to sho w the imp or-

tance of neigh b ourho o d v ariables (represen ted here b y a cell's surrounding

LU) in explaining LU distributions in Belgium. It is h yp othesized that bio-

ph ysical and climatic constrain ts and p oten tials, together with some accessi-

bilit y driv ers, can only rev eal trends in LU lo cations and that neigh b ourho o d

factors are needed in order to b etter estimate the exact lo cation of LU. T o

test this h yp othesis a logistic regression mo del is used to quan tify the part of

the v ariance explained b y the non-neigh b o u r h o o d based and neigh b ourho o d -

based v ariables resp ectiv ely .

A second ob jectiv e is to compare three t yp es of autoregressiv e mo dels

suitable for the prediction of categorical v ariables: (1) a set of binomial

logistic regression (one p er land use class) based only on the prop ortion of

the land use mo delled in the neigh b ourho o d of a cell; (2) a m ultinomial

logistic mo del that tak es in to accoun t the exact comp osition of the cell's

neigh b ourho o d ; and (3) an adv anced Ba y esian Maxim um En trop y based
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mo del that fully accoun ts for the spatial con�guratio n of the LU within the

neigh b ourho o d of a cell. It is assumed that a neigh b ourho o d based on the 8

directly adjacen t cells of a cen tral cell will include most of the information.

3.3 Con text of the study

When regression is p erformed on spatial data, the error term in a regres-

sion mo del will tend to b e spatially correlated (Anselin, 2002; Cli� and

Ord, 1973). This will o ccur unless the regression is p erformed on a non-

auto correla t e d data sample (e.g. V erburg et al., 2005b; P eppler-li sbac h , 2003),

but doing this results in a loss of information. Anselin (2002) states that the

presence of spatial auto correlat i o n in the error terms often results from data

problems. F or example, the scale and lo cation of the pro cess under study

ma y not matc h the a v ailable data or data on imp ortan t v ariables sho wing

spatial structure ma y b e missing. Alternativ ely , in spatial mo dels, a part

of the v ariance is explained b y neigh b ouring v alues (Ov ermars et al., 2003).

Ov ermars et al. (2003) also state that ev en if it ma y seem unsatisfactory ,

including a spatial part in the mo del is a w a y of dealing with spatial in terac-

tions that cannot otherwise b e captured. Although omission of explanatory

v ariables and spatial in teraction cannot b e clearly distinguished from one

another through the analysis of residuals, the application of a spatial mo del

is recommende d b ecause it is a statistically sound mo del for spatially de-

p enden t data. This is a common tec hnique in econometric s (P erz and Sk ole,

2003; Munro e et al., 2001).

Ov ermars et al. (2003) sho w ed that spatial structure can b e caused b y

a dep endence of y up on one or sev eral explanatory v ariables whic h are spa-

tially structured: the pattern is a reaction to another v ariable. This is called

a trend or gradien t. Alternativ ely , spatial structure can app ear when the

pro cess that has pro duced the v alues of the dep enden t v ariable is itself spa-

tially dep enden t, re�ecting in teraction b et w een lo cations. F or example, t w o

adjacen t forest grid cells ma y share the same LU b ecause they also share

the same soil t yp e and/or b ecause this re�ects the natural pro cess of for-

est expansion. Both situations will lead to a spatially clustered landscap e

structure, but only the latter re�ects an actual neigh b ourho o d pro cess - the

former b eing a reaction to the v ariable �soil t yp e' that exhibits a spatial

correlation. In order to assess whic h is the dominan t pro cess, it is useful
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to examine the residuals of non-neigh b o u r h o o d based regression mo dels. If

spatial auto correlat i o n remains, then a mo del with a spatially dep enden t

co v ariance structure is appropriate b ecause trend v ariables (e.g. soil t yp e,

temp erature or rainfall) are not su�cien t in rev ealing the spatially structured

LU pattern.

F or urban LU, agglomerati o n e�ects deriv e from w ell-kno wn pro cesses

(T abuc hi, 1998; Makse et al., 1998) that ha v e b een demonstrated b y mo d-

els of land ren t theories (V on Th ünen, 1910; Alonso, 1964; Krugman, 1991).

Caruso et al. (2005) dev elop ed a simple cellular automaton mo del based on

the ev olution of urbanization in comp etition with agricultural LU. Residen ts

are in terested in so-called neigh b ourho o d externalities, i.e. ha ving a certain

densit y of households around them (the so cial externalities) as w ell as ha v-

ing a go o d qualit y en vironmen t (en vironmen tal externalities). Con v ersely ,

negativ e externalities can also arise. These are generally de�ned as economic

costs incurred b y an actor that result from a decision made b y a second ac-

tor, where the second actor generating the negativ e impact do es not accoun t

for the external costs imp osed on the �rst when making the decision (P ark er

and Meretsky, 2004).

F or agricultural LU - represen ted here b y cropland, grassland and, to

some exten t, b y forests - the situation is less w ell do cumen ted as, for exam-

ple, most mo dels explicitly accoun ting for neigh b ourho o d relationships fo cus

on urban LU (Batt y and Xie, 1994; Couclelis, 1997; T orrens, 2002; W ard

et al., 2000; Y eh and Li, 2001). While forest clusters re�ect the natural

pro cess of forest expansion, clustering of cropland and grassland probably

result from resp onses to ph ysical v ariables (e.g. soil t yp e), as w ell as so cial

b eha viour based on imitation or risk minimizing strategies (Rounsev ell et al.,

2003). F armers ma y also deriv e adv an tages from cultiv ating certain crops

close to the factories where they are pro cessed, e.g. sugar b eet. F urthermore,

economies of scale can b e ac hiev ed b y increasing the patc h sizes of certain

crop t yp es (Munro e et al., 2001). These examples sho w ho w the neigh b our-

ho o d, at an in termediate spatial lev el b et w een a cell and the global lev el of

space, can accoun t for externalities, generate new in teractions, and therefore

transform classical mo dels in to explicitly spatial mo dels.

This study presen ts cross-sectional autoregressiv e, logistic regression mo d-
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els of LU distribution in Belgium, based on the PELCO M land co v er

2

data

set (Müc her et al., 2000). The logistic regression mo dels giv e the proba-

bilit y of the presence/absence of eac h LU at eac h lo cation. In con trast to

spatial linear regression (a standard pro cedure a v ailable in e.g. Spacestat),

this t yp e of mo del is generally not easily implemen te d within commercial

soft w are (Ristaino and Gump ertz, 2000), whic h ma y explain the lac k of re-

lated studies. Augustin et al. (2001) applied autologistic mo dels to study the

spatial distribution of wildlife and explore spatial v egetation dynamics while

McMillen (2001) apply this framew ork to the study of urban fringe LU.

The logistic regression mo dels are further compared to a more adv anced

Ba y esian Maxim um En trop y (BME) based mo del that accoun ts for the exact

con�guratio n of a cell's neigh b ourho o d . BME consist of a set of recen t tec h-

niques originally dev elop ed to conduct non-linear spatial predictions (Chris-

tak os, 1990, 2000). They ha v e b een used in the �eld of land use mo delling

to p erform spatial disaggregation of data (Ho wit and Reynaud, 2003).

A w ell-kno wn limitation to cross-sectional analyses is the induced uncer-

tain t y with resp ect to the causalit y of the assumed relationships b et w een LU

driv ers and LU patterns (V erburg et al., 2004b) and the di�cult y to deal with

endogenous v ariables. Ho w ev er, at the time this study w as undertak en, all

the Belgian (or Europ ean- w i d e ) LU datasets w ere only a v ailable for a single

date. This prev en ted the analysis from b eing undertak en in a dynamic w a y .

Ho w ev er, although there are limitations to cross-sectional analyses, this t yp e

of analysis re�ects the outcome of a long history of land use c hanges and re-

sults in more stable explanations of the land use pattern than m ulti-temp o r a l

analyses whic h lo ok at land use con v ersions o v er relativ ely short p erio ds of

time (V erburg et al., 2004b). Ev en if LUC studies are often conducted using

m ulti-temp o r a l datasets, and though this is useful to iden tify pro cesses that

ha v e led to these c hanges, there is no guaran tee that these pro cesses will

b e the same in the future (V erburg, 2006). Another danger asso ciated with

dynamic studies is that the uncertain t y in the land use databases themselv es

is v ery large and di�erences b et w een di�eren t databases ma y b e larger than

the observ ed c hanges (Sc hmit et al., 2006).

In the presen t study , the units of observ ation are grid cells (pixels) of

1.1 km x 1.1 km represen ting a single LU class. Pixels do not corresp ond in

2

Although Land Use and Land Co v er are t w o di�eren t concepts, they will b e used

in terc hangeably in this study to a v oid o v er-complication
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a straigh tforw ard w a y to so cial, economic or p olitical units of organization

(Mertens et al., 2000) and at this resolution and exten t, it is di�cult to iden-

tify k ey pro cesses of LU and co v er c hange patterns (V eldk amp and Lam bin,

2001). Therefore, an empirical, inductiv e analysis seems appropriate. A lo-

gistic regression framew ork is adopted b ecause the study analyses categorical

data, i.e. presence/absence of a single LU in eac h pixel. An adv an tage of

using PELCO M is that it is a Europ ean- w i d e database and, therefore, the

same study can easily b e applied across the con tinen t. Moreo v er, using data

at a higher resolution w ould b e inappropriat e b ecause other data sets (e.g.

soils, climate...) that will b e needed in the analysis are generally una v ailable

at equiv alen t spatial resolution.

3.4 Metho ds and data

3.4.1 Spatial logist i c regression

The general approac h follo w ed here w as �rst to p erform a standard logistic

regression, assuming that v ariables sho wing spatial trends w ere the ma jor

explanatory factors for the LU pattern. F or a logistic regression the mo del

form is:

E(Yij jx j ) =
e� + �x j

1 + e� + �x j
= P(Yij = 1 jx j ) (3.1)

and

logitP (Yij = 1 jx j ) = ln
�

P
1 � P

�
= ln

�
E (Yij jx j )

1 � E (Yij jx j )

�
= � + �x j (3.2)

where E( Yij jx j ) is the exp ected v alue of the dep enden t v ariable Yij (so that

Yij = 1 if cell j b elongs to LU t yp e i and Yij = 0 otherwise), x is the v ector of

co v ariates and � and � are the mo del parameters. Similar binary regressions

w ere p erformed for all k land use classes ( i = 1 :::k ) with di�eren t explanatory

v ariables. Eac h co v ariate w as standardized in order to serv e the estimation

pro cedure and facilitate in terpretatio n . All co v ariates w ere exp ected to re-

sp ond linearly and indep enden t l y to the logistic transformation of Yij . If this

w as not the case, a certain function of the co v ariates w as in tro duced in to the

mo del in order to resp ond linearly to the logit. This means that either a
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threshold b ey ond whic h the co v ariate no longer in�uenced y w as detected

or that a p olynomial of the co v ariate (e.g. second or third degree) w as in-

tro duced in to the mo del (�gure 3.1). No v ariables w ere though t to in teract

with other co v ariates and therefore no in teraction v ariables w ere in tro duced

in the mo del. Step wise regressions based on prior kno wledge w ere p erformed

and the b est �tted mo del w as retained. Signi�cance lev els for v ariables to

en ter and sta y in the mo del w ere b oth set to 0.05. T olerance for eac h inde-

p enden t v ariable w as calculated as a test for collinearit y . T olerance-v alu e s

b elo w 0.20 w ere considered to indicate collinearit y problems (Menard, 1995).

These purely regressiv e mo dels w ere �nally v alidated b y randomly dividing

the dataset in to a training set (60 % of the data) and a v alidation set (40

%). F or eac h land use class, the �tted mo dels app eared to b e robust sho wing

v ery similar classi�cation tables for the training and v alidation sets.

Figure 3.1: Logit of the observ ed frequency of forest pixels as a function of

silt con ten t (for eac h pro�le).

A simple visual analysis of the residuals w as then made to see if an y

spatial auto correla t i o n remained. The deviance residual is a measure of the
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di�erence b et w een observ ed and �tted v alues (Hosmer and Lemesho w, 2000;

Flahaut, 2004). If the mapp ed deviance residual sho w ed spatial auto corre-

lation, then a mixed regressiv e, spatial autoregressiv e, regression w as p er-

formed using b oth neigh b ourho o d and non-neigh b o u r h o o d v ariables. This

t yp e of mo del w as used to ev aluate the relativ e w eigh ts of these t w o t yp es

of v ariables. The general form of the logistic regression then b ecomes:

Logit (P(Yij = 1)) = � + �x j + N ij (3.3)

where N ij is the neigh b ourho o d v ariable.

The neigh b ourho o d v ariable tak es the form:

N ij =
8X

s=1

� ijs yis (3.4)

where � is a single w eigh t factor giv en to the 8 neigh b ours (i.e. � = 1=8) and

yis tak es a v alue 1 if cell j is o ccupied b y land use i , and 0 otherwise.

A simple w a y of building a neigh b ourho o d v ariable is to tak e the pro-

p ortion (standardized) of the LU class i itself within the 8 immediatel y

surrounding cells (or less for edge lo cated cells), that is, without taking in to

accoun t the p ossible in�uence of cells that are lo cated further a w a y or the

exact con�guratio n of the landscap e in the neigh b ourho o d . It w as assumed

that the 4 directly adjacen t cells ha v e the same w eigh t as the 4 cells lo cated

in the diagonal. F or a more complete discussion ab out discrete c hoice mo d-

elling principles and metho ds, see Ben-Akiv a and Lerman (1985). A purely

autoregressiv e mo del is simply:

Logit (P(Yij = 1)) = � + N ij (3.5)

Another w a y of building a neigh b ourho o d v ariable is to tak e in to accoun t

the exact comp osition of the v arious LU in the Mo ore neigh b ourho o d

3

of a

cell j . The purely autoregressiv e mo del can b e written as a m ultinomial logit

mo del, whic h extends the logit to more than t w o states. That w a y , only one

mo del needs to b e deriv ed for all land use classes together and this generates

3

The Mo ore neigh b ourho o d of a cell is a rectangular neigh b ourho o d comprising the

adjacen t cells at the sides and at the corner of the considered cell
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a consisten t set of probabilitie s. The general form of the m ultinomial logit

mo del can b e written as:

Pij =
exp(�V ij )

P
k2 Ck

exp(�N kj )
k 2 Ck (3.6)

where pij is the probabilit y that a PELCO M cell j w ould tak e land use i ,

rather than an y other land use k in the c hoice set Ck , conditional on kno wing

the neigh b ourho o d v ariable Nkj for all k land uses in the c hoice set ( � is a

non-negativ e scale parameter). The neigh b ourho o d v ariable corresp onds to:

Nkj =
8X

s=1

� ijs yis (3.7)

Step wise pro cedures (with a forw ard selection metho d) w ere implemen ted

within the SAS system. The results of these analyses w ere compared using

the Receiv er Op erator Characteristic (R OC) statistic and the classi�cation

table giving correctly classi�ed cells. By itself, a classi�cation table can only

giv e a relativ e indication of ho w w ell the mo del p erforms, but it remains a

useful to ol when comparing the p erformance of di�eren t mo dels in a pre-

dictiv e con text. Henceforth, mo dels using only non-neigh b o u r h o o d v ariables

are further referred to as �purely regressiv e' whereas mo dels including b oth

neigh b ourho o d and non-neigh b o u r h o o d v ariables are named �mixed mo dels'.

Finally , mo dels based only on neigh b ourho o d analysis are named �purely au-

toregressiv e mo dels'. T o deriv e the m ultinomial logit mo del, a Multinomial

Discrete Choice (MDC) pro cedure w as implemen te d . The m ultinomial logit

mo del presen ted in this study is a v ery simple form of the spatial autore-

gressiv e lagged dep enden t v ariable mo del (SAL) as prop osed b y Fleming

(2004).

3.4.2 Ba y esian Maxim um En trop y

The Ba y esian Maxim um En trop y (BME) metho ds are a set of adv anced

prediction tec hniques that ha v e b een recen tly prop osed for conducting non-

linear spatial predictions. Initially dev elop ed for con tin uous v ariables (Chris-

tak os, 2000, 1990; Christak os et al., 2001), they ha v e b een extended to in-

clude the case of categorical v ariables (Bogaert, 2002; D'Or and Bogaert,
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2004), whic h will b e the case w e will fo cus on here. When applied to our

con text, the general steps of the metho d are (i) inference ab out the set of

biv ariate o ccurrence probabilitie s for eac h pair of LU classes as a function of

the distance, (ii) estimation of the full prior m ultiv ariate join t probabilit y dis-

tribution function from these biv ariate probabilitie s, based on a maxim um

en trop y principle, and (iii) computation of the �nal p osterior conditional

probabilit y distribution function according to the conditioning observ ed LU

classes in a neigh b ourho o d .

Con trary to binary and m ultinomial logistic regressions, the BME metho d

fully accoun ts for the spatial organization of the LU, in the sense that re-

sults are no longer in v arian t through p ositional p erm utation s of the LU in-

side the neigh b ourho o d . In other w ords, for t w o neigh b ourho o d s sharing

the same LU comp osition (same prop ortions of eac h LU) but exhibiting dif-

feren t spatial organization s for these LU, BME will yield di�eren t sets of

predicted probabilitie s, whereas b oth binary and m ultinomial logistic regres-

sions will return the same results. In this sense, it is b y nature a spatial

prediction metho d, whereas spatial logit is merely the spatial implemen ta -

tion of a generic metho d that w as not originally designed for this goal. It

is th us in teresting to include the metho d in the study in order to assess the

additional b ene�t that one ma y exp ect when accoun ting for more than a

simple comp ositional e�ect of the neigh b ourho o d in our mo del.

Results of the three purely autoregressiv e mo dels (i.e. binomial logistic

regression, m ultinomial logistic regression and BME) w ere compared using

classi�cation tables comparing observ ed LU with predicted LU, assuming

that the LU that has the highest probabilit y of o ccurrence amongst the set

of LU classes is the predicted LU.

3.4.3 The PELCOM database and general LU patterns in

Belgi um

The PELCO M land co v er data set is a geographica l map that co v ers the

whole of Europ e at a spatial resolution of 1.1 km x 1.1 km. It w as obtained

from earth observ ation satellite images in 1997 (h ttp://cgi.g i r s.w a g e n i n g e n

ur.nl/cgi /pro jects/eu/p elc o m / i n d e x.h t m , Müc her et al. (2000)). F or the

purp ose of this study , the area of analysis w as limited to Belgium using

a mask in the AR CGIS 8.3 Geographical Information System (�gure 3.2).
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This pro vided a total of 24932 grid cells. The follo wing LU/land co v er classes

are presen t in Belgium: deciduous forest, coniferous forests, mixed forests,

cropland, grassland, urban (built-up) areas and inland w ater (ignored in this

study). The three forest classes w ere aggregated in to a single class, so the re-

gression analyses w ere p erformed on four LU classes: urban, cropland, grass-

land and forests. It should b e noticed that at this resolution classi�cation of

satellite images allo ws only the dominan t LU of eac h cell to b e represen ted.

As some authors indicate (V erburg et al., 2002; Mo o dy and W o o dco c k, 1994),

this will lead to biases in the LU distribution, as some class prop ortions will

diminish and others will increase with resolution. Th us, the v alidit y of this

data represen tation dep ends on the patc hiness of the landscap e. This e�ort

should not, ho w ev er, in�uence the general trends in LU patterns.

The spatial distribution of LU in Belgium is in�uenced b y the p osition of

urban cen tres, whic h, in most cases, ha v e dev elop ed o v er h undreds of y ears

at places that w ere the most fa v ourable. The ev olution of agriculture w as

strongly in�uenced b y the p osition of these initial p opulation cores, but w as

also determined b y geological, climatic and p edological factors. Whilst Bel-

gium is a small coun try , it has a fairly wide geological v ariation. The North

b elongs to the Baltic plain and the South to the old Hercynian massifs of

Cen tral Europ e. The climate, apart from the Ardennes, is relativ ely mild

and rain y (around 750mmy � 1 of rain and an a v erage ann ual temp erature

of ab out 10� ), therefore, allo ws abundan t grass gro wth. Agriculture in the

North had to cop e with a high agricultural p opulation densit y , whic h has

led to the dev elopmen t of in tensiv e animal farming (Ro y aume de Belgique,

Ministère de l'Agriculture, A dministration des Services Economiques, 1958).

The b est soil conditions are found in the cen tral part of the coun try where

arable farming is dominan t. Most of the Southern part of the coun try (es-

p ecially the Hautes-Ardennes) has a fairly harsh climate (it can freeze more

than 120 da ys p er y ear) soils that do not allo w the cultiv ation of industrial

crops, so that grasslands and forests are the dominan t LU.



52 Chapter 3. Spatial Analysis and Mo delling of LU Distribution in Belgium

Figure 3.2: Land use distribution in Belgium according to Müc her et al. (2000).

3.4.4 Indep enden t v ariables

T able 3.1 summarises the data used in this analysis. In addition to the

neigh b ourho o d v ariables describ ed in section 2.1, the selection of indep en-

den t v ariables w as based on a literature review and exp ert judgmen t. Most

v ariables are quan titativ e and con tin uous, but some are categorical or binary .

Ho w ev er, the com bination of these di�eren t t yp es of v ariables is not a prob-

lem in logistic regression mo delling. Ov er long time-scales, accessibilit y and

urban expansion are closely link ed, with complex cause-e�ect relationships.

This excludes v ariables suc h as distances to the transp ort net w ork from the

analysis. The same t yp e of reasoning mak es other so cio-economi c factors,

suc h as p opulation pressure and lab our a v ailabilit y , equally unsuitable for

explaining the LU patterns at this resolution using a single dataset. In prac-

tice, man y factors that are commonly used to explain LU c hange patterns

are endogenous to the pro cesses studied o v er long time scales (V erburg et al.,

2005b) and this can lead to biased regression co e�cien ts if they are used in

logistic regression mo delling (Anselin and Kelejian, 1997; Gujarati, 2003).

Since it is not p ossible to easily address endogeneit y problems in logistic

regression mo delling, it is safer not to use endogenous v ariables at all.



3.4. Metho ds and data 53

T able 3.1: Summ ary of data used

V ariable T yp e Description Source

Biophysic al V ariables

Slop e Con tin uous 1km resolution. The slop e

data set describ es the maxim u m

c hange in the elev ations b et w een

eac h cell and its eigh t neigh-

b ours. The slop e is expressed in

in teger degrees of slop e b et w een

0 and 90

USGS - Hydro1k

deriv ativ e elev ation

database

Elev ation Con tin uous 1km resolution DEM of Europ e.

Units: metres

USGS - Hydro1k

deriv ativ e elev ation

database

Soil char acte r ist ics

Silt con ten t of

topsoil

Con tin uous Silt con ten t ( %) of the 30 �rst

cen timetres of the soil corre-

sp onding to the plough la y er,

whic h is imp ortan t for agricul-

tural land uses. Mean v alue p er

soil asso cia ti o n

Aardew erk database

(V an Orsho v en et al.,

1993) + digital v er-

sion of the soil asso-

ciation map of Bel-

gium (T a v ernier and

Marec hal, 1962)

Sand con ten t of

topsoil

Con tin uous Sand con ten t ( %) of the 30 �rst

cen timetres of the soil corre-

sp onding to the plough la y er,

whic h is imp ortan t for agricul-

tural land uses. Mean v alue p er

soil asso cia ti o n

Ditto

Cla y con ten t of

topsoil

Con tin uous Cla y con ten t ( %) of the 30 �rst

cen timetres of the soil corre-

sp onding to the plough la y er,

whic h is imp ortan t for agricul-

tural land uses. Mean v alue p er

soil asso cia ti o n

Ditto

T extural b-

horizon

Binary Soil asso cia ti o ns with a B-

textural horizon are de�ned as

deep (1) while asso cia ti o ns with-

out a B-textural horizon w ere

classi�ed as not deep (0)

Digital v ersion of the

soil asso cia ti o n map

of Belgium (T a v-

ernier and Marec hal,

1962)

Soil moisture sta-

tus

Ordinal Soil asso cia ti o ns w ere de�ned as

�dry', �normal' and �w et'
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Climate V ariables

T emp erature Con tin uous Ann ual mean temp erature b e-

t w een 1960 and 1997 in terp o-

lated to the PELCOM grid

(Müc her et al., 2000)

(Mitc hell et al., 2004)

T emp erature in-

dex

Con tin uous Index represen ting the cum u-

lated gro wth p oten tial for win ter

cereals based on the F A O

(Mitc hell et al., 2004)

Precipitation Con tin uous Ann ual mean temp erature b e-

t w een 1960 and 1997 in terp o-

lated to the PELCOM grid

(Müc her et al., 2000)

(Mitc hell et al., 2004)

A c c essibility variables

Distance to op en

w ater

Con tin uous Minim um distance to the coast

or to the nearest ma jor riv er

ESRI data

Distance to urban

cores

Con tin uous Minim um distance to the nearest

historic urban cen tre - base on

the distance to the core (in terms

of p opulation densit y) of the 53

comm un es with high functional

urbanisation

Merenne-

Sc houmak er et al.

(1998)

Neighb ourho o d variables

P ercen tage of the

surrounding land

use

Con tin uous cf. text Müc her et al. (2000)

and Europ ean Com-

mission (1993)

3.5 Results

All results of the binomial logistic regressions are summarized in tables 3.2

and 3.3 (for grassland). F or eac h regression presen ted, all parameters are

signi�can t at the 0.001 lev el and the o dds ratios are also giv en. The results of

the m ultinomial logit mo del are summarized in table 3.4 and the comparison

of the three autoregressiv e mo dels is giv en in table 3.5.
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T able 3.2: Results of the binomial logistic regressions for urban, cropland, and

forest

Regressiv e Mixed Autoregress iv e

URBAN

In tercept � 2:74 � 2:82 � 2:7
Distance to urban cores � 1:09 (0:34) � 0:30 (0:74) n.i.

Distance to op en w ater � 0:30 (0:74) n.s. n.i.

T emp erature index 0:40 (1:51) n.s. n.i.

Elev ation � 0:17 (0:84) � 0:25 (0:78) n.i.

% Urban in neigh b ourho o d n.i. 1:31 (3:69) 1:42 (4:12)
R OC-stat 0:75 0:89 0:88
% Correct 88:7 91:6 91:6

CR

OPLAND

In tercept � 2:00 � 0:78 � 0:48
T emp erature index 0:23 (1:26) n.s. n.i.

Silt con ten t of topsoil 1:30 (3:65) 0:18 (1:20) n.i.

Precipitation � 2:75 (0:06) � 2:42 (0:60) n.i.

% Arable in neigh b ourho o d n.i. 2.42 (11:24) 2:57 (13:08)
R OC-stat 0:83 0:94 0:94
% Correct 73:0 86:1 86:0

F

OREST

In tercept � 2:07 � 2:51 � 2:53
Precipitation 1:00 (2:72) n.s. n.i.

T emp erature index � 0:47 (0:63) � 0:10 (0:90) n.s.

Silt con ten t of topsoil � 0:96 (0:38) � 0:29 (0:75) n.i.

Silt x Silt � 0:45 (0:64) � 0:13 (0:88) n.i.

Silt x Silt x Silt 0:15 (1:16) n.s. n.i.

Distance to urban cores 0:33 (1:39) n.s. n.i.

Slop e 0:09 (1:09) n.s. n.i.

% F orest in neigh b ourho o d n.i. 2:75 (15:64) 2:94 (18:56)
R OC-stat 0:92 0:98 0:98
% Correct 88:3 94:2 94:3
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T able 3.3: results of the binomial logistic regressions for grassland (n.s. = not signi�can t; n.i. = not

included)

Regressiv e- N Mixed-N Regressiv e- S Mixed-S Autoregress iv e

GRASSLAND

In tercept 0:68 � 0:62 � 2:12 � 1:18 � 1:94

Precipitation 0:68 (1:97) � 0:44 (0:64) 0:21 (1:23) n.s. n.i

Elev ation n.s. 0:24 (1:27) n.s. n.s. n.i.

Sand con ten t n.s. � 0:22 (0:80) n.s. n.s. n.i.

Silt con ten t � 0:75 (0:47) n.s. � 0:15 (0:86) n.s. n.i.

T extural b-horizon � 0:42 (0:66) 0:83 (2:29) n.s. n.s. n.i.

Dist. to urban cores 0:13 (1:14) n.s. n.s. n.s. n.i.

% Grassland in neigh b. n.i. n.i. 1:97 (7:17) 2:37 (10:70) 2:20 (9:03)

R OC-stat 0:72 0:65 0:94 0:93 0:94

% Correct 81:7 70:2 89:5 86:0 88:3
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3.5.1 Binomi al logist i c regression

A detailed description of the three t yp es of binomial regression mo dels (i.e.

purely regressiv e, mixed, purely autoregressiv e) is giv en for urban LU in

order to emphasize the usefulness of an autoregressiv e part. Subsequen tly , a

syn thesis of the results is giv en for all other LU classes.

3.5.1.1 Urban land use

Pur ely r e gr essive mo del

The urban landscap e in Belgium is fragmen ted, re�ecting a history of

w eak spatial planning p olicies (Albrec h ts, 2001). The main clusters of urban

LU are found in the Northern part of the coun try (Flanders) while clusters

in the W allo on region are lo cated mainly along the Sam bre-Meuse v alley

(i.e. the lo cation of man ufacturing industries). As in V erburg et al. (2005b),

distance to op en w ater is though t to ha v e an imp ortan t role in explaining

urban dev elopmen t and represen ts a pro xy for mark et access and trade. An-

other imp ortan t v ariable is the lo cation of the �rst urban cores or p opulation

cen tres (cf. table 3.1) as further urban cells are assumed to dev elop around

these cores (Caruso et al., 2005). These are the only t w o v ariables that are

though t to ha v e a signi�can t role in explaining the presence of urban LU at

this resolution. A ccessibilit y v ariables that could ha v e an in�uence w ere not

included b ecause of a lac k of data or b ecause of assumed endogeneit y prob-

lems. Other climate, top ograph y and soil related v ariables w ere included

in the step wise regression although they w ere not though t to pla y a v ery

signi�can t role.

As seen from the results, the in tercept and the t w o accessibilit y v ariables

share the main part of the explanation. The R OC statistic is 0.75, and 88.7

% of the cells are correctly predicted at the 0.5 probabilit y lev el. Whilst

this ma y app ear satisfactory at �rst sigh t, closer examination of the results

sho ws that none of the actual urban cells are predicted correctly when the 0.5

threshold is used (this can b e partly explained b y the disprop ortionat e areas

b et w een urban and non-urban cells). Moreo v er, the map of the deviance

residuals sho ws strong spatial auto correla t i o n . This implies that the mo del

ma y b e biased. More imp ortan tly , this result stresses the need to include a
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neigh b ourho o d - b a sed v ariable when logistic regression analysis is p erformed

on the en tire dataset.

Mixe d mo del

The results of the mixed mo del using b oth non-neigh b o u r h o o d and neigh-

b ourho o d based v ariables sho ws that the p ercen tage of urban LU in the 8

immediate surrounding cells (urban_mr1 ) is b y far the most signi�can t v ari-

able. This further emphasizes the need to use a neigh b ourho o d v ariable.

T emp erature is no longer signi�can t. The R OC statistic impro v es to 0.89,

91.6 % of the cells are correctly predicted, and o v er 42 % of the actual urban

cells are no w correctly predicted. Spatial auto correlat i o n in the deviance

residuals is strongly reduced, as seen from �gure 3.3, whic h presen ts the

semiv ariograms of the deviance residuals for purely regressiv e and mixed

mo dels (top). The v ariables �distance to urban cores' and �elev ation' b oth

remain signi�can t in the step wise pro cedure. Ho w ev er, their explanatory

p o w er is less imp ortan t than the neigh b ourho o d v ariable and their statisti-

cal signi�cance is only due to the large n um b er of data p oin ts used in the

analysis. When the same regression w as p erformed on a ten p ercen t sample,

these v ariables w ere no longer signi�can t.

Pur ely autor e gr essive mo del

The R OC statistic is no w 0.88, and 91.6 % of the cells are correctly

predicted when deriving a purely autoregressiv e mo del. This is equiv alen t

to the mixed mo del. Moreo v er, spatial structure is no longer presen t in the

residuals (Figure 3.3, b ottom). It is th us concluded that a purely spatial

approac h is en tirely appropriate in order to describ e the pattern of urban

LU at a resolution of 1.1 km in Belgium.
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Figure 3.3: Semiv ariogram on the deviance residuals for b oth the purely

regressiv e, mixed and purely autoregressiv e mo dels represen ting the distrib-

ution of urban land use.

3.5.1.2 Non-urban land uses

Cr opland

The lo cation of cropland in Belgium is strongly dep enden t on soil and cli-

mate conditions. The b est soils are found in the loam b elt, whic h co v ers the

cen tral part of the coun try . A v ery strong correlation b et w een silt p ercen tage
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in the �rst 30 cm of soil and the presence of cropland w as observ ed (�gure

3.4). Climate (temp eratur e and precipitatio n ) w as also assumed to ha v e an

in�uence. The purely regressiv e mo del giv es go o d results with a R OC statis-

tic of 0.83 and 73 % of correctly predicted cells, but auto correlat i o n is still

presen t in the deviance residual. As h yp othesized, silt con ten t and temp era-

ture b oth fa v our the presence of cropland while an increase in precipitatio n

strongly reduces the probabilit y of the o ccurrence of cropland. In fact, the

w ettest areas are found in the Ardennes where grassland and forest are the

dominan t LU. T emp erature is no longer signi�can t in the mixed mo del. Al-

though the purely regressiv e mo del is b etter for cropland than for urban, the

previous conclusion - i.e. that a mixed mo del or purely autoregressiv e mo del

giv e the b est results - still holds as the R OC statistic impro v es to 0.94 in

b oth mo dels.

Figure 3.4: Logit of the observ ed frequency of arable pixels as a function of

silt con ten t (for eac h pro�le).

F or ests

The largest forested areas are found in the southern part of Belgium rela-

tiv ely far from h uman settlemen ts and are though t to b e strongly correlated
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with precipitatio n and top ograph y . The purely regressiv e mo del con�rms

these h yp otheses. It is also w orth noting the observ ed relationship b et w een

silt con ten t and forest lo cation. There app ears to b e an optimal lev el of silt

for whic h the probabilit y of �nding a forest is the highest. This is b ecause

soils with the highest silt con ten ts are cultiv ated while the ma jorit y of soils

with v ery lo w silt con ten t are found amongst the p o or sandy soils of Northern

Belgium where land use is mainly a mix of grassland and urban. The purely

regressiv e mo del giv es surprisingly go o d results with an R OC statistic ab o v e

0.9, whic h is considered to b e outstanding (Hosmer and Lemesho w, 2000).

Nev ertheless, the purely autoregressiv e mo del still giv es the b est results with

o v er 94 % of cells correctly predicted. This is the b est result for all of the

LUs and probably re�ects the clustered nature of forest patterns in Belgium.

Gr assland

The distribution of grassland in Belgium follo ws a complex pattern and

it w as imp ossible to deriv e a satisfactory mo del when the purely regressiv e

analysis w as p erformed on the whole dataset. A ccordingly , the assumption

w as made that grassland distributions ma y largely v ary according to lo ca-

tion in Belgium. Grassland is presen t on the b est soils in the Southern part

of the coun try where extensiv e managemen t is the dominan t practice and

where cropland is not feasible b ecause of climatic restrictions. Con v ersely ,

in the North, grassland o ccurs on soils that are unsuitable for cropland where

in tensiv e managemen t is dominan t. Th us the dataset w as divided in to t w o

parts, along the b orders of the agro-p edolo g i c a l regions. Concretely , the

regions `Kemp en, Leemstreek, Duinen, P olders, Zandleemstree k and Zand-

streek' form the `North' dataset while the regions `Condroz, F agne-F amenne ,

Ardenne, Haute-Ardenne and Gaume' form the `South' dataset. T o b e con-

sisten t with this h yp othesis, the mixed mo del w as applied to b oth regions.

The purely regressiv e mo del giv es b etter results for the North (R OC = 0.72)

than for the South (R OC = 0.65). The mo del sho ws that grassland tends to

o ccur on deep er and non-sandy soils - i.e. b etter soils - in southern Belgium,

whilst it is found on thinner soils with lo w silt con ten ts in the North. This

supp orts the initial decision of sub dividing the dataset. The strati�cation

w as also p erformed for the other LU, but no signi�can t e�ects w ere found

(results not rep orted here). Once again, the mixed and purely autoregressiv e

mo dels outp erform the purely regressiv e mo del with a R OC statistic ab o v e

0.93.
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3.5.2 Comparison of autoregressiv e mo dels

T able 3.4: Results of the SAS MDC pro cedure

The SAS system

The MDC pr o c e dur e

Conditional L o git Estimates

Mo del Fit Summ ary

Dep enden t v ariable Decision

Num b er of observ ations 24932

Num b er of cases 99728

Log lik eliho o d -13820

Optimization metho d Dual Quasi-Newton

Discrete Resp onse Pro�le

CHOICE F requency

1 2813

2 11099

3 5874

4 5146

Go o dness-of-�t Measures for Discrete Choice

Measure V alue

Lik eliliho o d Ratio 41486

McF adden's LRI 0.6001

P arameter Estimates

P arameter DF Estimate P > jt j
cste-1 1 1.79 < : 0001
cste-2 1 0.82 < : 0001
cste-3 1 0.62 < : 0001
neigh b ourho o d 1 1.38 < : 0001
a

The dep enden t v ariable �decision' tak es v alue 1 when

a sp eci�c alternativ e is c hosen, otherwise it tak es v alue

0. The PR OC MDC in SAS requires that eac h individ-

ual (or cell) has one case for eac h alternativ e (i.e. land

use classes, 24932 cells and 99728 cases) in the decision

set. The indep enden t v ariable �neigh b ourho o d' is the

n um b er of cells sharing land use i in the mo ore neigh-

b ourho o d of a cell. In order to di�eren tiate b et w een

land uses, a set of three dumm y v ariables (cste-1,cste-

2,cste-3) w ere added: cste-1 equals 1 for �cropland', 0

otherwise; cste-2 equals 1 for �grassl a nd', 0 otherwise

and cste-3 = 1 for �forest', 0 otherwise. The �urban'

land use category is the reference category
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T able 3.5: Comparison of the three autoregressiv e mo dels

Land Use Binomial logit Multinomial logit BME

Urban 50,4 50,4 49,4

Cropland 87,2 87,3 86,6

Grassland 74,3 78,2 73,6

F orest 87,1 82,5 85,2

Ov erall 80,0 80,0 79,0

The results of the m ultinomial logit mo del are summarized in table 3.4

and table 3.5 giv es the p ercen tage of correctly classi�ed cells (observ ed vs.

predicted) for the three autoregressiv e mo dels, assuming that the LU pre-

dicted is the LU with the highest probabilit y amongst the four LU classes.

The n um b er of cells only equals 23508 to compare only cells that ha v e eigh t

neigh b ours (i.e. b order cells w ere discarded for the analysis). Results are

v ery similar amongst metho dolog i e s, with the logistic regression mo dels p er-

forming sligh tly b etter than BME.

3.6 Discussion and conclusion

It has b een sho wn that purely regressiv e logistic mo dels can only iden tify

trends or global relationships b et w een so cio economic or ph ysico-climatic

driv ers and the precise lo cation of eac h LU t yp e in Belgium. Ho w ev er, when

the goal of a study is to obtain a predictiv e mo del of LU distribution with the

b est �t and giv en the qualit y of the a v ailable data, a purely autoregressiv e

(or neigh b ourho o d - b a sed ) binomial logistic mo del is appropriate. This w as

the case for eac h LU t yp e (i.e. urban, cropland, forest and grassland) stud-

ied. Alternativ ely , a m ultinomial (or conditional) logistic mo del can accoun t

for the exact comp osition of the land use t yp es in the neigh b ourho o d and

pro vide a consisten t set of probabilitie s of land use presence. Results from

the binomial and m ultinomial logistic mo dels are v ery similar.

Although the ob jectiv e of this pap er w as not to mak e a complete compar-

ison of a v ailable metho ds, it is w orth noting that other tec hniques for spa-

tial prediction exist (e.g. Mark o v c hains, Indicator Kriging, Geographicall y

W eigh ted Regression, etc.). F or example, geographica l l y w eigh ted regression
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w as dev elop ed b y Brunsdon et al. (1996) to explore non-stationary pro cesses.

The main con tribution of the GWR metho dology is use of distance-w eigh t e d

sub-samples of the data to pro duce lo cally linear regression estimates for

ev ery p oin t in space (LeSage, 2004). GWR is a tec hnique that has b een

dev elop ed for con tin uous dep enden t v ariables and is not suitable for cate-

gorical dep enden t v ariables lik e land use classes b ecause it assumes that the

error terms are normally distributed (P aez et al., 2002). In the presen t study

there is a lac k of a priori information ab out these assumed lo cal e�ects of

landscap e v ariables. Grassland w as an exception. Because of the di�erence

in managemen t b et w een Southern and Northern Belgium, the dataset w as

divided in to t w o parts and the results pro v ed that this h yp othesis w as cor-

rect. This example demonstrated a �lo cal' (or at least �regional') e�ect on

the landscap e v ariables.

Kriging and BME are purely spatial approac hes. Ho w ev er, kriging is

mean t to b e applied on con tin uous data. Only indicator kriging can b e

applied to categorical data. Indicator kriging also faces a series of problems,

e.g.: probabilitie s outside the [0,1] in terv al are sometimes obtained, a large

n um b er of v ariograms needs to b e mo delled and a large n um b er of kriging

systems need to b e solv ed (D'Or and Bogaert, 2004).

It has b een sho wn here that, when applied to our sp eci�c con text, the

BME approac h do es not p erform b etter than the logistic mo dels. This sho ws

that the comp osition of the neigh b ourho o d is su�cien t in terms of prediction

(as no spatial structure remains in the residual and no impro v emen t results

from using a more adv anced tec hnique lik e BME). A p osteriori , this justi�es

the c hoice not to compare with other elab orated tec hniques.

In addition to the spatial autoregressiv e terms, the mo dels could also

ha v e included a time-lagged autoregressiv e term represen ting the v alue of

Y at a previous time step assuming that the v alue of Y dep ends on its

previous condition (P eppler-li sba c h , 2003). Ho w ev er, suc h a dataset at ap-

propriate spatial resolutions is curren tly una v ailable. In general, appropriate

time series of land use data are not alw a ys a v ailable and ev en if they are,

uncertain t y b et w een the datasets at di�eren t time steps ma y b e larger than

actual c hanges (Sc hmit et al., 2006). An alternativ e to using time series

is to dev elop static cross-sectional mo dels lik e the one used in this study .

Although the causalit y b et w een LUC driv ers and LU patterns is uncertain,

the statistical relationships re�ect the ev olution of the landscap e o v er a long
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p erio d of time. In that sense, these relationships ma y b e used to study fu-

ture LU. Pro jecting LUC is the sub ject of a large n um b er of studies (see e.g.

V erburg et al., 2006; Rounsev ell et al., 2006b) and these mo dels rely on the

qualit y of input data and on studies that ha v e lo ok ed at past LUC. If these

mo dels are v alidated against LUC tra jectories that ha v e o ccurred b et w een

t w o precise dates, there is a risk of �o v er training' the mo dels to a situation

(in the past) that will nev er o ccur again (in the future) (V erburg, 2006).

Arguably , statistical relationships deriv ed from cross-sectional analyses lik e

this one ma y b e of greater use to the �eld of scenario mo delling. F or ex-

ample, the probabilit y maps obtained as output of the mo dels can b e used

in LU allo cation mo delling, where coarse resolution LU data are disaggre-

gated in to �ner resolution data. A similar approac h w as adopted within the

CLUE-S mo delling framew ork (V erburg et al., 2002). An adv an tage of using

a purely autoregressiv e mo del to generate land use probabilit y maps is that

neigh b ourho o d based v ariables can b e deriv ed using a single land use dataset

for the whole region studied.

In summary , it has b een sho wn that accoun ting for neigh b ourho o d in ter-

actions mak es an essen tial con tribution to analysing spatial patterns of land

use in Belgium and that this can b e ac hiev ed with a m ultinomial autoregres-

siv e mo del. F urther p ossibilities for additional researc h include 1) studying

neigh b ourho o d e�ects at di�eren t spatial resolution and 2) examining recen t

c hanges in LU to assess whether they are indeed neigh b ourho o d - d r i v en , as

V erburg et al. (2005b) found for the Netherlands. The main limitation of this

study is that the causal relationships b et w een the neigh b ourho o d v ariable

and the land use patterns ha v e not b een iden ti�ed. Neigh b ourho o d - d r i v en

pro cesses imply that c hanges tak e place at the in terface b et w een di�eren t

LU t yp es and that further researc h should attempt to iden tify the pro cesses

that underpin these c hanges.





Chapter 4

A Statistica l Metho dology to

Do wnscale Aggregate Land Use Data

The pr evious chapter showe d that a pur ely autor e gr essive multinomial lo gistic

r e gr ession mo del was appr opriate to obtain the pr e dictive mo del of land use

distribution in Belgium with the b est �t. In this chapter, we apply this mo del

to a smal l r e gion of Belgium and we use the output c onditional pr ob abilities

to downsc ale aggr e ga te land use sc enarios.

4.1 Outline

This pap er presen ts a metho d to do wnscale aggregate land use data based

on statistical tec hniques. A purely spatial m ultinomial logistic regression

(MNLR) mo del is prop osed using observ ed �ne resolution land use data.

This mo del pro vides initial probabilit y maps of land use presence, whic h

are up dated using aggregate land use data and an iterativ e pro cedure based

on Ba y es' theorem. The simplicit y of the metho d as w ell as its lo w data

requiremen ts mak es it easily repro ducible . An example is sho wn using the

CORINE land co v er dataset (1990) to do wnscale future land use c hange sce-

narios (2020) for a small area in Belgium. The results from the MNLR as w ell

as from the iterativ e pro cedure ga v e appropriate represen tation of land use

patterns. The metho d w as also useful in remo ving p oten tial arti�cial b order

e�ects, whic h often arise when do wnscaling from adjacen t spatial units. The

resulting probabilit y maps could b e used for a v ariet y of applications

1

.

1

This c hapter is based on an article b y Dendonc k er N., Bogaert P . and Rounsev ell

M.D.A.; to b e published in Journal of L and Use Scienc e

67



68 Chapter 4. A Statistical Metho dology to Do wnscale Aggregate LU Data

4.2 In tro duction

Deriving land use c hange (LUC) maps at a �ne spatial resolution and o v er

large spatial exten ts could b e useful for v arious purp oses. F or example, land

use (LU) patterns ha v e b een sho wn to a�ect ecological pro cesses (P ark er

and Meretsky, 2004), comm unit y and sp ecies distribution (P eppler-li sba c h ,

2003), and soil organic carb on sto c ks (Lettens et al., 2004; Smith et al.,

2005b). Kno wing where LUC will o ccur is imp ortan t for migratory bird

sp ecies whose p opulation dynamics can b e strongly in�uenced b y LUC o v er

wide areas (Gauthier et al., 2005). Do wnscaling is also essen tial to b etter

assess LUC impacts on the bio div ersit y of natural areas, whic h dep end not

only on the quan tit y of LU but also on the spatial con�guratio n of landscap es

that determine relativ e connectivit y or isolation of these areas (Wim b erly

and Ohmann, 2004). This is imp ortan t in the con text of climate c hange.

F or all these applications, there is greater concern for the qualit y of the re-

sulting maps rather than for an explanation of the underlying relationships

that cause the observ ed LU patterns. Ho w ev er, man y land use datasets (e.g.

Regio, F A O) and future land use scenarios (e.g Rounsev ell et al., 2006b) are

not a v ailable at resolutions that allo w landscap e scale analyses to b e under-

tak en. A simple LU allo cation pro cedure disaggregating coarse resolution

LUC data w ould b e useful in suc h studies.

The w ork presen ted here explores statistical metho ds that allo w the rep-

resen tation of land use data at di�eren t spatial resolutions. The ob jectiv e of

this pap er is to set the basis for a statistically consisten t do wnscaling pro-

cedure based on: (1) a m ultinomial logistic regression mo del that generates

probabilit y maps of LU presence from the CORINE (Co ordinate d Informa-

tion on the Europ ean En vironmen t) land co v er map (Europ ean Commission,

1993) and (2) a metho dology that up dates these probabilit y maps using

Ba y es' theorem and the A TEAM LUC scenarios (Rounsev ell et al., 2005,

2006b; Ew ert et al., 2005a; Sc hröter et al., 2005). Whilst the w ork presen ted

here is based on an application that uses LUC scenarios, the metho dolog y

is appropriate to the do wnscaling of other t yp es of aggregate LU data (e.g.

based on administrativ e units).
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4.3 Con text of the study

4.3.1 Logistic regression in land use mo dell i ng

Binomial m ultiple logistic regression (BMLR) has b een widely used in the

�eld of LU and LUC mo delling to quan tify the relationships b et w een driving

factors and land use (c hange) patterns and to deriv e LU suitabilit y maps

(e.g. V eldk amp and F resco, 1996; Mertens and Lam bin, 1997; Hilferink and

Rietv eld, 1998; Serneels and Lam bin, 2001; P eppler-lisba c h , 2003; V erburg

et al., 2002; Dendonc k er et al., 2005). Ho w ev er, it is a time consuming

pro cess that requires the acquisition and treatmen t of a large n um b er of

datasets comprising b oth the dep enden t and indep enden t v ariables. These

are not alw a ys a v ailable, a fortiori when the exten t of the study area is large

e.g. at the con tinen tal scale. In this case, national or ev en regional datasets

are needed in order to accoun t for regional v ariations in the relationships

b et w een LUC and its driv ers. Mo dels suc h as CLUE (V eldk amp and F resco,

1996), the Land Use Scanner (Sc hotten et al., 2001), and most CA t yp e

mo dels are 'data-h ungry' and are usually unable to sim ulate LU dynamics

in areas without a LUC history , whic h is a considerable dra wbac k (V erburg

et al., 2002).

Ho w ev er, Dendonc k er et al. (2005) sho w ed that when the goal of a study

is to obtain the b est statistical represen tation of a LU distribution, a purely

autoregressiv e (or neigh b ourho o d - b a sed ) mo del is appropriate. Neigh b our-

ho o d e�ects re�ect the path dep endency of LU decisions, economies of scale

and other cen trip etal forces that cannot b e en tirely captured b y other LU

driv ers and are necessary to pro vide a statistically sound mo del that explic-

itly deals with spatial auto correla t i o n (Ov ermars et al., 2003). Dendonc k er

et al. (2005) also demonstrated that a neigh b ourho o d based only on the 8

surrounding cells (Mo ore neigh b ourho o d ) giv es an appropriate logistic re-

gression mo del at a resolution of ab out 1 km, for eac h LU t yp e (i.e. urban,

cropland, grassland and forest) within Belgium. This is consisten t with the

results from Arai and Akiy ama (2004), who found a strong linear relationship

b et w een the transition probabilit y of a cell from the non-urban state to the

urban state and the n um b er of urban cells within the Mo ore neigh b ourho o d

of a cell. An adv an tage of purely autoregressiv e mo dels is that neigh b our-

ho o d based v ariables can b e deriv ed using a single observ ed LU dataset for a
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study region. This mak es the statistical basis of the LU allo cation pro cedure

simple and easily repro ducible .

Because they treat eac h LU individually , BMLR pro vide insigh t in to the

driving factors that explain LU patterns. Ho w ev er, m ultinomial logistic re-

gression mo dels (MNLR) are probably more appropriate if the aim is to

obtain probabilit y maps of LU presence. Because the metho d considers eac h

LU as a p ossible alternativ e amongst the whole set of LU categories, MNLR

generates consisten t probabilit y maps of LU presence, the sum of probabili-

ties for a giv en pixel b eing equal to 1. This is not the case in BMLR where

probabilitie s are computed for eac h land use indep enden t l y of other land use

t yp es.

There are only a few examples of the application of MNLR in land use

studies. Mertens and Lam bin (1997) estimated land co v er c hange tra jectories

in a m ultinomial logit form ulation, assuming that eac h unique com bination

of land co v er c hange represen ted a functionally di�eren t land co v er class.

Kitam ura et al. (1997) dev elop ed LU ratio functions p er unit area using nat-

ural conditions and so cio-economi c driving forces as explanatory v ariables.

Some recen t w ork has incorp orated spatial dep endencie s in to qualitativ e de-

p enden t v ariables and discrete c hoice mo dels. Augustin et al. (2001) used a

spatial m ultinomial logit mo del to explore v egetation dynamics. Bhat and

Guo (2003) applied this framew ork to the �eld of residen tial mo delling while

Mohammadian and Kanaroglou (2003b) and Ben-Akiv a and Lerman (1985)

applied it to transp ortation planning. Finally , McMillen (2001) used spatial

MNLR to mo del LU in an urban fringe area of Chicago considering three

LU classes. Nev ertheless, examples of spatial MNLR are rare.

4.3.2 Do wnscaling land use data

A recen t study b y (V erburg et al., 2006) translated pro jected Europ ean

c hanges in demand for agricultural area at the coun try lev el in to land use

patterns at the 1 km resolution. Apart from this study , most of the lit-

erature concerning the do wnscaling of LU or land co v er data deriv es from

the �eld of remote sensing and aims to solv e the problem of mixed pix-

els (i.e. pixels con taining more than one land co v er t yp e) at fairly coarse

spatial resolutions. Mixed pixels o ccur when the in trinsic scale of spatial

v ariation in land co v er is �ner than the scale of sampling imp osed b y the
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image pixels (A tkinson et al., 1997). Land co v er class comp osition (i.e. land

co v er fractions or prop ortions) of image pixels can b e estimated using soft

classi�cation tec hniques (T atem et al., 2001). A range of recen tly dev el-

op ed tec hniques help to spatially distribute and map these prop ortions using

information ab out pixel comp osition previously determined from soft clas-

si�cation (T atem et al., 2003). These tec hniques include Gibbs or Mark o v

random �elds (MRF) (Kasetk asem et al., 2005) and arti�cial neural net w orks

(ANN) (T atem et al., 2003) and pro duce so-called 'sup er-resolution' maps

(SRM). A review of recen t sup er-resolution w ork is giv en in (T atem et al.,

2002). Both MRF and ANN rely strongly on the assumed spatial dep endence

in the SRM (i.e. classes o ccup ying neigh b ourin g pixels are lik ely to b e the

same). Consequen tly , b oth tec hniques tend to increase spatial dep endence .

4.4 Metho ds

4.4.1 Ov erview

The analysis presen ted here consists of t w o parts: (1) the use of spatial

MNLR to deriv e baseline probabilit y maps of LU presence from the CORINE

land co v er map (Europ ean Commission, 1993) and (2) the application of a

metho d to up date these probabilit y maps using an iterativ e pro cedure based

on the Ba y es' theorem and the A TEAM LUC scenario dataset (Rounsev ell

et al., 2005, 2006b; Ew ert et al., 2005a; Sc hröter et al., 2005).

4.4.2 Baseline datasets

The CORINE land co v er map exists in sev eral v ersions. It w as �rst made

a v ailable as a gridded database with a spatial resolution of 250 m, aggregate

from the original v ector data at a scale of 1:100000 and limited to the EU15

coun tries and the y ear 1990. The CORINE dataset w as used here b ecause it

has a �ner spatial resolution and is generally assumed to b e of b etter qual-

it y than the alternativ es, e.g. PELCO M (Müc her et al., 2000) (see Sc hmit

et al., 2006). The o�cial classi�cation accuracy of CORINE is ab out 87%

(Europ ean Commission DGXI I-D, 2000).
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A t the time the study w as undertak en, the CORINE 2000 raster dataset

w as not a v ailable. Therefore, a cross sectional analysis of the actual LU

pattern w as implemen te d using the CORINE 1990 land co v er dataset. This

means that the deriv ed probabilit y maps re�ect the probabilit y of presence

rather than the probabilit y of transition. A limitation of this t yp e of analysis

is the induced uncertain t y with resp ect to the causalit y of the supp osed

relationships b et w een LU driv ers and LU patterns (V erburg et al., 2004b).

Ho w ev er, the goal of the presen t study is not to determine suc h relationships.

4.4.3 Land use c hange scenarios

The A TEAM pro ject dev elop ed LUC scenario maps of Europ e for the y ears

2020, 2050 and 2080. These maps giv e LU shares (in p ercen t) for eac h cell on

a 10' longitude/la t i t u d e grid. F or Belgium (i.e. considering a mean latitude

of 51'), eac h cell represen ts an area of ab out 210km2
(or 18 b y 11:6km ). This

resolution do es not allo w the iden ti�catio n of LUC e�ects at the landscap e

lev el and is insu�cien t to establish a link with lo cal case-studies (V erburg

et al., 2006).

The A TEAM LUC scenarios are based on an in terpretatio n of the four

storylines of the IPCC/SRES (Sp ecial Rep ort on Emission Scenarios). These

global storylines w ere translated in to Europ ean driving forces for eac h LU.

F or some LU t yp es, it w as necessary to iden tify distinct regional trends in

driving forces based on coun tries or coun try groups. The regional trends

also di�er b et w een scenarios (Rounsev ell et al., 2006b). Broadly sp eaking

the A1 scenario relates to a global economic orien ted w orld, the A2 scenario

relates to a more regional economic orien ted w orld. The B1 scenario rep-

resen ts a global but en vironmen tall y concerned w orld and the B2 scenario

represen ts a regional en vironmen tall y concerned w orld. The LU classes are

urban, cropland, grassland, forest, bio energy crops (liquid, non-w o o dy and

w o o dy) and surplus (i.e. abandoned land). The last t w o classes are absen t

from the CORINE land co v er map.

In order to matc h the CORINE land co v er categories, liquid bio energy

crops (e.g. oilseed rap e) w ere group ed with cropland while non-w o o dy and

w o o dy bio energy crops (e.g. willo w plan tations) w ere group ed with forest.

T o demonstrate the metho d, a subset of CORINE w as arbitrarily c hosen

corresp onding to a small area (9 A TEAM cells) within cen tral and Southern
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Belgium. The ma jorit y of the area is lo cated within the 'South' region as

de�ned in c hapter 3, and only the Northern part of the area is lo cated within

the 'North' region. The metho d is, ho w ev er, applicable to large geographic

areas. The v arious land co v er classes presen t in the study area w ere reclassi-

�ed in to `urban', `cropland', `grassland', and `forests'. All minor land co v er

classes ( < 1% of total area) that did not matc h an y of these categories (e.g.

w ater courses, bare ro c ks...) w ere reclassi�ed as `others'. This w as done

mainly for computation a l purp oses and to b est corresp ond to the A TEAM

scenarios of LUC.

Because the A TEAM scenarios w ere based on the PELCO M baseline

dataset (Müc her et al., 2000) rather than on the CORINE land co v er dataset,

absolute c hanges p er A TEAM grid cell (in %) w ere retained for the four sce-

narios and applied to CORINE. This do es not violate the rules that underpin

the scenario dev elopmen t since the LUC scenarios w ere created indep en-

den tly from the baseline v alues.



74 Chapter 4. A Statistical Metho dology to Do wnscale Aggregate LU Data

Figure 4.1: Study area - 9 A TEAM cells (10' resolution) in Belgium con tain-

ing 31585 CORINE cells (250m resolution)
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4.4.4 Multinom i al (auto)logi st i c regression

MNLR b elongs to the category of discrete c hoice mo dels. These mo dels

originate from the economic sciences and are based on random utilit y the-

ory , whic h assumes that the decision-mak er's preference for an alternativ e is

captured b y the v alue of an index, called utilit y (Anderson et al., 1992; Ben-

Akiv a and Lerman, 1985; Mohammadian and Kanaroglou, 2003b). In the

case of LU mo delling, a cell (or pixel) can b e conceptuali sed as an aggregated

group of decision mak ers. Let us assume that there are k p oten tially observ-

able LU categories within an y � CORINE cell o v er the study area, these

categories b eing denoted as c1; : : : ; ck . The general form of the m ultinomial

logit mo del can b e written as

p(ci jN � ) =
exp(� i N � )

P
j exp(� j N � )

i = 1 ; : : : ; k (4.1)

where p(ci jN � ) is the probabilit y that a CORINE cell � w ould tak e LU

classcategory i among the set of k p ossible LU categories conditional on

the kno wledge of the utilit y function N � for this cell, whereas the � i 's are

non-negativ e scale parameters.

In the case of a purely spatial logit mo del, the same 8 immediate neigh-

b ours of eac h CORINE cell are tak en in to accoun t to build eac h N � , so that

this utilit y function is giv en b y

N � =
8X

j =1

� j y�j (4.2)

where equal w eigh ts � j = � will b e giv en here to these neigh b ours, and where

y�j tak es v alue 1 if cell � is a�ected to LU category i , and 0 otherwise. In

other w ords, for eac h LU category i (with i = 1 ; : : : ; k ), N � is a neigh b our-

ho o d v ariable that corresp onds to the frequency of the same LU category i
in the Mo ore neigh b ourho o d of CORINE cell � (clearly , as de�ned ab o v e,

N � dep ends on the c hoice for the category; this has b een explicitly tak en

in to accoun t in the logit estimation pro cedure, but the dep endency on the i
index is omitted from the notations for the sak e of simplicit y). Other de�ni-

tions of the utilit y function could also b e used (e.g., using more neigh b ours,

di�eren t w eigh ts, ancillary v ariables, etc.). Ho w ev er, as the aim of this study
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is not to deriv e the `b est' purely autoregressiv e mo del, but rather to fo cus

on a do wnscaling metho dology , w e will restrict ourselv es to this c hoice. F or

a more complete discussion ab out discrete c hoice mo delling principles and

metho ds, see also Ben-Akiv a and Lerman (1985).

A Multinomial Discrete Choice pro cedure w as implemen te d using the

PR OC MDC pro cedure of the SAS soft w are (v ersion 8). The dep enden t

v ariable `decision' tak es v alue 1 when a sp eci�c alternativ e is c hosen, and 0

otherwise. Eac h cell ma y b elong to one and only one of the k p ossible LU

categories. The CORINE cells con tained in the nine Eastern A TEAM cells

adjacen t to the study area w ere used as a training set to parameterise the

MLR mo del while the CORINE cells con tained in the nine A TEAM cells of

the study area w ere used as a v alidation set.

4.4.5 A metho d to up date the probabilit i es of LU presence

Without loss of generalit y , let us consider that for an y giv en CORINE cell,

the 8 immediate neigh b ours ha v e b een tak en in to accoun t when estimating

the probabilit y of observing eac h p ossible category for the cen tral cell at an

initial time step t . If w e denote N � as a sp eci�c frequency of land use i in the

neigh b ourho o d (among the set of 9 p ossible frequencies for land use i ), the

m ultinomial logit pro cedure pro vides us with the conditional probabilitie s

p(ci jN � ) (where i = 1 ; : : : ; k ), i.e. the probabilitie s of eac h p ossible category

of the cen tral cell giv en the neigh b our category frequencies N � . Moreo v er,

from the CORINE database, w e are also able to obtain go o d estimates of

the global theoretical frequencies (marginal probabilitie s) for eac h LU, that

will b e denoted as p(ci ) . F rom Ba y es' theorem, w e can also write that

p(ci jN � ) =
p(N � jci )p(ci )

P k
j =1 p(N � jcj )p(cj )

=
1
A

p(N � jci )p(ci ) (4.3)

where the denominator ( A ) pla ys the role of a normalizati o n constan t, so

that w e alw a ys ha v e

P
i p(ci jN � ) = 1 . Based on this result w e can state

that, up to a m ultiplicati v e constan t, the conditional probabilitie s can b e

computed as the pro duct of marginal probabilitie s p(ci ) � that ma y c hange

according to p ossible global mo di�cation s of the LU frequencies o v er time �

and conditional probabilitie s p(N � jci ) that c haracterize the lo cal spatial or-

ganization of the v arious land uses, assumed to b e largely in v arian t o v er time.
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As w e ha v e explicitly sp eci�ed the p(ci jN � ) v alues from the m ultinomial logit

mo del as w ell as the p(ci ) v alues from the whole CORINE database, these

v arious p(N � jci ) v alues can b e computed from eq. (4.1), with

p(N � jci ) = A
p(ci jN � )

p(ci )
(4.4)

This w a y of presen ting the problem is particularly useful as it allo ws us

to tak e in to accoun t the e�ect of the v arious A TEAM scenarios. Indeed, let

us consider that at time t0
after t the theoretical frequencies of LU b ecome

equal to new v alues p0(c1); : : : ; p0(ck ) . F rom eq. (4.3), it is clear that a c hange

of the marginal probabilit y from p(ci ) to p0(ci ) will induce a c hange of the

conditional probabilit y from p(ci jN � ) to a new v alue p0(ci jN � ) . Ho w ev er,

conditionall y to the observ ed category ci , one can assume that the prob-

abilities v alues p(N � jci ) remain unc hanged when mo ving from time t to t0
.

Stated in other w ords, conditionall y to the fact that a giv en LU category ci is

observ ed for the cen tral cell in the Mo ore neigh b ourho o d , the probabilit y of

observing a giv en frequency of iden tical pixels in the Mo ore neigh b ourho o d

will remain unc hanged o v er time, despite the fact that the probabilit y that

the cen tral cell b elongs to this category ci ma y c hange o v er time. Using no w

eq. (4.4), w e can th us write that

A
p(ci jN � )

p(ci )
= p(N � jci ) = A0p

0(ci jN � )
p0(ci )

() p0(ci jN � ) /
p0(ci )
p(ci )

p(ci jN � )

(4.5)

sub ject to the constrain t

P
i p0(ci jN � ) = 1 . The last relation in eq.(4.5) is

th us an up dating rule for the computation of new conditional probabilitie s

p0(ci jN � ) when the marginal probabilitie s are c hanged from the set of v al-

ues f p(c1); : : : ; p(ck )g that apply at time instan t t to the new set of v alues

f p0(c1); : : : ; p0(ck )g that apply later at time instan t t0
. In practice, these new

marginal probabilitie s can b e estimated from the LU frequencies (i.e., LU

prop ortions f 0
i ) of the A TEAM cell in whic h the CORINE cell is included

(see Figure 4.1).

In summary , for all of the � CORINE cells that b elong to the same

A TEAM cell :
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1. for eac h LU ci , the marginal probabilit y p(ci ) at the initial time step t is

considered to b e iden tical for all CORINE cells and can b e estimated

from the corresp onding observ ed frequency ( f i ) computed from the

whole CORINE database (or solely from the CORINE cells that b elong

to this A TEAM cell if frequencies app ear to v ary in a signi�can t w a y

from one A TEAM cell to another);

2. for eac h LU ci , the marginal probabilit y p0(ci ) at time step t0
is also

considered to b e iden tical for all CORINE cells and is assumed equal

to the corresp onding LU f 0
i sp eci�ed for this A TEAM cell;

3. for eac h CORINE cell, the up dated conditional probabilitie s p0(ci jN � )
( i = 1 ; : : : ; k ) are computed (up to a normalizati o n constan t) using

eq. (4.5), where the initial conditional probabilitie s p(ci jN � ) are deriv ed

from the previously �tted m ultinomial logit mo del.

4. for eac h CORINE cell, the outputs of eq. (4.5) are normalized so that

P
i p0(ci jN � ) = 1 , as required for a v alid probabilit y distribution.

Though the ab o v e pro cedure pro vides us with a simple metho d for com-

puting new conditional probabilitie s for an y CORINE cell included within a

giv en A TEAM cell, there is still a consistency issue. The marginal probabili-

ties as directly sp eci�ed b y the corresp onding A TEAM frequencies f f 0
1; : : : ; f 0

kg
ma y di�er somewhat from the marginal probabilitie s f p0(c1); : : : ; p0(ck )g that

can also b e estimated later from the new set of conditional probabilitie s using

the form ula

bp 0(ci ) =
1
n

nX

j =1

p0(ci jN [j ]) (4.6)

where p0(ci jN [j ]) refers to the estimated conditional probabilit y of cate-

gory ci for the j th CORINE cell. This consistency problem is an indirect

consequence of the normalizati o n step 4 that in v olv es a di�eren t normal-

ization constan t for eac h CORINE cell in general. Indeed, using eq. (4.6)

with the outputs of Step 3 will lead to bp 0(ci ) v alues that are iden tical to

the sp eci�ed f i A TEAM frequencies, but these outputs do not pro vide v alid

distributions (as in general these probabilitie s will not sum up to one for eac h

CORINE cell). Con v ersely , the outputs of Step 4 will resp ect this v alidit y



4.4. Metho ds 79

condition, but using eq. (4.6) will then no longer guaran tee that bp 0(ci ) = f i

in general. In other w ords, the ab o v e pro cedure do es not allo w the user

to deriv e conditional probabilit y v alues that resp ect at the same time the

v alidit y condition

P
i p0(ci jN � ) = 1 , and the sp eci�ed frequencies f i for the

corresp onding A TEAM cell.

A w a y of a v oiding this consistency problem is to use an iterativ e pro ce-

dure that aims to mo dify the set of conditional probabilitie s in suc h a w a y

that b oth conditions can b e ful�lled at the same time. Let us rearrange the

set of all conditional probabilitie s from Step 4 in a k � n t w o-dimensiona l

table T [0]
, suc h that

T [0] =

2

6
6
6
6
4

p0(c1jN [1]) p0(c1jN [2]) � � � p0(c1jN [n])
p0(c2jN [1]) p0(c2jN [2]) � � � p0(c2jN [n])

.

.

.

.

.

.

.

.

.

.

.

.

p0(ck jN [1]) p0(ck jN [2]) � � � p0(ck jN [n])

3

7
7
7
7
5

(4.7)

where for the sum along the columns of T [0]
w e ha v e

kX

i =1

T [0]
ij =

kX

i =1

p0(ci jN [j ]) = 1 8j = 1 ; : : : ; n (4.8)

whereas for the sum along the lines w e ha v e

nX

j =1

T [0]
ij =

nX

j =1

p0(ci jN [j ]) = nbp 0(ci ) 8i = 1 ; : : : ; n (4.9)

with bp 0(ci ) 6= f i in general. Let us no w de�ne a new table T [1]
obtained

using the relations

Sij = T [0]
ij

f i
P n

j =1 T [0]
ij

8i; j so that

P
j Sij = f i 8i

T [1]
ij = Sij

1
P k

i =1 Sij
8i; j so that

P
i T [1]

ij = 1 8j
(4.10)
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Applying suc h a transformation do es not mo dify the sum of eac h line

and w e still ha v e

P
j T [1]

ij 6= nf i in general. Ho w ev er, it can b e pro v ed that

after rep eated use of eq. (4.10) in order to deriv e T [2]; T [3]; : : :, w e obtain

nX

j =1

T [1 ]
ij = nf i 8i = 1 ; : : : ; k

whic h is the result that w as sough t. In practice, con v ergence is relativ ely

fast, so that few iterations are needed to ac hiev e bp 0(ci ) ' f i . This algorithm

is a straigh tforw ard v ariation around the w ell-kno wn iterativ e rescaling pro-

cedure, widely applied in statistics for the �tting of a m ultidimension a l con-

tingency table sub ject to constrain ts on its marginal v alues (see e.g. Fien b erg,

1970).

4.4.6 Correction for the b order e�ect

If the pro cedure describ ed ab o v e is applied when deriving the new set of

marginal probabilitie s at time step t0
using the A TEAM cells as de�ned in

the initial data set, there will b e a clear b order e�ect The same marginal

probabilitie s will apply for all CORINE cells b elonging to the same A TEAM

cell, whatev er their lo cation within the cell. As a consequence, there will b e

a sudden shift of these marginal probabilitie s when one crosses the b order

b et w een t w o adjacen t A TEAM cells, th us creating maps with clear lines that

are ob vious artefacts.

The v alidit y of using the same set of marginal probabilitie s for all CORINE

cells inside the same A TEAM cell is debatable, esp ecially for cells lo cated

close to the b orders; A TEAM land use frequencies are arti�cially in tegrated

v alues o v er an area of ab out 15 b y 15 km, whereas the land use itself is a

con tin uous v ariable across space. T o a v oid this artefact, lo cally smo othed es-

timates of the marginal probabilitie s w ere obtained using an in v erse distance

w eigh ting pro cedure. Let us denote (x0; y0) as the planar co ordinate for the

cen troid of an arbitrary CORINE cell, and (x j ; yj ) (with j = 1 ; : : : ; m ) de-

notes the planar co ordinates for the cen troids of the surrounding A TEAM

cells (including the A TEAM cell in whic h the CORINE cell is lo cated). A

w eigh ted set of marginal probabilitie s �p0(ci ) for the CORINE cell can b e

obtained with
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�p0(ci ) =
1
n

mX

j =1

wj pj (ci ) i = 1 ; : : : ; k (4.11)

where p1(ci ); : : : ; pm (ci ) are the frequencies of land use i as sp eci�ed for

eac h of the m A TEAM cells, and where wj is a w eigh t that dep ends on the

distance b et w een (x0; y0) and (x j ; yj ) . A consisten t c hoice for the wj 's is

obtained using an in v erse distance w eigh ting function, with

wj /
1

p
(x0 � x j )2 + ( y0 � yj )2 q (4.12)

sub ject to the constrain t that

P
j wj = 1 , and where q is a parameter

that a�ects the rate of decrease as a function of the distance separating the

cen troids. F or a CORINE cell lo cated at the cen tre of a j th A TEAM cell so

that (x0; y0) = ( x j ; yj ) , the corresp onding w eigh t for this cell will b e equal to

one, so that �p0(ci ) = pj (ci ) for all i = 1 ; : : : ; n . In other w ords, the marginal

probabilitie s for the CORINE cell is giv en b y the corresp onding A TEAM

land use frequencies. F or a CORINE cell cen troid lo cated at the corner of

an A TEAM cell, these w eigh ts will b e iden tical for eac h of the four A TEAM

cells sharing the same corner.

The optimal c hoice for q is not ob vious. A guideline is the smo othness

of the resulting map deriv ed from these w eigh ted probabilitie s. Selecting

a v alue of q that is to o large will only partially remo v e the b order e�ect,

whereas selecting a v alue of q that is to o small will o v ersmo oth the A TEAM

frequencies in space, th us reducing to zero the usefulness of the lo cal infor-

mation brough t b y the A TEAM map (e.g., with q = 0 , one gets the same

marginal probabilitie s whatev er the lo cation of the CORINE cell). Satisfac-

tory results w ere found (b y trial and error) when q = 2 (see Figure 4.2) and

this v alue w as adopted for subsequen t analyses.

The iterativ e pro cedure to deriv e up dated conditional probabilitie s w as

enco ded and applied using the MA TLAB soft w are (v ersion 6). T o a v oid con-

fusion, the `others' category from the CORINE map (i.e. `�xed land co v ers'

suc h as w ater or bare ro c k) and the `others and `surplus' (i.e. surplus land

is land that no longer has an economic v alue and b ecomes abandoned) cate-

gory from the A TEAM scenarios w ere excluded from the v ectors of marginal
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probabilitie s at all time steps.

Figure 4.2: Smo othed marginal probabilitie s using an In v erse Distance

W eigh ted algorithm (rate of decrease: q = 2 ) for cropland (A1FI scenario,

2020)
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4.5 Results

4.5.1 Multinom i al (auto)logi st i c regression

The results of the MDC pro cedure are summarized in T able 4.1. The general

�t of the mo del is v ery go o d (Mc F adden's lik eliho o d ratio index = 0 :63) and

all v ariables are highly signi�can t ( p v alue < 0:0001).

T able 4.2 giv es the error or confusion matrix that compares the original

CORINE data with the predicted LU (i.e. the LU category with the highest

probabilit y as deriv ed b y the mo del). The o v erall accuracy ( 0:77) and the

k appa co e�cien t ( 0:63) are b oth high. T o consider similarit y of lo cation

and similarit y of quan tit y indep enden t l y , the k appa statistic w as partitioned

in to `K-lo cation ' (as de�ned b y P on tius 2000) and `K-histo' (as de�ned b y

Hagen 2002). K-lo cation equals 0:65 while K-histo equals 0:97. This suggests

that in general the mo del resp ects the observ ed CORINE LU prop ortions,

but that the spatial allo cation of these LU shares do es not alw a ys precisely

matc h the initial lo cations. Not surprisingly , the mo del do es not predict the

`others' category w ell. This can b e explained b y the under-represen t a t i o n

of this category and the fact that it mainly consists of non-clustered, linear

elemen ts (e.g. riv ers) along with small patc hes of bare ro c ks. This category is

not ho w ev er sub ject to c hange and is mask ed when the allo cation pro cedure

is applied to real data. It w as only included here for completeness, to ha v e

a consisten t set of alternativ es (ensuring that predicted probabilitie s add up

to one) and to a v oid holes in the gridded dataset. All other LU categories

are w ell predicted.

A mapp ed comparison of the CORINE data with the predicted LU is

giv en in Figure 4.3. This sho ws that the mo del tends to further cluster LUs

that are already clustered while isolated cells disapp ear, leading to a more

aggregate and less fragmen ted landscap e pattern. This is con�rmed b y spa-

tial metrics computed from the P atc h Analyst extension of Arcview 3.1 (e.g.

the mean patc h size of all LU categories - except `others' - signi�can tly in-

creases while total edge length decreases, as seen in T able 4.3). Moreo v er,

cells lo cated at the fringes of LU clusters are usually p o orly predicted (Fig-

ure 4.3c). This is a consequence of ha ving a purely neigh b ourho o d - b a sed

regression mo del, although no other mo del w ould giv e a b etter �t (Dendon-

c k er et al., 2005). It is w orth noting that the result of the pro cedure is a
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map sho wing the most probable (in a statistical sense) LU pattern, but not

necessarily the most realistic one. Indeed, a maxim um probabilit y map do es

not include an y measure of the uncertain t y attac hed to it (e.g., for suc h a

map, cells mapp ed as grassland ma y ha v e conditional probabilitie s that are

quite di�eren t from one place to another, ev en if grassland is the maxim um

probabilit y land use for those cells). The map re�ects only a small part of

the full information that is made a v ailable from the corresp onding condi-

tional probabilit y distribution for all p ossible land uses, as computed using

the m ultinomial mo del. It is ho w ev er a con v enien t c hoice for visualization

purp oses.

T able 4.1: Details of the MDC pro cedure

Discrete Resp onse Pro�le

LAND USE F requency P ercen t

Urban 4; 920 15:58
Cropland 16; 920 53:57
Grassland 2; 809 8:89
F orest 6; 737 21:33
Others 199 0:63
Dep enden t V ariable Decision

Num b er of Observ ations 31; 585
Num b er of Cases 157; 925
Lik eliho o d Ratio 64; 260
McF adden's LRI 0:6321
P arameter Estimates Pr > jt j
neigh b ourho o d 0.63 < 0:0001
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T able 4.2: The MDC pro cedure - con tingency table: observ ed vs. predicted.

OBSER
VED

PREDICTED

Built-up Cropland Grassland F orest Others T otal p(a)

a

0.77

Urban 0.09 0.04 0.01 0.01 0.00 0.15 p(max) 0.98

Cropland 0.03 0.46 0.02 0.03 0.00 0.54 p(e) 0.37

Grassland 0.01 0.02 0.05 0.01 0.00 0.09 k appa 0.63

F orest 0.01 0.02 0.01 0.17 0.00 0.21 klo cation 0.65

Others 0.00 0.00 0.00 0.00 0.00 0.01 khisto 0.97

0.14 0.55 0.08 0.22 0.01 1 (31,585 cells)

a

P(a), p(max), p(e) and khisto w ere computed according to Hagen (2002). Kappa and klo cation w ere

computed accoring to P on tius (2000)
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T able 4.3: The MDC pro cedure - spatial metrics

Mean P atc h Size (ha) T otal Edge Length(km)

LU CORINE PREDICTED CORINE PREDICTED

Urban 62.3 85.2 2,293 1,431

Cropland 618.4 808.7 3,545 2,321

Grassland 53.0 65.6 1,458 996

F orest 197.7 280.8 2,020 1,455

Others 17.5 14.6 143 5

Figure 4.3: Results of the MDC pro cedure: (a) observ ed, (b) predicted (LU

with highest probabilit y is represen ted) and (c) incorrectly-pre d i c t e d
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4.5.2 Up dated probabilit i es of land use presence

Figure 4.4 sho ws the LU maps obtained from the do wnscaling pro cedure and

for the four A TEAM scenarios using the up dated conditional probabilitie s

for the y ear 2020 (time t0
). Again, they represen t for eac h cell the LU that

has the highest predicted conditional probabilit y of o ccurrence, tak en from

the cell's complete conditional probabilit y distribution. No b order e�ects can

b e seen. As exp ected from the baseline probabilit y map resulting from the

m ultinomial logit pro cedure (see Figure 4.3), the landscap e pattern is more

clustered and less fragmen ted. Sub-pixel mapping using ANN or MRF also

tends to pro duce more clustered LU patterns in the output SRMs. Similarly ,

no indication is giv en as to whic h cells will b ecome abandoned (i.e. cells

represen ted b y the `surplus' category from the A TEAM scenarios). Ho w ev er,

other studies suggest that for agriculture these cells are lik ely to b e lo cated

in less fa v oured areas (V erburg et al., 2006).

The main di�erences b et w een the scenarios in Figure 4.4 arise from the

di�erences in the LU frequencies deriv ed from the A TEAM scenarios rather

than from the probabilit y up dating metho d. F or example, the A2 and B1

scenarios displa y v ery similar LU patterns and quan tities. Both preserv e

most of their grassland cells although, on the whole, Europ ean grassland

diminishes m uc h more in the A2 scenario (Rounsev ell et al., 2005). In the

A1FI scenario, grassland areas decline more rapidly in the Least F a v oured

Areas (LF A's) represen ted b y the southern cells in this example. Finally , B2

sho ws the almost complete disapp earance of grassland and its replacemen t

b y `solid' bio energy crops, here classi�ed as forest.

4.6 Discussion and conclusion

The main goal of this pap er w as to establish a statistically sound metho d-

ology to do wnscale aggregate LU data and to visualize LU patterns from

the A TEAM scenarios of LU c hange. Results from the m ultinomial logistic

regression as w ell as from the iterativ e pro cedure based on Ba y es' theorem

ga v e appropriate represen tation of the LU pattern despite a tendency to in-

crease clustering and a fortiori lo ose part of the initial fragmen tation. This

is a consequence of using a purely autoregressiv e mo del. Ho w ev er, using
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Figure 4.4: Up dating the conditional probabilitie s - 4 A TEAM scenarios

in 2020 (A1 FI refers to a fossil fuel in tensiv e v ersion of A1). The main

di�erences b et w een the scenarios result from the di�erences in the original

LU frequencies rather than from the probabilit y up dating metho d, whic h

pro duces clustered LU patterns. No b order e�ects can b e seen.



4.6. Discussion and conclusion 89

neigh b ourho o d v ariables is considered to b e a ma jor adv an tage as no

ancillary data are needed to deriv e the statistically based suitabilit y maps.

These datasets are often incomplete, are not alw a ys a v ailable at adequate

resolutions or spatial exten t, can b e of debatable qualit y or simply do not

exist. Th us, �nding appropriate datasets to deriv e optimal v ariables that

represen t LU driv ers tak es time and e�ort. The metho dolog y presen ted here

is simpler and quic k er to implemen t. A further adv an tage of the m ultinomial

logistic regression pro cedure is that it allo ws a more detailed description of

LU probabilitie s of o ccurrence as complete v ectors of conditional probabili-

ties are deriv ed. The new CORINE Land Co v er raster dataset giving LU in

2000 could b e used as the basis for a v alidation of the pro cedure.

Whilst there are similarities b et w een do wnscaling tec hniques deriv ed

from the �eld of remote sensing (e.g. MRF, ANN...) and those applied

here (i.e. use of Ba y es theorem, �nding appropriate SRM under the con-

strain t of resp ecting the class prop ortions, pro duction of clustered land use

patterns...) they di�er in sev eral asp ects: (1) The spatial resolutions con-

sidered here (i.e. do wnscaling from 10' to 250 m) are far coarser than the

resolutions considered in remote sensing related studies, in whic h data are

sometimes do wnscaled to resolutions as �ne as 4m. Clearly output maps

from this study at the CORINE resolution (250 m) will still con tain `mixed'

pixels. (2) Whilst spatial dep endence in the SRM are only assumed in re-

mote sensing related do wnscaling studies, it is measured in the presen t study

as logistic regression is p erformed on the initial �ne resolution CORINE map

and this serv es as a basis for the pro duction of future SRMs. (3) Con trary

to the do wnscaling of mixed pixels in remote sensing related do wnscaling

tec hniques, land use prop ortions do not need to b e estimated in this study

as they are giv en b y the A TEAM land use scenarios, and (4) there is no con-

sideration of time in the remote sensing tec hniques whilst do wnscaled future

LUC maps are obtained within this study .

The do wnscaled LUC scenarios presen ted in Figure 4.4 are maxim um

probabilit y maps, represen ting the most probable (in a statistical sense), but

not necessarily the most realistic, patterns. In order to deriv e suc h maps, it

is necessary to adapt the calculated suitabilit y with decision rules that re-

�ect an y assumed c hanges in lo cation preferences (e.g. V erburg et al., 2006;

Rounsev ell et al., 2006b). It should also b e noted that do wnscaling is merely

the last step in the m ulti-scale LU mo delling pro cess. The main di�erences
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b et w een do wnscaled LU maps (esp ecially in terms of LU quan tities) will

alw a ys arise from the in terpretatio n of storylines and their translation in to

quan titativ e scenarios. Nev ertheless, it is imp ortan t to use optimal suitabil-

it y maps to underpin a rule based pro cedure. Rules need to include elemen ts

suc h as p olicy constrain ts (e.g. designation of protected areas, precise de-

lineation of LF A's...). Some con v ersions should b e made imp ossible (e.g.

existing urban and riv er cells will alw a ys remain as suc h), others should only

b e p ossible after giv en time lags. A simple con v ersion matrix as prop osed

b y V erburg et al. (2006) w ould accoun t for this. Finally , some rules could

b e sp eci�c to particular scenarios and some a p osteriori decisions need to b e

made regarding the lo cation of bio energy crops and abandoned land. When

this rule based approac h is ac hiev ed, the resulting LU scenario maps will b e

useful for a large set of applications in a wide range of scien ti�c disciplines.

The statistical analysis presen ted here should b e considered as a �rst step in

this direction.



Chapter 5

Explori ng Spatial Data Uncertain ties

in F uture Land Use Scenarios

In the pr evious chapter, we develop e d a metho dolo gy to downsc ale aggr e-

gate land use data. This metho dolo gy is, however, dep endent on the b aseline

dataset use d to derive the initial set of c onditional pr ob abilities of land use

pr esenc e. In this chapter, we test the unc ertainties linke d with using di�er ent

b aseline datasets to downsc ale land use sc enarios. Sever al other data issues

ar e also addr esse d.

5.1 Outline

This c hapter ev aluates uncertain tie s in represen ting landscap es due to dif-

feren t baseline land use (LU) datasets, rasterization metho ds, spatial resolu-

tions, and future land use c hange (LUC) scenarios. A 1/10000-scale v ector

LU dataset for Luxem b ourg (y ear 2000) w as used as the reference map (i.e.

the b est appro ximation to realit y). This map w as rasterized at three spatial

resolutions (100, 250 and 1000 m) using three cell class assignmen t meth-

o ds (the p oin t, ma jorit y and adjusted metho ds). The landscap e comp osition

and con�guratio n of these maps w ere compared with the CORINE land co v er

map. F our alternativ e scenarios of future LUC w ere also generated for the

three resolutions using existing LUC scenarios and a statistical do wnscaling

metho d creating 29 maps of LUC for the y ear 2050. These maps w ere com-

pared pair-wise and using simple spatial metrics of landscap e fragmen tation.

The di�erence in landscap e structure b et w een CORINE and the 100m

and 250m rasters for the presen t w ere found to b e larger than the di�erences

91
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b et w een the presen t LU data and future scenarios. This w as surprising

giv en the large LUC pro jected b y the scenarios. Similarly , di�erences in

landscap e structure b et w een the three cell class assignmen t metho ds w ere

found to b e as large as the di�erences b et w een the LUC scenarios. F ur-

thermore, di�eren t conclusions ma y b e dra wn ab out the ev olution of future

landscap e patterns when di�eren t baseline datasets are used. F or the ref-

erence dataset, increased clustering of the landscap e o ccurs in 2050, due to

the scenario do wnscaling algorithm and the c hanging landscap e comp osition.

With CORINE as the baseline, ho w ev er, decreased clustering of the land-

scap e o ccurs in 2050. This emphasizes the imp ortance of dataset c hoice and

sampling metho d as a con tribution to uncertain t y when dev eloping future

LUC scenarios and analysing landscap e structure in ecological studies.

1

.

1

This c hapter is based on an article b y Dendonc k er N., Sc hmit C. and Rounsev ell

M.D.A.; mimeo
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5.2 In tro duction

A n um b er of recen t studies ha v e dev elop ed spatially explicit, future land use

c hange (LUC) scenarios (e.g. Rounsev ell et al., 2006b; V erburg et al., 2006;

Audsley et al., 2006). Scenario analysis is a to ol to explore plausible visions

and asso ciated uncertain tie s in future LUC (Busc h, 2006). These uncertain-

ties arise from assumptions ab out alternativ e so cio-economi c dev elopmen t

path w a ys and climate c hange, from the spatial allo cation of these c hanges,

but also from the spatial data used to dev elop scenarios. Scenario stud-

ies rarely consider uncertain tie s arising from spatial data. Ho w ev er it has

b een sho wn that di�erences b et w een commonly used trans-Europ ea n land

use (LU) datasets and more detailed landscap e scale data can b e v ery large

(Sc hmit et al., 2006).

Ignoring uncertain t y in LUC ma y result in unreliable future scenarios

(F ang et al., 2006) and this has imp ortan t implications for ecological appli-

cations that use suc h data. A t the regional scale, LUC is imp ortan t for the

distribution of sp ecies (P earson and Da wson, 2003; del Barrio et al., 2006),

sp ecies vulnerabilit y (P armesan and Y ohe, 2003; Metzger et al., 2006) and

bio div ersit y (Reidsma et al., 2006; Giupp oni et al., 2006a). Man y studies

ha v e lo ok ed at time-series of past LUC in dev eloping coun tries using land-

scap e metrics (e.g. F rohn and Hao, 2006; Kim and P auleit, 2006; Olsen et al.,

2005; South w orth et al., 2004). Ho w ev er, the recen t dev elopmen t of spatially

explicit LUC scenarios in Europ e has allo w ed analysis of the ev olution of fu-

ture landscap e patterns (see e.g. Busc h, 2006; V erburg et al., 2006).

Landscap e patterns are usually quan ti�ed using metrics that describ e the

structure of the landscap e b oth in terms of comp osition and con�guratio n

(e.g. De Clercq and De W ulf, 004a,a; F rohn and Hao, 2006; Kim and P auleit,

2006; Gonzales et al., 2005; Nagendra et al., 2004; Seto and F ragkias, 2005;

South w orth et al., 2004). Most studies use raster datasets directly from

remote sensing. The p oten tial consequences of land co v er (mis-) classi�cation

on the v alues of suc h metrics are generally kno wn (Wic kham et al., 1997).

Ho w ev er, v arious studies indicate the need for caution when applying metrics

to data from di�eren t sources (Lausc h and Herzog, 2002; Olsen et al., 2005).

Other studies ha v e used raster datasets deriv ed from v ector �les or mix

rasterized v ector data with raster data from remote sensing (e.g. Li and W u,

2004; Lausc h and Herzog, 2002; W ade et al., 2003). F eatures suc h as roads or
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w atershed b oundaries are t ypically pro vided in v ector format, but LU data

are also increasingly a v ailable in v ector format at the parcel lev el (Sc hmit

et al., 2006). The errors asso ciated with the v ector to raster con v ersions

ha v e b een widely do cumen ted (W ade et al., 2003); in particular, the e�ect of

p olygon size and shap e and raster cell size (Congalton, 1997; Sc hmit et al.,

2006; Sc hmit and Rounsev ell, 2006).

F ew studies ha v e analysed the e�ect of the rasterization metho d on land-

scap e metrics. Moro v er, the rasterization metho d is rarely discussed and

usually the default metho d within a GIS pac k age is applied (e.g. Li and W u,

2004; W ade et al., 2003). During rasterization, ho w ev er, di�eren t algorithms

enable a cell to b e classi�ed either according to the phenomenon at a geomet-

ric reference p oin t or according to the dominan t phenomenon within a cell

(Sc hmit et al., 2006). Ev en small c hanges in cell size can generate imp ortan t

v ariabilit y in landscap e comp osition and con�guration for raster maps cre-

ated using di�eren t cell class assignmen t metho ds (Sc hmit and Rounsev ell,

2006).

The ob jectiv e of this pap er is to estimate the uncertain t y due to dataset

c hoice and rasterization metho d for the presen t and pro jected future land-

scap e con�guration of Luxem b ourg. The analysis is based on a precise LU

v ector dataset (scale: 1/10000), rasterized at three spatial resolutions. The

w ork aims to sho w ho w the computed di�erence in landscap e metrics b et w een

the input datasets and rasterization metho ds remains across LUC scenarios.

The pap er also addresses the question of agricultural land abandonmen t , an

imp ortan t LU class in the selected scenarios, b y sho wing ho w abandonmen t

impacts on the ev olution of the landscap e metrics.

5.3 Metho ds

5.3.1 Ov erview

Figure 5.1 pro vides an o v erview of the applied metho dolog y . A reference v ec-

tor dataset w as rasterized using three di�eren t cell class assignmen t metho ds.

The landscap e comp osition and con�guratio n of these rasters w ere compared

to the CORINE land co v er map using con tingency tables and landscap e met-

rics. Existing LUC scenarios w ere do wnscaled using the raster maps and
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Figure 5.1: Ov erview of the metho dolog y .

CORINE as baseline datasets and landscap e metrics w ere used to quan tify

the di�erences b et w een these scenarios.

5.3.2 Reference data

A large-scale v ector map (1/10000) �Occupatio n Bioph ysique des Sols du

Grand-Duc hé de Luxem b ourg' (1999) (referred to subsequen tly as OBSLux

v ector) w as used as the reference dataset, i.e. the map that is considered

to b e the b est geographic represen tation of Luxem b ourg. This map w as

thematicall y generalized to matc h the LU categories of the LUC scenarios

describ ed b elo w for the LU classes �urban', �cropland', �grassland', �forest'

and 'others'. OBSLux v ector w as rasterized using three cell class assign-

men t metho ds: the �ma jorit y metho d' (dominan t LU), the �p oin t metho d'

(the LU in the cen tre of the grid cell, usually the default metho d in GIS
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soft w are), and the �adjusted metho d' (mo di�ed ma jorit y metho d retaining

a constan t landscap e comp osition) after the metho d of Sc hmit et al. (2006).

Luxem b ourg w as c hosen b ecause it represen ts a whole coun try of a relativ ely

small area with a landscap e that is t ypical of cen tral North-W est Europ e:

The Northern section of the coun try is formed b y part of the plateau of the

Ardenne, the dominan t land co v er is forest. The rest of the coun try consists

of an undulating coun tryside with broad v alleys and a mixture of grassland

and cropland. The urban areas are mostly lo cated in the South and around

the capital, Luxem b ourg cit y . OBSLux v ector w as also rasterized at three

spatial resolutions: 100, 250, and 1000m. 100m and 250m w ere c hosen b e-

cause the Europ ean- w i d e CORINE land co v er datasets are a v ailable at these

resolutions (Commission, 1993). 1000m w as c hosen b ecause sensors suc h as

A VHRR and land co v er datasets suc h as PELCO M (Müc her et al., 2000)

are close to this resolution. PELCO M and CORINE w ere used in sev eral

Europ ean- w i d e LUC scenario studies (V erburg et al., 2006; Audsley et al.,

2006; Rounsev ell et al., 2006b). Because of computation constrain ts, only

the p oin t metho d w as used to rasterize at the 100m resolution. This ga v e

7 reference raster maps (iden ti�ed as OBSLux 100m, OBSLux 250m and

OBSLux 1000m).

5.3.3 CORINE land co v er data

CORINE (h ttp://natla n . e e a . e u . i n t / d a t a service / ) has b een used extensiv ely

in en vironmen tal studies throughout Europ e and to compute landscap e met-

rics (Gulink et al., 2001; Uuemaa et al., 2005). CORINE w as extracted

at 100m and 250m resolutions for Luxem b ourg for the y ear 2000. It w as

thematicall y generalized in to �urban', �cropland', �grassland', �forest', and

�others' to allo w comparison with OBSLux 100m and 250m. CORINE iden-

ti�es a class of �heterogene o u s agricultural areas' (class 2.4) b ecause cropland

and grassland patc hes are often smaller than the minim um mapping unit of

25ha. This class further divides in to �complex cultiv ation patterns' (2.4.0)

and �land principally o ccupied b y agriculture with signi�can t areas of nat-

ural v egetation' (2.4.1). These �mixed' classes represen t more than 30% of

the total area of Luxem b ourg. It is not p ossible to reclassify �soft' infor-

mation in to �hard' categories. Nev ertheless, the follo wing three Thematic

Generalizatio n s (TG) w ere implemen te d : 2.4.0 and 2.4.1 w ere reclassi�ed as

cropland (TG1); 2.4.0 and 2.4.1 w ere reclassi�ed as grassland (TG2); 2.4.0
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w as reclassi�ed as grassland and 2.4.1 as cropland (TG3). TG1 o v eresti-

mates cropland, TG2 o v erestimates grassland and TG3 at least allo ws the

quan tities of grassland and cropland to b e resp ected as giv en b y the OBSLux

rasters. A random allo cation pro cedure resp ecting the LU quan tities of OB-

SLux could ha v e b een implemen ted (as in V erburg et al., 2006), but this

w ould ha v e greatly and arti�cially increased the fragmen tation lev el of the

agricultural classes. The Commission of the Europ ean Comm unit y (2000)

computed a range of metrics for CORINE, but w arned that these metrics

w ere biased b ecause of the minim um mapping unit (25ha) and the mixed

classes that already presen t structural information. The w ork rep orted here

tests this bias b y comparing metrics computed for CORINE and the OBSLux

raster datasets.

5.3.4 Land use c hange scenarios

The A TEAM pro ject (A dv anced T errestrial Ecosystem Analysis and Mo d-

elling) dev elop ed LUC scenarios for Europ e for the y ears 2020, 2050 and

2080 (Rounsev ell et al., 1999; Sc hröter et al., 2005) at a resolution of 10'

(lat/long). The scenarios w ere based on an in terpretatio n of the four sto-

rylines of the IPCC/SRES (Sp ecial Rep ort on Emission Scenarios; IPCC,

2000). The A1 scenario represen ts a global, economicall y orien ted w orld,

the A2 scenario a regional, economical l y orien ted w orld, the B1 scenario

a globalised, but en vironmen tall y concerned w orld and the B2 scenario a

regional, en vironmen tall y concerned w orld. The pro jected LU classes are

urban, cropland, grassland, forest, bio energy crops (liquid, non-w o o dy and

w o o dy) and surplus (i.e. abandoned land). The last t w o classes are absen t

from CORINE. Th us, the OBSLux and CORINE land co v er categories w ere

matc hed b y merging liquid bio energy crops (e.g. oilseed rap e) with cropland

and w o o dy bio energy crops (e.g. willo w plan tations) with forest.

The scenarios w ere based on PELCO M (Müc her et al., 2000) rather than

the datasets used here. Therefore, absolute c hanges p er A TEAM grid cell (in

%) w ere applied to the baseline LU shares of the sev en OBSLux rasters for

the four scenarios and to CORINE 100m for one scenario (A1). The LUC

scenarios w ere created indep enden t l y from the baseline v alues and so this

metho d do es not con�ict with the scenario dev elopmen t principles.

The 10' resolution do es not allo w the iden ti�catio n of LUC e�ects at
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the landscap e lev el and is insu�cien t to establish links with lo cal studies

(V erburg et al., 2006). The scenarios w ere, therefore, do wnscaled to spatial

resolutions of 100m, 250m and 1000m follo wing the metho d of Dendonc k er

et al. (2006). This ga v e 29 maps of LUC (7 OBSLux x 4 scenarios + 1

CORINE x 1 scenario, see table 5.1). Spatial metrics w ere applied to these

maps for 2050 and compared with the v alues for 2000. Absolute v alues of the

metrics should b e analysed with care since the LUC scenarios con tain man y

uncertain tie s, e.g. the assumptions ab out future so cio-economi c dev elopmen t

path w a ys. Ho w ev er, it is p ossible to compare the c hange in metric v alues

b et w een 2000 and 2050 with the di�erence in metric v alues computed for the

baseline datasets.

A decision w as made to represen t the LU class with the highest proba-

bilit y of o ccurrence, whic h excludes additional factors suc h as zoning. The

study do es not, therefore, aim to mak e a full analysis of future LUC in

Luxem b ourg. The statistical approac h do es, ho w ev er, allo w the uncertain-

ties arising from the do wnscaling metho dolog y to b e giv en b y probabilit y

distributions.

The future scenarios con tain a class of land abandonmen t , whic h do es

not o ccur in the baseline data. A metho d w as dev elop ed, therefore, in the

do wnscaling algorithm to accoun t for this new LU class. A t the Europ ean

scale, agricultural land abandonmen t (esp ecially grassland) is imp ortan t in

the A scenarios (Rounsev ell et al., 2005; Berry et al., 2006) due to assump-

tions ab out pro ductivit y c hanges (Ew ert et al., 2005a; Rounsev ell et al., 2005,

1999). In Luxem b ourg, 7% of the land area is abandoned in A1 (2050) and

17% in A2 (2050). The consequences of land abandonmen t and its e�ects on

spatial landscap e patterns are exp ected to b e large (Blasc hk e, 2006). T w o al-

ternativ e metho ds w ere applied to treat land abandonmen t in the do wnscaled

datasets: (a) for the A scenarios, the LU prop ortions of the non-abandon e d

LU classes w ere renormalize d to sum to 100% and abandoned land w as shared

b et w een the di�eren t non-abandon e d LU classes; (b) all abandoned land w as

classi�ed as �forest' in 2050 to re�ect the lik ely succession pro cess. Arguably ,

part of this land w ould b e main tained as op en land for ecological (e.g. to pre-

serv e certain sp ecies attac hed to op en landscap es) and/or aesthetic reasons

(e.g. to main tain an op en landscap e) as already happ ens to da y in W estern

Europ e. Ho w ev er in the absence of conserv ation measures, pioneer sp ecies

of trees w ould rapidly colonize abandoned agricultural land and this w ould
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ev en tually b ecome forest. Giupp oni et al. (2006a) demonstrated this for

the Italian Alps: abandoned agricultural land led to forest expansion, th us

fa v ouring forest sp ecies, whilst the suitabilit y for sp ecies requiring more op en

habitats w as reduced. Con v erting all abandoned land to forest is, ho w ev er,

an �extreme' situation resulting in more closed and clustered landscap es,

whic h should b e re�ected b y the spatial metrics. The results of metho d (b)

are rep orted for A2 only as this has the largest abandoned land area.

5.3.5 Comparison metho ds

The resulting maps w ere compared in terms of landscap e comp osition and

con�guratio n . These c haracteristics can (acting indep enden t l y or in com-

bination) a�ect ecological pro cesses and organisms (McGarigal and Marks,

1995). Landscap e comp osition refers to the presence and amoun t of eac h

patc h t yp e within the landscap e, without explicit reference to spatial lo ca-

tion. Landscap e con�guratio n refers to the ph ysical distribution or spatial

c haracter of patc hes within the landscap e (McGarigal and Marks, 1995).

5.3.5.1 Landscap e comp osition

The LU quan tities of OBSLux v ector w ere compared to the sev en baseline

OBSLux rasters. Similarly , the three thematic generalizati o n s of CORINE

100m and 250m w ere compared to OBSLux 100m and 250m. LU quan tities

for the v arious scenario maps w ere also compared.

5.3.5.2 Landscap e con�guration

The three thematic generalizati o n s of CORINE 250m w ere �rst compared

to OBSLux v ector rasterized with the p oin t metho d. P air-wise map com-

parisons w ere made using con tingency tables to calculate quan ti�cation and

lo cation errors after (P on tius, 2000). Quan ti�cati o n errors o ccur when the

n um b er of cells of a particular class on one map is di�eren t from the n um b er

of cells of that class on another map. F urthermore, a large n um b er of cells

can b e classi�ed correctly simply due to c hance (P on tius, 2000). Therefore,

agreemen t due to c hance, agreemen t due to quan tit y , agreemen t due to lo-

cation, disagreemen t due to lo cation and disagreemen t due to quan tit y w ere
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deriv ed directly from the con tingency tables. The same metho dology w as

used to compare the three metho ds used to rasterize OBSlux v ector to the

�rst thematic generalizati o n of CORINE 250m. The p ercen tage agreemen t

and disagreemen t w ere plotted for the six compared map pairs. The con tin-

gency tables w ere also used to compute the pro ducer's accuracy and user's

accuracy (Cohen, 1960) and these w ere used to compare agreemen t b et w een

LU classes in a similar w a y to Sc hmit et al. (2006).

Landscap e metrics w ere computed using FRA GST A TS (V ersion 3.3, Mc-

Garigal and Marks, 1995). Three widely used, generic metrics w ere selected:

the Num b er of P atc hes (NP) and the Mean P atc h Size (MPS) are patc h-

based metrics while the Edge Densit y (ED) is an edge-based metric. NP

indicates the fragmen tation lev el of a landscap e and is often used in habi-

tat analysis (Li et al., 2005). Because this statistic is a coun t therefore

not sk ew ed b y outliers, it is a go o d indicator of the en tire landscap e and

not just the extremes (South w orth et al., 2004). MPS (the a v erage patc h

size in ha) quan ti�es aggregation , but can also b e used to compare mea-

suremen ts of di�eren t classes in one landscap e (Li et al., 2005). ED (the

amoun t of edge relativ e to total landscap e/class area in metres/ha) again

indicates landscap e fragmen tation and sho ws predictable decreasing trends

with increasing spatial resolution (F rohn and Hao, 2006). ED is therefore

only suitable to compare datasets at a giv en resolution. Metrics w ere com-

puted at b oth the landscap e and class lev el. Absolute v alues of the metrics

should b e treated with caution (Li and W u, 2004; W u, 2004), but compari-

son of the relativ e v alues b et w een datasets pro vides useful information ab out

landscap e fragmen tation. NP , MPS and ED w ere computed for eac h baseline

and scenario map, but only the most signi�can t results are rep orted here.
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T able 5.1: The 29 LU maps (com binatio n s) do wnscaled for the

y ear 2050

Baseline map Rasterization metho d Resolution Scenario

OBSLUX P oin t 100m A1

OBSLUX P oin t 100m A2

OBSLUX P oin t 100m B1

OBSLUX P oin t 100m B2

OBSLUX P oin t 250m A1

OBSLUX P oin t 250m A2

OBSLUX P oin t 250m B1

OBSLUX P oin t 250m B2

OBSLUX P oin t 1000m A1

OBSLUX P oin t 1000m A2

OBSLUX P oin t 1000m B1

OBSLUX P oin t 1000m B2

OBSLUX Ma jorit y 250m A1

OBSLUX Ma jorit y 250m A2

OBSLUX Ma jorit y 250m B1

OBSLUX Ma jorit y 250m B2

OBSLUX Ma jorit y 1000m A1

OBSLUX Ma jorit y 1000m A2

OBSLUX Ma jorit y 1000m B1

OBSLUX Ma jorit y 1000m B2

OBSLUX A djusted 250m A1

OBSLUX A djusted 250m A2

OBSLUX A djusted 250m B1

OBSLUX A djusted 250m B2

OBSLUX A djusted 1000m A1

OBSLUX A djusted 1000m A2

OBSLUX A djusted 1000m B1

OBSLUX A djusted 1000m B2

CORINE P oin t 100m A1
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Figure 5.2: Baseline land use maps (a)
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Figure 5.2: Baseline land use maps (b)
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5.4 Results

5.4.1 Baseline data

The v arious baseline maps are giv en in Figure 5.2(a and b) and are describ ed

b elo w in terms of landscap e comp osition and con�guratio n .

5.4.1.1 Landscap e comp osition

T able 5.2 summarizes the LU quan tities for the di�eren t maps. The area

p ercen tages from the OBSLux v ector data are considered to b e the reference

v alues, or the b est appro ximation to realit y . The total area of the study

region v aries sligh tly with increasing cell size due to the cell class assignmen t

metho d applied to the pixels at the map b oundaries. Comparison of the

OBSLux v ector data with the OBSLux raster data at di�eren t resolutions

sho ws that landscap e comp osition c hanges according to the LU class and the

cell class assignmen t metho d. This agrees with the results of (Sc hmit et al.,

2006). The �A djusted' metho d, b y de�nition, k eeps comp osition constan t.

The �P oin t' metho d sho ws a small div ergence in landscap e comp osition from

the reference v alues (c hanges are less than 10%). The �Ma jorit y' metho d

pro duces comp ositional c hanges that increase with increasing cell size: minor

LU classes suc h as �others', �urban' or ev en �arable' land are underestimated

b y more than 30% of their reference v alue as the cell size increases. The

�Others' LU class ev en disapp ears at a resolution of 1000m. Con v ersely ,

�grassland' and �forest' b ecome o v erestimated b y 10 to 30% compared with

the reference v alues.

CORINE land co v er compares relativ ely w ell to the OBSLux v ector data

at least for the �forest' and �urban' LU classes that are just sligh tly un-

derestimated. F or the �arable' and �grassland' LU classes, only TG3 giv es

satisfactory results. Grassland and cropland c hange b y more than 50% with

their reference v alues in TG1 and TG3.
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T able 5.2: Landscap e comp osition of the baseline (2000) land use maps.

La y er Urban % Arable % Grassland % F orest % Others % T otal ha

OBSLux reference v ector map 10,3 19,5 33,0 36,7 0,5 2635 0 3

OBSLux 100m (P oin t) 10,4 19,5 33,2 36,5 0,5 2592 7 8

CORINE 100m (TG1) 8,7* 43,3* * * 11,8** * 35,0 1,2*** 2592 7 8

CORINE 100m (TG2) 8,7* 9,7** * 45,3** * 35,0 1,2*** 2592 7 8

CORINE 100m (TG3) 8,7* 19,6 35,5 35,0 1,2*** 2592 7 8

OBSLux 250m (P oin t) 10,5 19,4 33,1 36,5 0,5 2592 6 3

OBSLux 250m (Ma jorit y) 8,4* 18,5 34,7 38,2 0,2** 2586 1 9

OBSLux 250m (A djusted) 10,3 19,5 33,0 36,7 0,5 2631 3 1

CORINE 250m (TG1) 8,6* 43,2* * * 11,5** * 36,3 0,4* 2634 6 9

CORINE 250m (TG2) 8,6* 9,8** * 44,9** * 36,3 0,4* 2634 6 9

CORINE 250m (TG3) 8,6* 19,7 35,1 36,3 0,4* 2634 6 9

OBSLux 1000 m (P oin t) 10,9 19,5 32,0 37,0 0,7** 2590 0 0

OBSLux 1000 m (Ma jorit y) 6,3** 12,8* * 37,4* 43,4* 0*** 2554 0 0

OBSLux 1000 m (A djusted) 10,4 19,5 33,0 36,6 0,5 2634 0 0

* di�erence ranging from 10 to 30% of reference v alue

** di�erence ranging from 30 to 50% of reference v alue

*** di�erence of more than 50% of reference v alue
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5.4.1.2 Landscap e con�guration

Although CORINE land co v er compares relativ ely w ell to the OBSLux v ec-

tor data in terms of quan tit y , at least when TG3 is used, it p erforms less w ell

in terms of lo cation. The imp ortance of the quan ti�cation errors relativ e to

lo cation errors is sho wn in Figure 5.3. The total agreemen t b et w een com-

pared maps is the top limit of the blac k bars represen ting the �agreemen t due

to lo cation'. Figure 5.3a compares OBSLux 250m (p oin t metho d) with the

three thematic generalizati o n s of CORINE while Figure 5.3b compares the

three rasterization metho ds of OBSLux 250m with the �rst reclassi�cation

of CORINE. In general, less than 60% of the pixels on the CORINE map

are in agreemen t with the pixels on the di�eren t OBSLux raster maps at a

resolution of 250m. This agreemen t is w orse than that found b y Sc hmit et al.

(2006) using CORINE 1990 in a small Belgian catc hmen t. The disagreemen t

is either ev enly split b et w een quan tit y and lo cation (TG1, Figure 5.3a) or is

largely due to errors of lo cation (TG 2 and 3, Figure 5.3a). Results for the

rasters at 100m are not presen ted here, but are v ery similar to the results at

250m. In terms of rasterization metho d (Figure 5.3b), the ma jorit y and ad-

justed metho ds compare sligh tly b etter to CORINE than the p oin t metho d.

This agrees with the results of Sc hmit et al. (2006).

Agreemen t and disagreemen t is not the same for the individual LU classes

(T able 5.3). F or example, the user's accuracy (sometimes referred to as

�reliabilit y') of forest is the highest. 76% of forest pixels on the CORINE

map (TG3) are classi�ed correctly on the reference map (OBSLux adjusted).

Ho w ev er, this n um b er is lo w er for agricultural LU as w as exp ected b ecause

of the high prop ortion of �mixed' pixels. Similarly , only 56.5% of the ur-

ban pixels on the CORINE map are correctly classi�ed on the reference

map while 68.6% of the urban pixels on the reference map are classi�ed as

suc h on CORINE. This is in line with the underestimatio n of urban LU b y

CORINE, suggesting that a n um b er of urban patc hes smaller than 25 ha are

not represen ted on the CORINE map.

The v arious datasets are further represen ted at the landscap e lev el b y the

metrics giv en in T able 5.4. A t a resolution of 100m (OBSLux pt 100m), the

metrics are an order of magnitude di�eren t than the reference map. They are

ev en t w o orders of magnitude di�eren t from the CORINE 100m maps or the

maps at coarser resolutions. This suggests that the reference map, OBSLux
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v ector, should b e rasterized at an ev en �ner resolution than 100m to pro vide

a landscap e c haracteriza t i o n that approac hes that of the original v ector map.

Landscap e metrics deriv ed from the raster maps generated from the OBSLux

v ector are closer, b y an order of magnitude, to the actual v alues than those

deriv ed from CORINE. Not surprisingly , CORINE 100m pro vides v ery little

impro v emen t compared to CORINE 250m. CORINE w as originally created

in v ector format (1/100000) and w as rasterized using the p oin t metho d: the

minim um mapping unit of the v ector �le b eing 25ha corresp onding to a grid

cell of 500m x 500m. Consequen tly , the 100m rasterization adds little further

spatial information compared to the 250m rasterization.

Comparing across rasterization metho ds sho ws no ob vious di�erence b e-

t w een the adjusted and ma jorit y metho d. The ma jorit y metho d pro duces

only sligh tly more clustered or less fragmen ted landscap es. Ho w ev er, the

p oin t metho d pro duces rasters with almost t wice as man y patc hes of almost

half the size of those pro duced using the ma jorit y metho d. ED is also higher

when using the p oin t metho d. This suggests that the p oin t metho d of ras-

terization creates more fragmen ted landscap es than the other t w o metho ds.

T able 5.3: User and Pro ducer accuracy for the OBSLux 250m

reference map compared to the CORINE 250m map (Third

thematic generalizat i o n ) , for eac h land use class

Land Use User's accuracy (%) Pro ducer's accuracy (%)

Urban 56.5 68.6

Cropland 42.2 41.8

Grassland 59.1 55.6

F orest 76.0 76.5
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Figure 5.3: P air wise map comparison b et w een CORINE 250m thematicall y

generalized in three di�eren t w a ys and the raster maps deriv ed from the OB-

SLux v ector data at a resolution of 250m with di�eren t cell class assignmen t

metho ds. The e�ect of c hanging thematic generalizat i o n is sho wn in Figure

5.3a while the e�ect of c hanging rasterization metho d is sho wn in Figure

5.3b.
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T able 5.4: Landscap e metrics calculated for the baseline datasets

La y er Num b er of patc hes Mean patc h size (ha) Edge densit y (m/ha)

Obslux co v erage 131224 2 438.2

Obslux pt 100m 15492 17 67.2

CORINE 100m (1) 1043 249 27.3

CORINE 100m (2) 1072 242 27.4

CORINE 100m (3) 1134 229 27.9

Obslux pt 250m 4510 57 38.9

Obslux adj 250m 2903 91 31.8

Obslux ma j 250m 2672 97 29.9

CORINE 250m (1) 979 269 21.8

CORINE 250m (2) 988 267 21.7

CORINE 250m (3) 1057 250 22.3

5.4.2 LUC scenarios

A selection of eigh t of the 29 scenario maps is giv en in Figure 5.4. These rep-

resen t the four A TEAM scenarios do wnscaled using OBSLux 100m as the

baseline rasterized with the p oin t metho d, the A1FI scenario do wnscaled

using CORINE 100m as the baseline and the A1 A TEAM scenario do wn-

scaled using the three OBSLux 1000m maps (p oin t, ma jorit y , adjusted) as

the baseline. This allo ws visual comparison of the e�ect of c hanging baseline

data source (CORINE vs OBSLux v ector), rasterization metho d, and spa-

tial resolution on the resulting do wnscaled scenario maps. The four A TEAM

scenarios can also b e compared visually . It is clear from these maps that the

di�erences b et w een the LUC scenarios (top) are relativ ely small compared to

the di�erences resulting from the di�eren t baseline data sources (CORINE),

resolution and rasterization metho d (b ottom). The v arious LUC scenario

maps are describ ed in terms of landscap e comp osition and con�guration ,

b elo w.
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Figure 5.4: A selection of eigh t maps sho wing scenarios of land use c hange

do wnscaled to a resolution of 100m and 1000m. Di�erences b et w een LUC

scenarios (top) app ear relativ ely small compared to the di�erences resulting

from c hanging the baseline data source (CORINE), resolution and rasteriza-

tion metho d (b ottom).
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5.4.2.1 Landscap e comp osition

T able 5.5 summarizes the LU quan tities for the di�eren t scenario maps at a

resolution of 100m and 250m. Results for the 1000m maps are not rep orted

here. In general, large area increases in forest are pro jected. This is mainly

due to the assumed increases in `solid' biofuels, whic h could co v er b et w een

5% (B1) and 20% (A1) of the total land area in 2050 (Rounsev ell et al.,

1999). Small increases in urban areas are also pro jected and this trend is

stronger for the A (economic) scenarios (Reginster and Rounsev ell, 2005).

These increases o ccur at the exp ense of agricultural areas, as cropland and

mostly grassland are exp ected to sho w large decreases. The B1 scenario is

notably di�eren t, with grassland and cropland only diminishing sligh tly and

forest area increasing in comp ensation.

The di�erences b et w een rasterization metho ds and spatial resolution are

small and in the same range as the existing di�erences b et w een the base-

line datasets. As men tioned ab o v e, the A1 scenario w as also do wnscaled

using the CORINE 100m (TG3) as the baseline dataset and compared to

the do wnscaled A1 scenario using OBSLux 100m as the baseline dataset.

Again, di�erences in landscap e comp osition could ha v e b een deduced from

the di�erences b et w een the baseline datasets (e.g. underestimatio n of urban

areas b y CORINE).

In the `LU 2050 A2b adjusted 250m', all abandoned land w as classi�ed

as `forest' in 2050 and this is re�ected b y the landscap e comp osition of the

do wnscaled scenario (i.e. less urban, cropland and grassland, but. more

forest).
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T able 5.5: Landscap e comp osition of land use scenario maps at the resolution of

100m and 250m.

Urban % Arable % Grassland % F orest % Others %

LU 2050 A1 p oin t 100m 13,1 15,9 11,1 59,4 0,5

LU 2050 A2 p oin t 100m 14,0 18,6 8,0 59,0 0,5

LU 2050 B1 p oin t 100m 12,6 16,3 28,9 41,7 0,5

LU 2050 B2 p oin t 100m 12,3 16,6 8,8 61,7 0,5

LU 2050 A1 corine 100m 10,1 17,3 15,8 55,7 1,2

LU 2050 A1 p oin t 250m 13,6 13,8 9,7 62,4 0,5

LU 2050 A2 p oin t 250m 14,6 17,0 7,1 60,8 0,5

LU 2050 B1 p oin t 250m 12,8 14,0 28,8 43,9 0,5

LU 2050 B2 p oin t 250m 12,8 14,4 8,5 63,8 0,5

LU 2050 A1 ma jorit y 250m 10,5 14,0 12,9 62,4 0,2

LU 2050 A2 ma jorit y 250m 11,4 16,9 9,8 61,8 0,2

LU 2050 B1 ma jorit y 250m 9,9 14,3 30,2 45,3 0,2

LU 2050 B2 ma jorit y 250m 9,9 14,9 9,2 65,7 0,2

LU 2050 A1 adjusted 250m 13,0 14,8 10,2 61,5 0,5

LU 2050 A2 adjusted 250m 13,8 17,8 7,7 60,3 0,5

LU 2050 B1 adjusted 250m 12,4 15,1 27,8 44,2 0,5

LU 2050 B2 adjusted 250m 12,2 15,5 8,6 63,3 0,5

LU 2050 A2b

a

adjusted 250m 12,2 13,5 5,2 68,6 0,5

a

In this scenario, abandoned agricultural land w as replaced b y forest while in the other A

scenarios it w as split b et w een the di�eren t land use categories

5.4.2.2 Landscap e con�guration

Figure 5.5 presen ts some graphs that are represen tativ e of the whole analysis

at the landscap e lev el . These results indicate that the NP and ED decrease

almost t w ofold b y 2050 while MPS increases strongly (Figure 5.5, left). This

indicates increasing landscap e aggregation. Ho w ev er, the di�erence b et w een

the p oin t metho d and the ma jorit y and adjusted metho ds remains strong

in 2050, with, for example, MPS of the OBSLux p oin t raster in 2050 only

barely exceeding the baseline MPS of the rasters pro duced with the other t w o

metho ds. Moreo v er, although aggregation of the landscap e clearly increases

b y 2050, it do es not reac h the baseline aggregation lev el of CORINE. Results

at the class lev el (T able 5.6) agree with the results at the landscap e lev el

for the urban and cropland LU classes. As migh t b e exp ected from the

landscap e comp ositional analysis, forests sho w an ev en stronger decrease in

NP and increase in MPS. Only grassland has sligh tly di�eren t metrics as
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MPS decreases strongly in the A scenarios.

T able 5.6: Ev olution of metrics at the class lev el b et w een base-

line 2000 and the scenarios of land use c hange in 2050.

NP MPS ED

URBAN � + �
ARABLE �� ++ ��
GRASSLAND �� A Scen.: �� B Scen.: ++ ��
F OREST ��� +++ ���

The di�erence in metrics b et w een scenarios is relativ ely small compared

to the ev olution in metrics through time or b et w een the v arious rasterization

metho ds (Figure 5.5 righ t). The B1 scenario seems to pro duce the most

fragmen ted (or least clustered) landscap e. Con v ersely , the B2 scenario giv es

the most clustered (or least fragmen ted) landscap e closely follo w ed b y the A2

and A1 scenarios. As exp ected, the `A2b adjusted' scenario giv es a sligh tly

more clustered landscap e than the A2a scenario in whic h agricultural land

abandonmen t is split b et w een the other land use classes.

In terestingly , the ev olution of metrics at the landscap e lev el di�ers when

CORINE 100m is used as the baseline dataset (T able 5.7) as the NP increases

and MPS decreases. This trend is the opp osite of that found when using the

OBSLux rasters as baseline datasets.

T able 5.7: Ev olution of landscap e metrics for OBSLux and

CORINE at the resolution of 100m

La y er NP MPS ED

2000 2050 2000 2050 2000 2050

OBSLux 100m 15492 9307 17 28 67,2 42,7

CORINE 100m 1134 1503 229 173 27,9 24,3
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Figure 5.5: Ev olution of landscap e metrics through time (righ t) and b et w een

scenarios of land use c hange (left).
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5.5 Discussion

CORINE land co v er corresp onds relativ ely w ell to the OBSLux v ector data in

terms of landscap e comp osition, at least for the non-agricult u r a l LU classes.

Ho w ev er, this is not the case for landscap e con�guratio n with less than 60

% of the pixels on the CORINE map agreeing with the di�eren t OBSLux

raster maps. Moreo v er, landscap e metrics computed using CORINE di�er

b y an order of magnitude from the metrics computed using the OBSLux

raster maps. It is concluded, therefore, that the uncertain t y arising from the

c hoice of baseline dataset is large and that CORINE land co v er (ev en the

100m v ersion) is unsuitable for c haracterizi n g the structure of the landscap e

in Luxem b ourg. This is clearly a result of the minim um mapping unit of

25ha and the mixed classes. It is recommende d , therefore, that more precise

regional datasets b e used when p erforming ecological studies in Luxem b ourg.

Ho w ev er, if these datasets are pro vided in v ector format and then ras-

terized, careful consideration should b e giv en to the rasterization metho d.

The ma jorit y metho d will cause problems of landscap e comp osition and will

underestimate minor LU classes, this e�ect increasing with cell size. The

landscap e comp osition at 1000m departs to o m uc h from the reference map,

suggesting that this resolution is unsuitable for LUC studies. The p oin t

metho d pro duces m uc h more fragmen ted maps than the ma jorit y metho d.

This is not surprising as the `p oin t' metho d assigns the class o ccup ying the

cen tral p oin t of eac h cell to the en tire cell. Con v ersely , the `ma jorit y' and

`adjusted' metho ds tak e accoun t of the en tire comp osition of the cell when

assigning a class, whic h reduces the randomness of the allo cation. Ho w ev er,

the p oin t metho d is usually the default metho d in GIS soft w are pac k ages.

Rasterization e�ects on landscap e represen tation is imp ortan t for ecologi-

cal studies, and users of suc h maps should b e a w are of the implication s of

dataset c hoice in suc h studies.

The A TEAM LUC scenarios for 2050 w ere do wnscaled using the v arious

OBSLux raster datasets as the baseline. One scenario run w as also under-

tak en using CORINE 100m as the baseline dataset. Using a di�eren t do wn-

scaling metho dolog y suc h as that prop osed b y V erburg et al. (2006) migh t

ha v e led to di�eren t spatial patterns of LU. Although no closure indices w ere

computed, a clear trend to w ards a more `closed' landscap e w as found for 2050

as forest increases and agricultural area (b oth crop and grassland) decreases.
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MPS of grassland also strongly decreased in the A scenarios. Suc h a land-

scap e ev olution w ould b e detrimen tal to sp ecies that dep end on op en land-

scap es, but could fa v our some sp ecies requiring large patc hes of undisturb ed

forest (e.g. Cic onia nigr a ). Abandoned agricultural land creates opp ortuni-

ties for managing this land for bio div ersit y . The area of abandoned land is

largest under the A2 LUC scenario. This is a parado x as the economic sce-

nario that w ould giv e rise to this is one that conserv ation organisations ma y

not wish to promote, as it is a consequence of high greenhouse gas emissions

(Berry et al., 2006). If no protection measures w ere tak en these abandoned

lands w ould b e con v erted to forest, and the landscap e w ould b ecome fur-

ther aggregated. Similarly , pro jected decreases in edge densities are lik ely to

a�ect sp ecies living at the in terface b et w een, for example, forest and agricul-

tural areas. In terestingly , the B2 scenario giv es the most clustered landscap e,

with generally the smallest prop ortion of op en landscap e and the smallest

densit y of edges. Arguably , this could b e the most unfa v ourable scenario for

man y plan t and animal sp ecies, at least in Luxem b ourg. This is somewhat

parado xical as it represen ts an en vironmen tall y concerned w orld. Ho w ev er,

this clustering e�ect ma y b e coun terbalan c e d b y decreased in tensi�cation of

agricultural areas and more en vironmen tall y friendly pro duction tec hniques

as en visaged in the B2 scenario, th us pro viding opp ortunitie s to impro v e bio-

div ersit y in agricultural landscap es (Reidsma et al., 2006; Jeanneret et al.,

2003).

The w ork presen ted here has sho wn that c hanging the baseline dataset or

sampling metho d results in greater c hanges in landscap e con�guratio n than

those c hanges arising from established scenarios of LUC. If CORINE is used

as the baseline dataset instead of the reference maps (OBSLux) the dataset

c hoice and sampling metho d b ecome the greatest source of uncertain tie s in

the do wnscaled LUC scenarios. Indeed, the A1 LUC scenario has a c hange in

landscap e metrics ranging from a third to a half of the initial v alue (cf. T a-

ble 5.6). Ho w ev er, metrics computed for the A1 scenario do wnscaled using

OBSLux could di�er b y as m uc h as a factor of six compared to the met-

rics computed for the same scenario using CORINE as the baseline dataset.

More imp ortan tly , while the LUC scenarios generally pro ject an increasingly

aggregated landscap e, the trend is the opp osite when using CORINE with

the landscap e b ecoming less aggregated or more fragmen ted. This means

that, dep ending on the baseline dataset used to do wnscale the scenarios of
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LUC, the conclusions dra wn from suc h studies could b e opp osite in terms of

the ev olution of landscap e fragmen tation.

Using di�eren t rasterization metho ds will also lead to di�erences in land-

scap e patterns. The di�erence b et w een the ma jorit y and adjusted metho d

is rather small (Figure 5.4). Ho w ev er, metrics computed on maps generated

using the p oin t metho d sho w large di�erences compared to the equiv alen t

metrics computed for maps generated using either the ma jorit y or adjusted

metho d. This di�erence lies within the same range as the di�erence com-

puted b et w een 2000 and 2050 indep enden t of the rasterization metho d.

Metho ds other than those presen ted in this c hapter could b e used to

ev aluate uncertain t y . F or example, a p ossible approac h w ould b e to in tro-

duce noise in to the datasets and see ho w this a�ects the results. Another

p ossibilit y w ould b e to dev elop an indicator that ev aluates the imp ortance of

the LUC scenarios compared to the baseline dataset c hoice or rasterization

metho d. F or example, one could estimate a threshold resolution at whic h

the c hanges resulting from the rasterization metho ds b ecome greater than

the LUC as imp osed b y the scenarios.

The k ey conclusion from this c hapter is that the use of geographica l data

from di�eren t sources generated using di�eren t sampling metho ds and at

di�eren t resolutions ma y lead to completely di�eren t landscap e metrics. It

is recommende d , therefore, that care b e tak en when using these metho ds

to deriv e landscap e represen tations that are used to study the ev olution of

landscap e patterns. The b est a v ailable spatial data should alw a ys b e used

and some attempt should b e made to quan tify errors or uncertain tie s that

arise from the dataset c hoice. Landscap e metrics deriv ed from the original

v ector data are preferable. Ho w ev er, no LUC mo del that can represen t wide

geographic areas has curren tly b een dev elop ed using p olygons as base units.

These p olygons should ha v e a minim um mapping unit that allo ws the repre-

sen tation of individual LU patc hes. Dev eloping suc h t yp e of mo del remains

a c hallenge for the future. If GIS manipulatio n s are used, for example, in

the generation of raster from v ector data, a complete description of these

manipulatio n s is necessary to ensure repro ducibil i t y of the results.





Chapter 6

Pro jecting Changes in Agricul t ura l

Soil Organic Carb on Sto c ks:

A ccoun ting for Land Use Change

and Scale V ariabi l i t y , for a Small

Region in Belgium

In the pr evious chapter, we evaluate d unc ertainties in alternative r epr esen-

tations of landsc ap e p atterns that arise when using di�er ent b aseline land

use datasets, r asterization metho ds, sp atial r esolutions, and futur e land use

change sc enarios. This chapter stil l fo cuses on data and sp atial r esolution

issues: we c omp ar e a c o arse sc ale appr o ach to mo del the evolution of soil

or ganic c arb on c ontent to a �ne sc ale appr o ach that uses the output land use

maps of the downsc aling metho dolo gy.

6.1 Outline

The main ob jectiv e of this c hapter is to test the v alidit y of using coarse

resolution land use and soil datasets to pro ject c hanges is soil organic car-

b on (SOC). SOC c hange w as estimated using the Rothamsted Carb on mo del

(RothC) for a small study area (10'x 10' or ab out 18 b y 11:6 km) of Southern

Belgium. Changes in SOC sto c ks result from three main pro cesses: climate,

managemen t and land use c hange. Ho w ev er, only the last t w o are accoun t-

able under the Ky oto proto col. The presen t study fo cuses on land use c hange

assuming no managemen t c hange and uses a single IPCC scenario of climate

119
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c hange. SOC c hange w as �rst estimated using land use c hange datasets at 10'

resolution, assuming this c hange to b e equally distributed within the study

area. Cla y con ten t w as obtained from the Europ ean Soils Bureau database

(Jones et al., 2005), a single starting SOC v alue for all land uses w as used

to initialise the mo del, and plan t input for eac h land use t yp e w ere obtained

based on this cla y con ten t and SOC v alue. The second approac h to ok in to

accoun t spatial v ariabilit y at a resolution of 250m b y lo cating land use con-

v ersions within the v arious soil asso ciations of the study area. Cla y con ten t

w as extracted from the Belgian soil map and plan t input data w ere obtained

from �eld studies for cropland and grassland, and calibrated using observ ed

SOC v alues for forest. The di�erence b et w een the t w o metho ds w as quan ti-

�ed and the t w o metho ds w ere compared to observ ed trends in the ev olution

of SOC. The results sho w that the use of coarse resolution datasets is inap-

propriate when mo delling SOC c hanges in the study area as only the metho d

using detailed spatial information predicts an ev olution of SOC sto c ks that

is similar to observ ed v alues and those rep orted in the literature. A general

increase in SOC sto c ks is predicted, and the con tribution due to land use

c hange is equal to ab out 1.2 t C ha� 1
or 60 % of the total c hange including

climate c hange e�ect. This is smaller than what migh t b e exp ected based

on exp erimen tal data. Ho w ev er, land use c hange only concerns part of the

area and is a gradual pro cess that is sho wn to a�ect SOC sto c ks for a longer

p erio d than the p erio d considered

1

.

1

This c hapter is based on an article b y Dendonc k er N., v an W esemael B., Ro elandt

C., Rounsev ell M.D.A., Lettens S., and Smith P .; mimeo
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6.2 In tro duction

Land use c hange (LUC) is kno wn to b e a ma jor factor in�uencing the global

carb on cycle and in particular soil organic carb on (SOC) con ten t (Hough ton

et al., 1999). Ho w ev er, only a few studies explicitly tak e accoun t of the

e�ect of LUC on the ev olution of SOC con ten ts at the regional scale. Most

of these studies either fo cus on a single t yp e of land use (LU) con v ersion,

are not spatially explicit, fo cus on past LUC or mak e short term pro jections

(e.g. Hough ton et al., 1999; Grünzw eig et al., 2004; Batjes, 1999; Kerr et al.,

2003; Priess et al., 2001). F uture LUC is highly uncertain, but it will ha v e a

large impact on the future terrestrial carb on balance (Levy et al., 2004).

Smith et al. (2005a) w ere the �rst to use spatially explicit LUC scenarios

to presen t a comprehensiv e pan-Europ e a n assessmen t of future agricultural

SOC c hanges. In order to undertak e a study o v er suc h a large spatial exten t,

sev eral simplifying assumptions had to b e made. F or example, b y w orking

at a spatial resolution of 10', the mean SOC sto c ks and cla y con ten ts w ere

selected from the Europ ean Soils Bureau 1 km2
database. Similarly , con v er-

sions from one LU t yp e to another w ere estimated using a simple form ula in

order to matc h the predicted c hanges in LU. Because of these assumptions,

it is reasonable to question the accuracy of the results. Datasets of greater

spatial resolution, and arguably b etter in trinsic qualit y migh t b e exp ected to

impro v e the precision of the results, but no previous studies ha v e compared

SOC estimates based on di�eren t data resolutions.

In this study , the Belgian soil asso ciations map (T a v ernier and Marec hal,

1962) and a database of soil pro�les (Aardew erk, V an Orsho v en et al., 1993)

w ere used together with the Europ ean soil carb on database (OC-T op Jones

et al., 2005) to estimate SOC for a part of Belgium. The LU data used in this

study w ere based on the do wnscaled future scenarios of the A TEAM pro ject

(Rounsev ell et al., 2006b) follo wing the metho d prop osed b y Dendonc k er

et al. (2006) allo wing for a precise lo cation of the LU con v ersions within the

study area for the y ears 2020 and 2050.

The analysis w as then p erformed at t w o distinct spatial scales: (1) w ork-

ing at the A TEAM 10' resolution b y a v eraging out the a v ailable data in a

similar w a y to that prop osed b y Smith et al. (2005a) and (2) using all of

the a v ailable information at a resolution of 250m: i.e. taking in to accoun t
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the soil asso ciation of the CORINE cells within whic h the v arious LU con-

v ersions o ccur, using the Belgian soil database instead of the Europ ean soil

database, and using correct plan t input based on indep enden t studies. The

main ob jectiv e of this c hapter is therefore to test the v alidit y of using coarse

resolution datasets when pro jecting c hanges in SOC. In order to do this,

the di�erence b et w een the t w o metho ds w as quan ti�ed and the t w o metho ds

w ere compared to observ ed trends in the ev olution of SOC.

6.3 Material and metho ds

6.3.1 The Rothamsted carb on mo del

The RothC mo del (Coleman et al., 1997) is one of the most widely used

SOC mo dels and has b een applied at the regional (e.g. F allo on et al., 1998b),

con tinen tal (Smith et al., 2005a) and ev en global scales (T ate et al., 2000). It

has b een v alidated for a v ariet y of ecosystems including croplands, grasslands

and forests (Smith et al., 1997). The RothC mo del w as c hosen in this study

b ecause of its simplicit y and b ecause of the a v ailabilit y of data to run the

mo del. RothC requires three t yp es of data: (1) w eather data (mon thly

rainfall (mm), mon thly ev ap otranspiratio n (mm), a v erage mon thly mean

air temp erature ( � C)); (2) soil data (cla y con ten t (%), inert organic carb on

(IOM), initial SOC sto c k, depth of the soil la y er considered (cm); and (3)

LU and managemen t data (soil co v er, mon thly input of plan t residues (t C

ha� 1
), mon thly input of farm y ard man ure (FYM)(t C ha� 1

)), and �nally a

residue qualit y factor (DPM/RPM ratio).

6.3.2 Data sets

6.3.2.1 Study area

The study area consists of a single 10' b y 10' grid cell used within the

A TEAM pro ject (A dv anced T errestrial Ecosystem Assessmen t and Mo d-

elling; Sc hröter et al., 2005) lo cated in the South of Belgium (Figure 6.1). A

single 10' cell w as c hosen in order to limit the exten t of the analysis. The

particular A TEAM cell w as c hosen b ecause of its lo cation at the b order of

t w o agro-p edolo g i c a l regions with distinct c haracteristics: the `Ardenne' in
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the North and the `Jura' in the South. The main soils of the Ardenne are

p o or ston y loam soils (with sc hists and ph yllites) generally unfa v ourable to

arable agriculture. Mean temp erature ranges from 7 to 8.5 � c while precip-

itation v aries from 1100 to 1400 mm y

� 1 (Marec hal and Ameryc kx, 1992).

The Jura comprises a mix of soil t yp es including sandy soils, sandy-loams,

cla y ey soils and alluvial soils in the v alleys. Mean temp erature reac hes 8.6 �

in Virton and precipitatio n v aries from 800 to 900 mmy � 1 (Marec hal and

Ameryc kx, 1992). This mix of soil t yp es asso ciated with a w armer and less

h umid climate mak e the region fa v ourable to agriculture. The v arious soil

asso ciations are describ ed in table 6.1. Dealing with suc h a range of soil

t yp es allo ws for a b etter estimation of the e�ect of soil t yp e and initial SOC

con ten t on pro jected future c hanges in SOC.

Figure 6.1: Study area. The A TEAM grid is o v erlaid on Belgium (left) and

the selected A TEAM cell is sho wn on the righ t, the thinner lines delineate

the soil asso ciations.
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T able 6.1: Description of the soil asso ciations presen t in the study area

Asso ciation Description

a

Cla y con ten t SOC con ten t in 1960 - cropland SOC con ten t in 1960 - grassland

n um b er (%) (T C ha� 1y� 1

) (T C ha� 1y� 1

)

40 Ston y loams with gra v el 18,2 49,7 48,1

45 Ston y loams with conglomerate 18,6 33,4 38,2

47 Ston y loams with limestone and shale 18,9 69,7 76,1

50 Ston y loams with shale and ph yllites 16,5 71,1 75,8

52 Dry loam y soils 11,8 48,7 51,5

55 Sandy to sandy-loams 27,6 95,3 87,7

58 Cla y ey soils 23,9 54,9 57,2

59 Dry alluvial soils 19,1 57,3 67,3

60 Humid alluvial soils 17,2 75,8 91,1

62 Steep slop es 17,3 62,3 66,4

a

(adapted from T a v ernier and Marec hal, 1962)
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6.3.2.2 Input data

Mean mon thly temp erature and precipitatio n v alues for the selected cell w ere

tak en from a single climate c hange scenario - i.e. the A1FI HadCM3 A TEAM

climate dataset (Mitc hell et al., 2004), whic h has the largest temp erature in-

creases of the IPCC SRES (Sp ecial Rep ort on Emissions Scenarios) scenarios

(IPCC, 2000). P oten tial ev ap otranspiration w as estimated using the empir-

ical form ula of Thorn th w aite (Sha w, 1994). In order to fo cus on the e�ect

of LUC only , c hanges in Net Primary Pro duction (NPP) and tec hnology

c hanges w ere not considered, although they ha v e b een sho wn to signi�can tly

a�ect SOC sto c ks (Smith et al., 2005a).

F or the `�ne resolution metho d' (250 m), cla y con ten t w as extracted from

the Aardew erk database (V an Orsho v en et al., 1993) for eac h soil asso ciation

presen t in the study area. F or the `coarse-resolution ' metho d, the Europ ean

soil database w as used instead of the Belgian soil map and a single cla y

con ten t w as applied to the en tire cell to b e consisten t with the metho d of

Smith et al. (2005a).

The CORINE database (v ersion 8/2005, a v ailable from: h ttp://dataservi-

ce.eea.eu.i n t / d a t a servic e / ) w as extracted for the study area and thematicall y

generalized in to four LU classes (i.e. Urban, Cropland, Grassland and F or-

est, cf. app endix B.2) in order to b est matc h the categories of the A TEAM

scenarios of LUC. Only cells under cropland and grassland in 1990 w ere re-

tained in order to fo cus on baseline agricultural land. This giv es a total of

1757 cells co v ering an area of 10981 ha. The A1FI A TEAM scenario of LUC

w as do wnscaled to the spatial resolution of CORINE (250 m) follo wing the

metho dolog y prop osed b y Dendonc k er et al. (2006). The LU category `liq-

uid biofuels' (e.g. oilseed rap e) presen t in the A TEAM scenario w as group ed

with arable land to matc h the CORINE LU categories. This w as done for

b oth the y ears 2020 and 2050. Because the A TEAM pro ject applied pro-

jected LU c hanges to the PELCO M dataset (Müc her et al., 2000), absolute

c hanges p er A TEAM grid cell (in %) w ere instead retained and applied to the

baseline CORINE LU shares (reaggregate d to the 10' resolution). LU tra jec-

tories w ere stored for the 1757 cells of the baseline agricultural area. Eigh t

tra jectories are p ossible, i.e.: Cropland to cropland (no c hange), cropland to

grassland, cropland to forest, cropland to urban; Grassland to grassland (no

c hange), grassland to cropland, grassland to forest, and grassland to urban.
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6.3.3 Running the mo del

6.3.3.1 Mo del calibration

The mo del calibration pro cedure di�ers b et w een the `�ne resolution' sim u-

lations and the `coarse resolution' sim ulations. The `�ne resolution' sim ula-

tions used the most precise data a v ailable for Belgium. SOC sto c ks for 1960

p er landscap e units (i.e. the in tersection b et w een CORINE LU classes and

soil asso ciations) from Lettens et al. (2004) w ere used to initialise the mo del.

Barancik o v a et al. (2006) obtained correct plan t input for arable soils in Bel-

gium b y using RothC to sim ulate the ev olution of SOC sto c ks for long-term

exp erimen ts represen ting the dominan t Belgian crop rotation. The long-

term exp erimen ts w ere conducted b y the Cen tre de Rec herc he Agronomique

de Gem bloux from 1959 (F rankinet et al., 1993). By optimising the total

SOC sto c k predicted b y the mo del to the measured data of the con trol ex-

p erimen t they deriv ed a v alue of 2.3 t C ha� 1y� 1
for a soil depth of 30 cm.

Barancik o v a et al. (2006) also sho w ed that farm y ard man ure (FYM) pro duc-

tion remained constan t throughout the second half of the 20st cen tury and

that calibrated plan t input included baseline FYM pro duction for the W al-

lo on region. Inert organic matter (IOM) w as estimated from the initial SOC

sto c k using the equation prop osed b y F allo on et al. (1998a). A standard

DPM/RPM ratio of 1.44 w as used for cropland and grassland. Because of

a lac k of long term exp erimen ts for grassland in Belgium, a standard plan t

input v alue of 3.9 t C ha� 1y� 1
for a soil depth of 30 cm w as used (Cole-

man et al., 1997) from the Rothamsted exp erimen t. These parameter v alues

allo w ed the ev olution of agricultural SOC from 1960-2000 to b e repro duced

reasonably w ell with a ro ot mean square error (RMSE) of 7.3 t C ha� 1
for

the soil asso ciations used in this study .

Since one of the ob jectiv es w as to examine the e�ect of LU con v ersions

on SOC sto c ks, the mo del w as also calibrated for urban and forest LU. The

RothC mo del has nev er b een v alidated for urban ecosystems and only a

few studies deal with urban carb on sto c ks (see e.g. Jo, 2002; P ouy at et al.,

2002). Ho w ev er, the region considered is essen tially rural and the few new

urban settlemen ts are lik ely to b e comp osed of single family dw ellings with

relativ ely large bac ky ards lea ving large areas un built. Th us, the h yp othesis

w as made that urban land will ha v e similar SOC sto c ks to grassland and so

the grassland SOC v alue of 3.9 t C ha� 1y� 1
w as allo cated to urban cells.



6.3. Material and metho ds 127

This probably results in a sligh t o v erestimation of urban SOC sto c ks but,

giv en the lo w n um b er of urban cells, it is not though t to signi�can tly a�ect

the results.

Since no indep enden t v alue w as a v ailable, plan t input for forest soils

w ere calibrated. Observ ed SOC v alues p er soil asso ciation and for the y ears

1960 and 2000 w ere a v ailable from Lettens et al. (2005). The SOC sto c k

of forest soils has increased on a v erage b y 18.3 t C ha� 1
o v er the 40-y ear

p erio d in the soil asso ciations considered. This is a com bined e�ect of the

increased pro ductivit y of forests and the c hange in forest managemen t as

Belgian foresters curren tly tolerate more dead w o o d in their forests than in

the 1960s (Lettens et al., 2005). T o tak e accoun t of this observ ed increase,

plan t inputs w ere calibrated using the observ ed SOC v alues for the y ear 2000.

A default v alue of 7.09 t C ha� 1y� 1
giv en b y F allo on et al. (1998b) w as used

to initiate a series of equilibrium sim ulations similar to Smith et al. (2005a)

and Barancik o v a et al. (2006) in order to adjust the ann ual plan t addition

for eac h soil asso ciation. An area w eigh ted mean w as computed giving a

�nal v alue of 3.66 t C ha� 1y� 1
.

The mon thly repartition of C inputs throughout the y ear for cropland,

grassland and forest is giv en in table 6.2a. RothC is kno wn to b e relativ ely

insensitiv e to the distribution of C inputs during the y ear (Smith et al.,

2005a). Initial SOC sto c ks for the y ear 1990 w ere th us tak en from the sim-

ulations made b y Barancik o v a et al. (2006) for cropland and grassland, and

from the equilibriums sim ulations describ ed ab o v e for forest LU.

In the `coarse resolution' sim ulations, the same data and metho ds w ere

used as Smith et al. (2005a). The mo del w as th us initialised in 1900 with a

single starting SOC v alue for all LU and a single cla y con ten t for the en tire

cell. As sho wn in table 6.2b, plan t inputs obtained b y using this starting

SOC v alue and cla y con ten t from the Europ ean Soils Bureau database are

higher than those used in the `�ne resolution' sim ulations. F or b oth metho ds

and for agricultural LU, results b efore 1960 w ere used as a spin-up p erio d to

initialise the mo del and are not, therefore, rep orted here.
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T able 6.2: Mon thly repartition of plan t input

A - FINE RESOLUTION R UNS - PLANT INPUT (TC ha-1)

Mon th Cropland Grassland F orest

Jan uary 0 0,20 0,09

F ebruary 0 0,20 0,09

Marc h 0,29 0,20 0,09

April 0,29 0,20 0,09

Ma y 0,29 0,39 0,19

June 0,29 0,59 0,19

July 1,15 0,59 0,19

August 0 0,39 0,19

Septem b er 0 0,39 0,74

Octob er 0 0,39 0,74

No v em b er 0 0,20 0,74

Decem b er 0 0,20 0,37

TOT AL 2,3 3,9 3,7

B - CO ARSE RESOLUTION R UNS - PLANT INPUT (TC ha-1)

Mon th Cropland Grassland F orest

Jan uary 0 0,27 0,12

F ebruary 0 0,27 0,12

Marc h 0,74 0,27 0,12

April 0,74 0,27 0,12

Ma y 0,74 0,54 0,24

June 0,74 0,81 0,24

July 2,94 0,81 0,24

August 0 0,54 0,24

Septem b er 0 0,54 0,95

Octob er 0 0,54 0,95

No v em b er 0 0,27 0,95

Decem b er 0 0,27 0,47

TOT AL 5,9 5,4 4,7
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6.3.3.2 Fine resolution sim ulations

A similar metho dology w as applied to that prop osed b y Smith et al. (2005a).

RothC w as run to the y ear 2050 for eac h LU t yp e (arable, grassland and

forest), and for eac h soil asso ciation presen t in the study area assuming

no LUC. The carb on sto c ks w ere stored for eac h LU in the last mon th of

the y ears for whic h LU data w ere pro vided. V alues are giv en in n um b er of

cells rather than in ha. The n um b er of cells c hanging LU in eac h y ear w as

obtained b y linear in terp olatio n b et w een the calculated LUC in 1990, 2020,

and 2050. The sim ulation w as then run forw ard, imp osing LUC from 2050,

2020 and 1990, using the stored SOC v alues for unc hanged LU to seed the

sim ulations. The main di�erence b et w een this metho d and that prop osed

b y Smith et al. (2005a) is that LU con v ersions (in n um b er of cells) p er soil

asso ciation are kno wn and a fortiori do not ha v e to b e estimated. Suc h a

metho dolog y implies a large n um b er of sim ulations and w ould therefore b e

di�cult to implemen t o v er a large geographic area suc h as Europ e.

T able 6.3: Syn thesis of the parameters used in b oth metho dolog i e s

Fine resolution runs Coarse resolution runs

Baseline SOC F rom Barancik o v a et al. (2006), F rom the Europ ean soil database,

one v alue p er landscap e unit a single v alue for the en tire cell

Cla y con ten t F rom the Aardew erk database, F rom the Europ ean soil database,

one v alue p er soil asso cia ti o n a single v alue for the en tire cell

LU con v ersions Spatially explicit within eac h soil No spatial information

asso cia ti o n

Plan t input Cropland and grassla nd: calibrated Iterativ ely �tted to matc h

and tested on Belgian agricultural observ ed SOC con ten ts.

areas b y Barancik o v a et al. (2006). One v alue p er land use t yp e.

F orest: Iterativ ely �tted to matc h

observ ed SOC con ten ts.

Climate data A1FI scenario A1FI scenario

6.3.3.3 Coarse resolution sim ulations

In addition to the di�eren t input data (cla y con ten t, baseline SOC, plan t

input), `coarse resolution' sim ulations di�ered from the `�ne resolution' sim-

ulations as the LU con v ersions in all soil asso ciations w ere aggregated to the

10' lev el for the y ears 2020 and 2050. Th us spatial information is lost and
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LUC is no longer link ed to soil t yp e. This metho d is similar to that prop osed

b y Smith et al. (2005a).

T able 6.3 summarizes the information used in b oth sim ulations.

6.4 Results

6.4.1 The A1FI scenario of land use c hange

Figures 6.2 and 6.3 summarize LUC in the study area. 23 % of all CORINE

cells c hange LU b et w een 1990 and 2050 (i.e. 403 cells). 64 % of this c hange

concerns grassland cells and the remaining 36 % concerns cropland cells. The

ma jorit y of these c hanging cells are con v erted to forest. Only 2.7 % (47 cells)

of the baseline agricultural area b ecomes urbanized. Finally , some grassland

cells are con v erted to cropland (in fact mostly biofuels) and a few cropland

cells c hange in to grassland. Generally sp eaking, most c hange o ccurs at the

1990 agricultural fron tier (i.e. at the in terface b et w een agricultural land and

urban and forested land). Moreo v er, areas dominated b y one LU t yp e in

1990 tend to further sp ecialize in to that LU t yp e while most isolated cells

are lost (i.e. a cropland cell surrounded b y grassland cells will no longer b e

classi�ed as cropland in 2050). This is a consequence of the do wnscaling

metho dolog y , whic h is based strongly on neigh b ourho o d relationships. F or

more details ab out this metho dolog y , the reader is referred to Dendonc k er

et al. (2006).
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Figure 6.2: Agricultural land within the study area in 1990, extracted from

the CORINE land co v er map (a); Ev olution of this agricultural area as pro-

jected b y the A TEAM A1FI scenario of land use c hange (b); and lo cation of

c hanging CORINE cells (c).
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Figure 6.3: Num b er of CORINE cells c hanging land use b et w een 1990 and

2050 p er soil asso ciation, as pro jected b y the A TEAM A1FI scenario of land

use c hange (the v arious soil asso ciations are describ ed in table 6.1.)

6.4.2 RothC sim ulati ons

6.4.2.1 Climate impact only

The ev olution of SOC sto c ks for cropland and grassland under the A1FI

scenario of climate c hange are presen ted in �gure 6.4. A ccording to the

`�ne resolution' metho dolog y , cropland SOC sto c ks will decrease b y a mean

of 0.08 t C ha� 1 year� 1
, or 4.67 t C ha

� 1
o v er the whole p erio d, this is

equiv alen t to a decrease of 11.5 % of the 1990 v alue. The results of the

`coarse resolution' sim ulations are di�eren t as cropland SOC sto c ks increase

v ery sligh tly . Grassland SOC sto c ks are exp ected to rise b y a mean of 0.08 t

C ha� 1 year� 1
, or 5.2 t C ha� 1

o v er the whole p erio d, this is equiv alen t to

a rise of 6.89 % of the 1990 v alue. Similar results are found when using the

`coarse resolution' metho dolog y . Results of the `�ne resolution' metho dolog y

are consisten t with those of Lettens et al. (2005), who also found a decrease

in SOC sto c ks under cropland and an increase in SOC sto c ks under grassland

b et w een 1960 and 2000. Hence, this trend is predicted to con tin ue to at least
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2050. Mo delled results can also b e compared with those observ ed b y Lettens

et al. (2005) in 1990 and 2000 for the corresp onding soil asso ciations (see

�gure 6.4): results of the `�ne resolution' sim ulations are within the range

of the observ ed v alues. The observ ed increase in SOC sto c ks b et w een 1990

and 2000 under cropland and grassland are not signi�can t due to the large

con�dence in terv als. Ho w ev er, the trends are similar to those observ ed for

the W allo on region: an increase in grassland and a decrease in cropland with

the strongest c hanges in grassland o ccurring b et w een 1960 and 1990 (Lettens

et al., 2005).

Figure 6.4: Mo delled ev olution of SOC for cropland and grassland, using

b oth metho dolog i e s for climate c hange only (from the A1FI scenario of cli-

mate c hange) - 1961 v alue equals 100%
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6.4.2.2 Incorp orating land use con v ersions

The n um b er of cells that c hange LU v aries greatly dep ending on the soil

asso ciation and this w as tak en in to accoun t in the `�ne resolution' sim ulations

(Figure 6.3). In order for the results of the `�ne resolution' sim ulations to

b e comparable to the results of the `coarse resolution' sim ulations, the area

w eigh ted mean SOC sto c ks for the 10' cell w ere computed for eac h t yp e of

LU con v ersion and for eac h y ear of the p erio d considered (1990-2050) ( Fi g u r e

6.5).

The results are summarized in table 6.4. T o accoun t for the in terann ual

v ariabilit y due to climate, SOC sto c ks w ere a v eraged o v er a 5 y ear p erio d.

Estimated c hanges in SOC range from a decrease of -0.22 t C ha� 1 year� 1

(or 18 % of the mean 1985-1990 v alue) follo wing con v ersion from grassland to

cropland (computed with the `�ne resolution' metho d) to an increase of 0.27

t C ha� 1 year� 1
(or 28 % of the mean 1985-1990 v alue) follo wing con v ersion

from cropland to forest (also computed with the `�ne resolution' metho d).

Generally sp eaking, estimated c hanges are larger when the `�ne resolution'

metho d is used.

T aking the whole study area in to accoun t (including cells that do and do

not c hange LU), a v erage SOC increases from 66.20 (1990) to 68.21 (2050) t C

ha� 1
using the `�ne resolution' metho dolog y while it increases from 110.73 to

113.06 t C ha� 1
using the `coarse resolution' metho dology . In the absence of

LUC, SOC sto c ks w ould increase to 67.0 t C ha� 1
using the `�ne resolution'

metho dolog y and 112.1 t C ha� 1
using the `coarse resolution' metho dology .

This means that the con tribution to the increases in SOC sto c ks due to

LUC is equal to ab out 1.2 t C ha� 1
or 60% of the c hange using the `�ne

resolution' metho dolog y and 1 t C ha� 1
or 40% of the c hange using the

`coarse resolution' metho dolog y . A fortiori, this means that the con tribution

to the increases in SOC sto c ks due to the e�ect of climate alone is equal to

ab out 40% of the c hange using the `�ne resolution' metho dolog y and 60% of

the c hange using the `coarse resolution' metho dolog y .
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T able 6.4: Summary of mo delled SOC c hanges

GRASSLAND TO CR OPLAND

Fine resolution Coarse resolution

mean 1985 - 1 9 9 0 (t C ha-1) 73,2 111,5

mean 2045 - 2 0 5 0 (t C ha-1) 60,1 110,6

Change (t C ha-1 y-1) -0,22 -0,02

GRASSLAND TO F OREST

Fine resolution Coarse resolution

mean 1985 - 1 9 9 0 (t C ha-1) 73,3 111,6

mean 2045 - 2 0 5 0 (t C ha-1) 82,6 119,8

Change (t C ha-1 y-1) 0,16 0,14

CR OPLAND TO GRASSLAND

Fine resolution Coarse resolution

mean 1985 - 1 9 9 0 (t C ha-1) 65,9 109,9

mean 2045 - 2 0 5 0 (t C ha-1) 76,0 113,9

Change (t C ha-1 y-1) 0,17 0,07

CR OPLAND TO F OREST

Fine resolution Coarse resolution

mean 1985 - 1 9 9 0 (t C ha-1) 57,4 109,9

mean 2045 - 2 0 5 0 (t C ha-1) 73,6 119,5

Change (t C ha-1 y-1) 0,27 0,16
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Figure 6.5: Mo delled ev olution of SOC using b oth metho dolog i e s, including

climate c hange (from the A1 FI scenario of climate c hange) and land use

con v ersions (from the A TEAM A1 FI scenario of land use c hange)
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6.5 Discussion

6.5.1 Clim ate impact only

The A1FI scenario pro jects the largest temp erature increases of the IPCC

SRES storylines. Increasing temp erature s will increase the rate of decom-

p osition and will therefore tend to increase SOC losses in the future. Ho w-

ev er, this e�ect is only visible for cropland mo delled with the `�ne resolu-

tion' metho dolog y . Results for the ev olution of cropland mo delled with the

`coarse resolution' metho dolog y and for grassland mo delled with b oth meth-

o ds seem to sho w sligh t increases in SOC o v er time. Ho w ev er, plan t inputs

used to mo del the ev olution of cropland with the `�ne resolution' metho dol-

ogy w ere calibrated using long-term exp erimen ts represen ting the dominan t

Belgian crop rotation while plan t inputs used in the other metho ds w ere not

calibrated. In particular, the plan t inputs used in the `coarse resolution'

sim ulations seem unrealistically high. These high plan t inputs and the fact

that the substan tially higher cla y con ten t giv en b y the Europ ean soil data

base w as used giv es m uc h higher SOC v alues when the `coarse resolution

metho d' is applied. This o ccurs in spite of using the same climate data as

for the `�ne resolution' metho d. In the `coarse resolution' metho d, results for

cropland are v ery similar to those for grassland. This can b e explained b y

the initialisation of the mo del using the same SOC v alue for b oth cropland

and grassland.

Results obtained with the `�ne resolution' metho dolog y are comparable

to those giv en b y Lettens et al. (2005). Despite the quite large uncertain t y

asso ciated with the observ ed SOC sto c ks, this suggests that the `�ne reso-

lution' metho d is b etter able to mo del the ev olution of SOC sto c ks in this

part of Belgium.

6.5.2 Incorp orating land use con v ersions

In general, the pro jected SOC c hanges arising from climate c hange alone

are ab out t wice smaller than the SOC c hanges exp ected when LUC is also

incorp orated , whic h emphasizes the in�uence of LUC on future SOC sto c ks.

On the whole, a net gain in SOC sto c k due to LUC is exp ected in 2050. This
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gain is mainly due to the a�orestation of 13 % of the baseline agricultural

area and is estimated to b e ab out 1 t C ha� 1
.

If c hanges resulting from LU con v ersions are accoun ted for in the con text

of the Ky oto proto col within a giv en region, the time p erio d o v er whic h the

SOC sto c ks c hange b efore the system reac hes a new equilibrium needs to b e

considered. Con trary to other studies that assume equilibrium SOC sto c ks or

sim ultaneous LUC (e.g. F allo on et al., 1998b; Kirsc h baum et al., 2001), LU

con v ersions w ere applied b y linear in terp olatio n b et w een the calculated LUC

at eac h time step (2020 and 2050). This w as done b ecause no information

w as a v ailable from the scenario database ab out the timing of LUC and it is

unlik ely that all con v ersions will tak e place at the same time. This sho ws

that, for a giv en area, LUC can ha v e a longer lasting e�ect than for a plot

(or a single cell in this study). As can b e seen from �gure 6.6, the SOC sto c k

of a single cell ev olv es quite rapidly when LU con v ersion o ccurs. Ho w ev er,

the sum of c hanges for all cells results in a smo other linear curv e and SOC

sto c ks do not reac h equilibrium within the p erio d considered.

Figure 6.6: Mo delled ev olution of SOC for soil asso ciation 45, assuming

climate c hange and con v ersion from cropland to forest.
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In addition to `time', the `lo cation' of c hange is also imp ortan t. The

di�erence b et w een the input parameters of b oth metho dolog i e s is suc h that

the e�ects of precisely lo cating LU con v ersions within the v arious soil asso-

ciations (as done in the `�ne resolution' metho dolog y) cannot b e detected.

Ho w ev er it is exp ected that when LUC is concen trate d on certain soil t yp es,

the e�ect caused b y the di�erence in cla y con ten t of eac h soil t yp e will p ersist

in the mo delled SOC sto c k o v er time and the `�ne resolution' metho dology is

therefore lik ely to pro vide more accurate results. This t yp e of concen tratio n

of LUC migh t b e exp ected to o ccur in areas of Belgium where there is a

correlation b et w een soil t yp e and LU (e.g. v alley b ottoms soils are largely

dominated b y grassland).

There is, ho w ev er, a limitation of using CORINE as the baseline dataset

to 'lo cate' the c hanges. Sc hmit et al. (2006) sho w ed that for example,

CORINE w as not suitable to analyse the lo cation of grassland. Moreo v er,

b ecause the minim um mapping unit of CORINE is 25 ha and b ecause crop-

land and grassland patc hes are often smaller than 25ha, CORINE iden ti�es

a class of `heterogeneo u s agricultural areas'. In this study , b ecause there are

no SOC v alues asso ciated with a 'mixed' agricultural class, this class w as

reclassi�ed as 'cropland' (see app endix B.2). By doing this, the area of crop-

land and corresp onding SOC sto c k is o v erestimated at the exp ense of SOC

sto c ks under grassland. Therefore, more precise regional land co v er datasets

should b e used in order to estimate SOC sto c ks correctly .

The direction of the c hange (i.e. increases or decreases) is the same in

b oth metho dologi e s. Ho w ev er, larger c hanges in SOC sto c ks due to LUC

are exp ected when the `�ne resolution' metho dology is used. This is due to

the di�erence b et w een input data. F or example, using the same initial SOC

v alue for b oth cropland and grassland and using this v alue to deriv e a single

plan t input will minimize di�erences b et w een the t w o LUs in the `coarse

resolution' metho dolog y . In fact, the mo delled decrease of 0.02 t C ha� 1y� 1

follo wing con v ersion from grassland to cropland and increase of 0.07 t C

ha� 1y� 1
follo wing con v ersion from cropland to grassland seem unrealistically

lo w compared to v alues rep orted in the literature. F or example, in a meta-

analysis, Guo and Gi�ord (2002) rep ort a decrease in the SOC sto c ks of ab out

60 % of the initial v alue follo wing con v ersion from grassland to cropland and

an increase of ab out 20 % follo wing con v ersion from cropland to grassland.

Both v alues ha v e a fairly small con�dence in terv al despite the range of studies
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considered. In a later application to Europ ean agricultural land, F reibauer

et al. (2004) rep ort p oten tial soil carb on sequestration rates of -1.0 to -1.7

t C ha� 1y� 1
follo wing con v ersion from grassland to cropland and 0.6 to 3.1

t C ha� 1y� 1
follo wing con v ersion from cropland to grassland, these results

are based partly on Guo and Gi�ord (2002). Although di�eren t assumptions

underpin these �gures, results from the `coarse resolution' metho dolog y used

in this study are clearly outside of these ranges.

6.6 Conclusion

The ob jectiv e of this study w as to compare the use of detailed soil, LU and

plan t input information in the estimation of SOC c hange with the same cal-

culation using coarse, pan-Europ e a n databases. The study sho w ed that the

`�ne resolution' metho dolog y p erformed b etter when mo delling the ev olution

of SOC sto c ks for the agricultural area of a small region of Belgium. The

di�erence in t C ha� 1
b et w een the t w o metho ds is v ery large as the sto c ks

mo delled with the `coarse resolution' metho dolog y are almost t wice as large

as those mo delled with the `�ne resolution' metho dology . This is largely due

to the large di�erence in initial SOC v alues. Indeed, the baseline SOC v alues

from the Europ ean soil carb on database (Jones et al., 2005) are almost t wice

as large as the v alues from Barancik o v a et al. (2006) that w ere used within

the �ne resolution metho dology . Con v ersely , in terms of LU con v ersions, the

`�ne resolution' metho dolog y pro jects larger c hanges: within the study area,

the con tribution to SOC c hanges that is due to LUC is equiv alen t to ab out

60% of the c hanges. This is largely due to the di�erence b et w een the input

parameters (cla y con ten t and plan t input) used in the coarse and �ne reso-

lution mo del runs. RothC is highly sensitiv e to these inputs so that di�eren t

parameters could lead to di�eren t results. Ho w ev er, the inputs used in the

�ne resolution runs w ere calibrated or came from a b etter qualit y dataset.

It is, ho w ev er, di�cult to extrap olate the results of this comparison to

the whole of Europ e. Applying a `�ne resolution' metho d to a larger geo-

graphical area w ould b e di�cult with a mo del suc h as RothC as the n um b er

of sim ulations (o v er 600 in the presen t study) w ould increase dramaticall y

and a large n um b er of go o d qualit y , �ne resolution go o d qualit y datasets

w ould need to b e found. A disadv an tage of using man y regional databases

to p erform pan-Europ e a n studies is that there is no uniform con trol of the
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errors presen t in the datasets. This is not the case when standardized pan-

Europ ean datasets are used.

Other factors that w ere omitted in this study and a�ect SOC sto c ks (e.g.

tec hnology and managemen t c hange, increase in NPP) need to b e considered

b efore generalizing the results of this study to wider areas. Moreo v er, large

uncertain tie s remain unquan ti�ed. These include the relationships b et w een

climate c hange and LUC, and the calibration of the RothC mo del in par-

ticular for grassland areas. The fact that only the `�ne resolution' metho d

applied to cropland predicted a decrease in SOC sto c ks as exp ected from the

climate c hange scenario stresses the imp ortance of mo del calibration.





Chapter 7

Conclusion and P ersp ectiv es

This c hapter syn thesizes the main �ndings of this thesis, and the implications

for science and p olicy . Finally , I presen t the main limitations of the w ork

and the p ersp ectiv es for future researc h.

7.1 Main �ndings

This thesis has addressed the issue of do wnscaling aggregate land use data.

The rationale for the w ork stemmed from a review of the theoretical and

empirical literature. I sho w ed that scenarios of land use c hange w ere not

generally a v ailable at resolutions that allo w ed them to b e used in other sci-

en ti�c applications. T o m y kno wledge, the pro jected sp atial p atterns of land

use c hange ha v e rarely b een in v estigated: only a few studies ha v e tried to

do wnscale aggregate land use data. Ho w ev er I sho w ed that all these stud-

ies presen ted some metho dolog i c a l limitations. The main concern w as that

most of the allo cation pro cedures dev elop ed in these studies did not accoun t

for spatial auto correlat i o n presen t within the data. Therefore, I started b y

p erforming a cross-sectional empirical analysis of land use in Belgium and I

tested the h yp othesis that using neigh b ourho o d e�ects alone w ould giv e the

b est statistical represen tation of land use patterns. I tested this b y compar-

ing a series of empirical tec hniques (c hapter 3) and concluded that a purely

autoregressiv e m ultinomial logistic regression mo del explicitly dealing with

spatial auto correla t i o n ga v e the b est �t. This con�rmed the h yp othesis

that using a strictly neigh b ourho o d- b ased mo del w as appropriate

to obtain the b est �tted predictiv e mo del of land use distribution

in Belgium .

143
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Another limitation of the extan t allo cation pro cedures is that they are

often data h ungry . By linking the conditional probabilitie s resulting from

the cross-sectional empirical analyses to the pro jected quan tities of land use

c hange, I sho w ed that only t w o datasets are needed to complete the do wn-

scaling pro cedure (c hapter 4). These t w o datasets are the baseline land

use dataset giving the initial con�guratio n of land use and the aggregate

dataset of future land use c hange. The do wnscaling metho dology re-

sp ected the land use quan tities giv en b y the A TEAM scenarios

and ga v e appropriate represen tation of future land use patterns at

a �ne resolution . Moreo v er, no arti�cial b order e�ects could b e seen in

the do wnscaled �ne resolution map.

I sho w ed that the do wnscaling metho dology dev elop ed in this thesis tak es

accoun t of spatial auto correlat i o n and is not data-h ungry . In addition, this

metho d presen ts sev eral other adv an tages o v er the existing do wnscaling tec h-

niques presen ted in the literature review: (i ) Compared to the approac hes

dev elop ed within the CA framew ork: no calibration pro cedure nor time se-

ries data are needed; (ii ) Compared to the CLUE-S approac h: there are

no endogeneit y problems; and (iii ) Compared to the approac hes dev elop ed

within the con text of A CCELERA TES: the presen t metho d is appropriate

to represen t landscap e patterns. Finally , I sho w ed that this metho d presen ts

sev eral adv an tages o v er traditional do wnscaling tec hniques deriv ed from the

�eld of remote sensing (i.e. spatial dep endence is measured, land use pro-

p ortions do not need to b e estimated and the presen t metho d is dynamic).

While the aggregate land use dataset is based on scenarios that are in

essence uncertain, the baseline land use dataset should b e as precise as p os-

sible to a v oid propagation of errors through time. I therefore estimated the

uncertain t y link ed to baseline dataset c hoice and sampling metho d (c hapter

5). A dditionally , I also ev aluated uncertain tie s link ed with using di�eren t

spatial resolutions and rasterization metho ds. In order to do so, I compared a

reference v ector dataset (i.e. the b est appro ximation to realit y) represen ting

the land use patterns of Luxem b ourg to CORINE land co v er. The reference

dataset w as rasterized using three rasterization metho ds. P airwise compari-

son of these maps indicate that less than 60 % of the pixels on the CORINE

map are in agreemen t with the di�eren t reference raster maps. Moreo v er,

landscap e metrics computed using CORINE di�er b y an order of magnitude

from the metrics computed using the reference maps. This demonstrates
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the limitations of CORINE to c haracterize the structure of the

landscap e in Luxem b ourg. I recommende d the use of more precise regional

datasets. If these datasets ha v e to b e rasterized, it should b e done at the

�nest p ossible resolution. Di�eren t rasterization metho ds will giv e di�eren t

landscap e patterns. The ma jorit y metho d underestimates minor land use

classes and the p oin t metho d arti�cially increases landscap e fragmen tation.

I also found that these di�erences in landscap e patterns remain through

time. Indeed, the results indicate that the di�erences in landscap e

structure b et w een CORINE and the reference raster maps for the

presen t are larger than the di�erences b et w een the presen t land

use data and pro jected future scenarios . This o ccurred in spite of the

large c hanges in land use pro jected b y the scenarios. Similarly , di�erences in

landscap e structure b et w een the cell class assignmen t metho ds are sometimes

as large as the di�erences b et w een the v arious A TEAM scenarios of land

use c hange. I concluded b y recommendi n g a careful use of spatial data.

Researc hers often tak e their data as a giv en and they do not generally try

to quan tify the error due to dataset c hoice.

Finally , I w an ted to demonstrate the utilit y and replicabilit y of the do wn-

scaling metho dology . I therefore applied the metho dology to do wnscale the

A TEAM A1FI land use c hange scenario for a small region of Southern Bel-

gium. A t the start of this thesis, I stated that the resolution at whic h the

A TEAM scenarios of land use c hange are pro vided is insu�cien t to establish

a link with lo cal case studies. Ho w ev er, these scenarios ha v e b een used to

p erform pan-Europ e a n analyses. F or example they ha v e b een used (along

with other coarse resolution pan-Europ e a n datasets) b y Smith et al. (2005a)

to pro ject c hanges in soil organic carb on of Europ ean agricultural areas.

Because of the coarse resolution of the data, they made sev eral simplifying

assumptions.

Alternativ ely , b y do wnscaling the A TEAM A1FI scenario, I w as able to

obtain tra jectories of land use c hange and sho w ed ho w precisely lo cating land

use con v ersions in the v arious soil asso ciations of the study area impacts

on the pro jection of SOC sto c ks. Bakk er et al. (2005) reac hed a similar

conclusion b y sho wing ho w precisely lo cating land use c hange impacts on

soil erosion. I also used a b etter qualit y soil map and lo cally calibrated

inputs of the RothC mo del.
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The comparison of the t w o metho dologi e s indicated that only the ��ne

resolution' metho dolog y ga v e results that w ere comparable to those obtained

in previous studies. This vindicates the use of a ��ne resolution'

metho dology to mo del the ev olution of SOC sto c ks in the study

area and emphasizes the imp ortance of do wnscaling the scenarios

of land use c hange. Moreo v er, I found that the con tribution to the c hanges

in SOC from land use c hange w as larger when the ��ne resolution' metho d-

ology w as used (60% of the total c hange instead of 40% using the �coarse

resolution' metho dolog y). Ho w ev er, I could not extrap olate these results to

the whole of Europ e. Indeed, it is p ossible that, o v er larger areas, the cu-

m ulativ e errors resulting from applying the �coarse resolution' metho dolog y

to certain cells w ould b e cancelled out b y cum ulativ e errors in other cells,

so that the sum of the c hanges w ould lead to a correct estimation. This is a

consequence of the mo di�able areal unit problem referring to the fact that

the results of an analysis ma y v ary according to the aggregation lev el of the

data, as sho wn b y Lem b o et al. (2006). It is, ho w ev er, di�cult to v erify if

this is indeed the case for SOC estimates. If the p oin t of in terest is the total

SOC c hange, a metho d using coarse resolution datasets of p o or qualit y ma y

w ell b e appropriate, although this remains to b e demonstrated. Con v ersely ,

if the in terest is the lo cation of c hange, then a metho dolog y that uses the

b est qualit y data at the �nest resolution is necessary .

7.2 Concluding remarks

This study of spatial do wnscaling of aggregate land use data presen ts sev eral

inno v ations. These are b oth metho dolog i c a l and empirical and include: ( i )

the use of a purely regressiv e mo del to predict land use distributions; ( ii ) the

dev elopmen t of a simple, but statistically sound do wnscaling metho dolog y

that can b e applied to di�eren t t yp es of aggregate land use data and do wn-

scale to an y �ner resolution. I also giv e a general recommenda t i o n to alw a ys

use go o d qualit y datasets at �ne resolutions to p erform scien ti�c studies.

Although this p oin t ma y seem somewhat trivial, I demonstrated throughout

this thesis that a large n um b er of studies tend to forget this principle.
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7.3 Implications for science and p olicy

Scenarios of land use c hange ha v e b een dev elop ed to study the impact of

v arious alternativ e path w a ys of future climate and so cio-economi c c hanges.

Scenarios represen t alternativ e c hoices of so ciet y therefore decision mak ers

are the most ob vious stak eholders of the v arious Europ ean pro jects study-

ing land use c hange (e.g. the A CCELERA TES, A TEAM, EUR URALIS or

FRA GILE pro jects).

Amongst the to ols a v ailable to scien tists to comm unicat e their results to

stak eholders, maps are arguably the most appropriate to con v ey p o w erful

messages. A single map can con tain as m uc h information as sev eral com-

plex tables or graphs and this information is easily captured b y the view er.

Ho w ev er, few scenarios of land use c hanges reac h a su�cien t lev el of spatial

explicitness that allo ws them to b e mapp ed. The scenarios dev elop ed in the

con text of the EUR URALIS pro ject are an imp ortan t exception, although

the tec hnical assumptions b ehind the do wnscaling pro cedure are not en tirely

clear.

The A TEAM pro ject pro vides scenarios at a resolution of 10'. This is

insu�cien t to pro duce comprehensiv e maps of land use. P eople in general

w an t to kno w what will happ en in their o wn neigh b ourho o d . The A TEAM

scenarios ga v e the follo wing message to stak eholders: agriculture will decline

and forest will increase. W ouldn't this message gain strength if a stak eholder

could, for example, observ e that the nice op en landscap e b ehind his house

w ould b e replaced b y a large forest of conifers? Pro viding a sound do wnscal-

ing metho dology as done in this study surely help ed ful�l the ob jectiv e of

impro ving visualization of the results. The spatial resolution at whic h sce-

narios are do wnscaled is ob viously imp ortan t. I can hop e that an increase in

computer p o w er and the a v ailabilit y of go o d qualit y datasets will allo w for

do wnscaling at ev en �ner resolutions. Ho w ev er, there is a risk that stak e-

holders ma y consider the do wnscaled maps as the realit y . They should b e

reminded that, ev en though these maps represen t a single LU category p er

grid cell, they merely represen t a sort of �b est guess pattern' according to a

giv en scenario, and its underlying assumptions.

Mapping at �ne spatial resolution is not only imp ortan t for visualiza-

tion purp oses but also essen tial to p erform other scien ti�c w ork. Indeed,
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land use data are often merely inputs to other studies. F or example, the

A TEAM pro ject dev elop ed land use scenario maps to p erform vulnerabilit y

assessmen t of ecosystems services. Lik ewise, the A CCELERA TES pro ject fo-

cused on the vulnerabilit y of agro ecosystems. Finally , the FRA GILE pro ject

needed �ne resolution land use c hange data to estimate the future of geese

p opulations; again the fo cus is on vulnerabilit y assessmen t. Because of the

lac k of a v ailable �ne resolution land use c hange data, some lo cal case studies

dev elop ed their o wn do wnscaling pro cedure (see e.g. Giupp oni et al., 2006b;

del Barrio et al., 2006). Limitation s of these approac hes ha v e b een discussed

in c hapter 2 of this thesis. I ha v e sho wn ho w the metho dolog y dev elop ed in

this thesis o v ercomes these limitations. Other scien ti�c disciplines lik e soil

science or h ydrological researc h ma y b ene�t from the do wnscaling approac h

dev elop ed here. The b ene�t for researc h on carb on sequestration w as already

demonstrated in c hapter 6. In summary , it is lik ely that scien tists ma y ob-

tain the most direct b ene�t from the do wnscaling pro cedure dev elop ed in

this thesis.

7.4 Limitations of the study and p ersp ectiv es for

future researc h

In spite of the p oten tial b ene�ts describ ed previously , this study has sev eral

w eaknesses.

First and foremost, the main limitation of this thesis is related to the

data used. In c hapter 3, I used PELCO M to deriv e the mo del of land use

distribution in Belgium. In c hapter 4, I rely on CORINE to dev elop the

do wnscaling metho dolog y . Later in c hapters 5 and 6, I highligh t the need

for precise datasets and criticize pan-Europ e a n datasets suc h as CORINE or

PELCO M. In a sense, I criticize m y o wn w ork! Of course, I w as not a w are

of these problems when I started this researc h, whic h explains the initial use

of suc h datasets. If the w ork could b e rep eated, I w ould try to use other

more precise datasets. F or example, land use data is a v ailable at a resolution

of 20m based on the classi�cation of Landsat TM images for the W allo on

region. This w ould allo w us to test if purely regressiv e mo dels still giv e

optimal statistical �ts when using b etter qualit y maps.

Unfortunately , suc h go o d qualit y datasets are generally only a v ailable at



7.4. Limitation s of the study and p ersp ectiv es for future researc h 149

the regional scale. Fine scale and go o d qualit y agricultural land use maps are

a v ailable for Europ e, but only at high costs (i.e. the In tegrated A dministra-

tion and Con trol System (IA CS) data that w as designed to monitor claims

for area aid in the EU). The IA CS data do es not include non-agricult u r a l

land uses. In fact, go o d qualit y pan-Europ e a n m ulti land use maps are still

missing. A c hallenge for the future is to create suc h maps at �ne resolutions.

These maps w ould also need to b e a v ailable free of cost in order to b e used

b y a v ariet y of pro jects. Ideally , they should also b e up dated frequen tly .

A second w eakness of this w ork is that the do wnscaling metho dolog y w as

not v alidated. Because it relies on a neigh b ourho o d - b a sed mo del, it predicts

that most c hanges will o ccur at the in terface of land use clusters. A v alidation

of this outcome w as not p erformed b ecause of a lac k of appropriate dataset.

The up dated v ersion of CORINE (CORINE 2000) w as recen tly released.

Unfortunately , it w as imp ossible to directly compare the t w o datasets (the

original and new CORINE) as man y c hanged pixels in the CORINE 2000 did

not actually represen t c hange but corrected errors from the previous v ersion

(so that for example, some urban pixels in CORINE 1990 w ere classi�ed

as arable in CORINE 2000...). Another option is to com bine the top-do wn

approac h prop osed here with b ottom-up approac hes to v alidate the land use

c hange scenarios at a more lo cal lev el.

A third dra wbac k of this thesis is that the causalit y b ehind the neigh-

b ourho o d e�ects has not b een iden ti�ed. Most of the studies that deal with

neigh b ourho o d e�ects fo cus on urban land-use where an explanation of suc h

e�ects is p ossible, e.g. externalities (Caruso et al., 2005). It seems that

these e�ects ha v e not often b een studied for agricultural land uses. More

explanatory mo dels need to b e dev elop ed to address this issue and agen t

based mo delling (ABM) ma y b e an appropriate framew ork within whic h to

do this.

Another limitation of the do wnscaling metho dology is that it relies strongly

on the h yp othesis that the conditional probabilitie s that c haracterize the lo-

cal spatial organization of the v arious land uses (i.e. p(N � jci ) ) are largely

in v arian t o v er time. This ma y b e hard to v erify in practice.

P oten tial p ersp ectiv es for further researc h include applying the do wnscal-

ing metho dolog y to disaggregate past land use data. In man y lo cations, time

series of land use statistics are a v ailable for aggregate administrativ e units
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(suc h as the Eurostat statistics at the NUTS lev el). In man y lo cations, these

are the b est a v ailable land use data. Do wnscaling these data w ould pro vide

a series of maps giving tra jectories of c hange that could b e used in a v ariet y

of applications. A dditionally , this could also help v alidate the do wnscaling

metho dolog y for lo cations where past �ne resolution land use data also exist.

Ho w ev er, in order for this to b e p ossible, the pro cedure w ould need to

b e automated. In its presen t form, it still relies on three soft w are pac k ages

(i.e. SAS, AR CGIS and MA TLAB) and requires man y user in terv en tions at

in termediate stages. The pro cedure is still hard to implemen t for un trained

users and requires to o m uc h computation time. It w ould strongly b ene�t

from b etter programmin g and in tegration in to a single soft w are. Ideally , a

user in terface should also b e dev elop ed. In a near future, I hop e that this can

b e ac hiev ed with the help of statisticians and programmers who will in tend

to dev elop a user-friendly w ebsite presen ting the do wnscaled ALARM

1

sce-

narios of land use c hange. Because the maxim um probabilit y maps obtained

with the do wnscaling pro cedure represen t the most probable (in a statistical

sense), but not necessarily the most realistic patterns, a rule based approac h

should b e dev elop ed. This approac h could include Europ ean wide scenario

sp eci�c rules, p olicy restrictions, and in tegrate protected areas (e.g. Natura

2000 sites) to re�ect p oten tial c hanges in lo cation preferences.

A �nal shortcoming of the do wnscaling pro cedure is that it do es not allo w

for the lo cation of new land use t yp es suc h as bio energy crops. Bio energy

crops are certainly a land use of the future, some agricultural areas are

already b eing plan ted with suc h crops. Ho w ev er, the factors in�uencing the

lo cation of these new crops are still largely unkno wn. This is certainly an

in teresting p ersp ectiv e for future researc h.

Some scenarios of land use c hange (the A1, A2 and to a lesser exten t B1)

also predict that a large n um b er of former agricultural areas will no longer b e

used for commercial purp oses and are therefore classi�ed as `surplus land'. It

is unclear what could happ en to these areas of surplus land, although it seems

that con tin ued urban expansion, recreational areas and forest land use w ould

all b e lik ely to tak e up at least some of the surplus (de la V ega-Leinert and

Sc hröter, 2004). An attempt of dealing with surplus land in di�eren t w a ys

1

EU F unded ALARM pro ject: Assessing LArge scale en vironmen tal Risks for bio-

div ersit y with tested Metho ds. The ALARM pro ject is a con tin uation of the A TEAM

pro ject
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w as made in c hapter 5. Alternativ ely , surplus land could also b e used for

conserv ation purp oses. Ho w ev er, it seems that pro vided priv ate o wners ha v e

the incen tiv es to do so, surplus land will con tin ue to b e used for one purp ose

or another. F or example the w o o d industry of the Europ ean Union requires

large imp orts of w o o d. F uture land surpluses could b e used to address this

high w o o d demand (de la V ega-Leinert and Sc hröter, 2004). I also b eliev e

that this pro vides large opp ortunitie s to implemen t ecological measures and

researc h should b e undertak en to b est deal with these opp ortunitie s.

In summary , the follo wing issues will need to b e solv ed when trying

to apply the do wnscaling metho dolog y to a wider area: ensuring that the

neigh b ourho o d - b a sed algorithm is v alid o v er the en tire area, automating the

pro cedure, dealing with new LU classes, dealing with surplus land, applying

scenario sp eci�c allo cation rules that are v alid across a large geographic ex-

ten t to deal with, for example, protected areas, and dev elop a user-friendly

in terface. Ideally , these di�culties should b e addressed in the order men-

tioned ab o v e.

Finally , I ha v e sho wn throughout this thesis that baseline land use dataset

c hoice w as crucial in land use mo delling. I raised the p oin t that land use

mo dels should ideally b e based on v ector data represen ting actual parcels

of land. If the a v ailabilit y of v ector data con tin ues to increase, it w ould b e

w orth while p erforming large scale land use c hange mo dels based on these

v ector data. T o some exten t, agen t based mo dels ha v e started this. They

ha v e initiated a mo v e bac k from pixels to p eople. This de�nitely needs to b e

encouraged. Ho w ev er, the ABM framew ork is still mainly lo cally orien tated

and it remains a c hallenge to generalize it o v er larger areas. As P ark er et al.

(2003) men tion, represen ting and in tegrating pro cesses across scales within

an ABM framew ork is a ma jor mo delling c hallenge.

7.5 Final though ts

Maps are w onderful to ols to understand the w orld around us. F or example,

maps help us orien t ourselv es on a street, in a cit y , in a coun try , or on the

planet. In that w a y , maps impact not only on scien tists, but on ev ery one.

With the increasing dev elopmen t of computer tec hnology , man y virtual maps

are no w accessible to the public via the In ternet. T o man y p eople, pro jects
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suc h as `Go ogle Earth', `Nasa W orld Wind' or ev en `Mic helin route �nder'

represen t what is done b est in the �eld of geograph y to da y . It is p erhaps

ironic that suc h pro jects w ere ac hiev ed b y priv ate companies.

The c hallenge that I faced more than three y ears ago seemed h uge and

the ob jectiv es w ere not en tirely clear. I addressed this c hallenge step b y

step, p erhaps lac king a general comprehensiv e vision of the problem (lac k

of exp erience?). Ho w ev er, and despite clear shortcomings, I do wnscaled the

A TEAM scenarios of land use c hange o v er a study area co v ering more than

2 millions km

2
, pro viding an input to the pro jection of future geese habitats.

A dditionally , I raised imp ortan t issues in terms of the use of land use data

in scien ti�c applications. In spite of this, I am left with a certain feeling

of dissatisfaction b ecause I feel that the w ork is not �nished. I w ould only

get rid of this feeling b y completing the full do wnscaling of the A TEAM (or

ALARM) scenarios and presen ting the results in an in teractiv e w a y , with a

n um b er of go o d qualit y and visually attractiv e maps.

Ev en then, this w ork will seem v ery mo dest in comparison with the to ols

that priv ate companies are able to ac hiev e with of course, m uc h larger �nan-

cial resources. Ho w ev er, the impact of suc h to ols emphasizes the imp ortance

of mapping in a w orld that is b ecoming increasingly dynamic and mobile.

This should encourage geographers to con tin ue their researc h on land use

c hange, an issue that will in�uence the future of our planet.
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The A TEAM Scenarios of Land Use

Change

The A TEAM scenarios of land use c hange ha v e b een widely do cumen ted

in a n um b er of studies (Ew ert et al., 2005a; Kank aanpää and Carter, 2005;

Rounsev ell et al., 2006b, 2005; Reginster and Rounsev ell, 2005; Sc hröter

et al., 2005) and brie�y discussed in c hapter 2 of this thesis. Ho w ev er,

b ecause the do wnscaling pro cedure dev elop ed in this thesis is applied to the

A TEAM scenarios, they are further describ ed here. A particular ob jectiv e of

this section is to describ e the v arious demand mo dels and spatial allo cation

rules that w ere used to distribute the di�eren t land use classes b et w een the

v arious A TEAM grid cells. In this w a y , it will b e sho wn that there is no

redundancy b et w een these mo dels and the purely statistical do wnscaling

pro cedure based on autoregressiv e logistic regression (using neigh b ourho o d

e�ects) and the Ba y es theorem. The follo wing text is largely based on the

studies cited ab o v e.

The metho dolog y w as based on an in terpretatio n of the four mark er sto-

rylines (A1, A2, B1 and B2) of the IPCC sp ecial rep ort on emission scenarios

(SRES, Nakiceno vic et al., 2000). Eac h storyline describ es di�eren t, so cio-

economic dev elopmen t path w a ys in terms of demographic , so cial, economic,

tec hnologic a l and en vironmen tal driv ers. The scenario logic is based on a

matrix approac h (see Figure A.1). Within this matrix, the v ertical axis

represen ts a distinction b et w een more economical l y (A) and more en viron-

men tally and equit y (B) orien tated futures. The horizon tal axis represen ts

the range b et w een more globally (1) and more regionally orien tated dev el-

opmen ts (2) (Rounsev ell et al., 2006b).

153
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Figure A.1: The SRES matrix: four mark er storylines (Nakiceno vic et al.,

2000)

Therefore, the A1

1

storyline describ es a future w orld of v ery rapid eco-

nomic gro wth and con v ergence b et w een region. The A2 storyline describ es

describ es a v ery heterogeneo u s w orld. The underlying theme is self-reliance

and the preserv ation of lo cal iden tities. Economic dev elopmen t is primarily

regionally orien ted. The B1 storyline describ es a con v ergen t w orld with an

emphasis on global solutions to economic, so cial, and en vironmen tal sustain-

abilit y , including impro v ed equit y . Con v ersely , the B2 storyline describ es

a w orld in whic h the emphasis is on lo cal (regional) solutions to economic,

so cial, and en vironmen tal sustainabilit y (Reginster and Rounsev ell, 2005).

As stated b efore, quan titativ e assessmen ts w ere made of the total area

requiremen t of eac h land use t yp e (p er coun try or NUTS2 region), as a

1

The A1 mark er scenario w as further devided b y SRES in to 3 scenarios according to

the energy use strategy . A TEAM used the A1FI v arian t, where FI indicates F ossil fuel

In tensiv e
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function of c hanges in the relev an t driv ers for eac h scenario; and scenario

sp eci�c spatial allo cation rules w ere used to lo cate the land use quan tities

in geographic space across Europ e (i.e. for eac h A TEAM 10' resolution grid

cell) (Rounsev ell et al., 2006b).

PELCO M (Müc her et al., 2000) w as selected as the main source of in-

formation for the baseline land use due to its complete spatial co v erage of

the EU15, Norw a y and Switzerland , and b ecause of the homogeneit y of the

metho dolog y used for land co v er classi�cation (Reginster and Rounsev ell,

2005). Aggregation of PELCO M w as undertak en to obtain the p ercen tage

of eac h land use class within eac h of the A TEAM grid cells (10' X 10').

A t an y one lo cation, one land use will ha v e either a ph ysical, economic

or p olitical adv an tage o v er other land uses and will, therefore, b e more lik ely

to b e selected b y a land user. When constructing the LUC scenarios, there-

fore, accoun t w as tak en of the comp etition for geographic space b et w een the

di�eren t land uses. This w as based on a simple land use comp etition hierar-

c h y: Protected areas > urban > cropland > grassland > bio energy crops >

commercial forest land > not activ ely managed (Rounsev ell et al., 2006b).

A.1 Assessmen t of urban land use

The theoretical principles of urban econom y w ere form ulated in to an urban

land use mo del and this w as used for the dev elopmen t of the urban land use

scenarios (see Reginster and Rounsev ell, 2005). The mo del included a de-

mand mo dule and a spatial allo cation mo dule. The t w o main driving forces

for the urban demand w ere assumed to b e: (a) p opulation densit y , re�ecting

demographic trends, and the demand for housing; (b) economic dev elop-

men t, represen ting the degree of activit y , t yp es and in tensit y of activities

and economic dynamism. The mo del w as based on a multiple r e gr ession

using indep endent variables that r e�e ct the key drivers of p opulation and

e c onomic gr owth . The explanatory v ariable, the p ercen tage of urban land

use p er NUTS2, w as estimated from the p ercen tage of the PELCO M urban

land use pixels within eac h NUTS2 region. The c hanging urban demands

w ere then distributed in geographic space using a set of scenario-sp eci�c al-

lo cation rules. The urban demand w as allo cated to the most suitable cells,

i.e. those with the highest urban con v ersion p oten tial. Three explanatory



156 App endix A. The A TEAM Scenarios of Land Use Change

factors w ere used in the dev elopmen t of the p oten tial con v ersion maps: ag-

glomeration or di�usion of urban dev elopmen t, the attractiv eness of cities

according to their size and the dev elopmen t of the transp ort infrastructure.

The rules v aried b et w een scenarios (according to di�erences in the assumed

lev els of planning restrictions), and wer e b ase d on exp ert judgment .

A.2 Assessmen t of agricultural land use includi n g

bio energy crops

Ew ert et al. (2005a) and Rounsev ell et al. (2005) giv e a detailed descrip-

tion of the dev elopmen t of the agricultural land use scenarios, but a brief

summary follo ws. The driv ers of agricultural land use c hange can b e sum-

marised as w orld supply and demand trends, mark et in terv en tion (through

agricultural p olicy), rural dev elopmen t p olicy , en vironmen tal p olicy , EU en-

largemen t, resource comp etition (e.g. urbanisation, recreation, bio energy

crops), the role of the W orld T rade Organisation (WTO) and climate c hange

through its e�ect on crop pro ductivit y (Rounsev ell et al., 2005). Scenarios

of c hanges in agricultural areas for cropland, grassland and bio energy crops

w ere estimated for eac h of the scenarios using a com bination of a simple

supply-demand mo del at the Eur op e an sc ale and scenario-sp eci�c spatial al-

lo cation rules. Figures for the demand of agricultural go o ds w ere deriv ed

from the IMA GE mo del and pro ductivit y c hanges w ere estimated as a func-

tion of climate c hange, CO2 and tec hnology (Ew ert et al., 2005a). The exp ert

judgment b ase d spatial allo cation rules w ere implemen ted b y taking accoun t

of p olicy and economic assumptions within the scenarios. Bio energy crops

w ere allo cated after su�cien t land had b een allo cated to fo o d pro duction.

A.3 Assessmen t of forest land

It w as assumed that the trends in forestry and forests of to da y w ould con-

tin ue in to the future un til 2020. The c hanged circumstances describ ed in the

storylines w ere tak en in to considerations from 2020. F orest p olicy is strongly

national and sub-national in c haracter (Kank aanpää and Carter, 2005), in

con trast to the dominance of EU p olicy for agriculture. F or the reason, it

w as assumed that c hanges in forest land will b e di�eren t in di�eren t regions
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of Europ e and v ary through time. P ercen tage c hanges in forest land area,

and the lo cation of these forest lands w ere estimated from an in terpretatio n

of trends rep orted in the literature (whic h determined pro jections to 2020)

and the IMA GE forest pro duct demand �gures (in�uencing longer-term sce-

narios). This w as undertak en for coun try groups with similar c haracteristics

in terms of forest p olicy and the role of forests. F orests that do not o ccur

within desginated (protection) areas w ere considered to b e at the lo w est lev el

of the land use comp etition hierarc h y and so, the change in for est land ar-

e as wer e only c onsider e d up to the available land ar e a within e ach grid c el l

(Rounsev ell et al., 2006b).

A.4 Assessmen t of protected areas

The protected area metho dology allo w ed an assessmen t to b e made of the

alternativ e (m ulti-function a l ) use of land for b oth conserv ation and recre-

ational goals. Protected areas are a designation rather than a land use t yp e

b ecause most protected areas enclose agricultural , forest and semi-natural

landscap es. Th us, protected areas w ere ev aluated after the principal land-

based so cio-economi c activities w ere accoun ted for, as p ost-pro cessing exer-

cise (Rounsev ell et al., 2006b).

A.5 Results: trends arising from the scenario as-

sumptions

The general, quan titativ e trends are summarized in Figure A.2 for the four

SRES scenarios in 2080. A comparison of the direction of land use c hange

for the di�eren t scenarios and land use t yp es sho ws that agricultural land

uses decrease in all scenarios, whereas urban and forest land alw a ys increase.

The c hanges are generally the greatest in the A1FI scenario and the least in

the B1 scenario. Amongst the di�eren t land use t yp es, agricultural land uses

consisten tly c hange b y the largest amoun t across all scenarios. The result

of the large reduction in cropland and grassland is that little comp etition

exists b et w een land use t yp es and so, large areas of surplus land o ccur that

are not tak en up b y other land use t yp es. The c hanges in urban areas are

relativ ely small. These c hanges are, ho w ev er, imp ortan t at the lo cal scale
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around existing urban cen tres and the spatial patterns of urbanisation are

v ery di�eren t b et w een the scenarios (Rounsev ell et al., 2006b).

Figure A.2: Aggregated land use c hange trends in 2080 for Europ e for the

A1FI, A2, B1 and B2 (HadCM3) scenarios (the y-axis represen ts the ab-

solute area as a p ercen tage of the total Europ ean land area; adapted from

Rounsev ell et al. (2006b)

A.6 Concluding remarks

The A TEAM land use scenarios w ere dev elop ed to explore p ossible futures

that encompass a range of uncertain tie s in en vironmen tal c hange dev elop-

men t path w a ys. Some outcomes, ho w ev er, w ere found to b e common across

the range of scenarios considered (Rounsev ell et al., 2006b). The regional

land use demands w ere estimated using a range of simple mo dels and these

demands w ere allo cated to eac h 10' grid cell using a set of exp ert-judg me nt

b ase d rules and a land use hierarc h y . These allo cation pro cedures are di�er-

en t from the spatial-statistical based allo cation pro cedure dev elop ed in this

thesis and that w as used to do wnscale the scenarios to a �ner resolution.
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Reclassi �ca t i o n of P an-Europ ean

Land Co v er Databases

In this annex, the thematic generalizati o n s of P elcom and Corine are pre-

sen ted. Only the land co v er classes that are presen t within the study regions

of concern (i.e. Belgium and Luxem burg) are men tioned in the tables.

B.1 Reclassi�cation of P elcom (c hapter 3)

PELCOM Co de PELCOM Lab el Reclass Co de Reclass Lab el

1 Coniferous forest 4 F orest

2 Decideous forest 4 F orest

3 Mixed forest 4 F orest

22 Cultiv ated grassla nd 3 Grassland

31 Non-irrigated arable land 2 Cropland

90 W ater b o dies 5 Others

100 Urban areas 1 Urban

159
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B.2 Reclassi�cation of Corine (c hapters 4 to 6)

CORINE Co de CORINE Lab el Reclass Co de Reclass Lab el

1 Con tin uous urban fabric 1 Urban

2 Discon tin uous urban fabric 1 Urban

3 Industrial or commercial units 1 Urban

4 Road and rail net w orks and asso ciated land 1 Urban

5 P ort areas 1 Urban

6 Airp orts 1 Urban

7 Mineral extrac t ion sites 1 Urban

8 Dump sites 1 Urban

9 Construct ion sites 1 Urban

10 Green urban areas 1 Urban

11 P ort and leisure facilities 1 Urban

12 Non-irrigated arable land 2 Cropland

13 P ermanen tly irrigated land 2 Cropland

18 P astures 3 Grassland

20 Complex cultiv ation patter n s 2 Cropland

a

21 Land principally o ccupied b y agriculture 2 Cropland

b

23 Broad-lea v ed forest 4 F orest

24 Coniferous forest 4 F orest

25 Mixed forest 4 F orest

26 Natural grasslands 3 Grassland

27 Mo ors and heathland 5 Others

29 T ransitional w o o dland-shrub 4 F orest

30 Beac hes, dunes, sands 5 Others

35 Inland marshes 5 Others

36 P eat b ogs 5 Others

37 Salt marshes 5 Others

39 In tert idal �ats 5 Others

40 W ater courses 5 Others

41 W ater b o dies 5 Others

43 Estuaries 5 Others

44 Sea and o cean 5 Others

a

In c hapter 5, this class w as reclassi�ed as grassland instead of cropland in Thematic Genera liza-

tions 2 and 3

b

In c hapter 5, this class w as reclassi�ed as grassland instead of cropland in Thematic Genera l-

ization 2



Bibliograph y

Alonso, W. (1964). L o c ation and L and Use: T owar ds a Gener al The ory of

L and R ent . Ho w ard Univ ersit y Press, Cam bridge.

Anderson, S., de P alma, A., and Thisse, J. (1992). Discr ete choic e the ory of

Pr o duct di�er entiation . MIT Press, Cam bridge.

Anselin, L. (2002). Under the ho o d. issues in the sp eci�cation of spatial

regression mo dels. A gricultur al Ec onomics. , 27:247�267.

Anselin, L. and Kelejian, H. (1997). T esting for spatial error auto correlat i o n

in the presence of endogenous regressors. International R e gional Scienc e

R eview , 20:153�182.

Arai, T. and Akiy ama, T. (2004). Empirical analysis for estimating land

use transition p oten tial functions - case in the T oky o metrop olita n region.

Computers, Envir onment and Urb an Systems , 28:65�84.

A tkinson, P ., Cutler, M., and Lewis, H. (1997). Mapping sub-pixel prop or-

tional land co v er with a vhrr imagery . International Journal of R emote

Sensing , 18(4):917�93 5 .

Audsley , E., P earn, K., Simota, C., Co jo caru, G., K outsidou, E., Rounsev ell,

M., T rnk a, M., and Alexandro v, V. (2006). What can scenario mo delling

tell us ab out future Europ ean scale agricultural land use, and what not?

Envir onmental Scienc e and Policy , 9:148�162.

Augustin, N., Cummins, R., and F renc h, D. (2001). Exploring spatial v eg-

etation dynamics using logistic regression and a m ultinomial logit mo del.

Journal of applie d e c olo gy , 38:991�1006 .

161



162 BIBLIOGRAPHY

Bakk er, M., Go v ers, G., K osmas, C., V anac k er, V., v an Oost, K., and Roun-

sev ell, M. (2005). Soil erosion as a driv er of land-use c hange. A gricultur e,

Ec osystems and Envir onment , 105:467�481 .

Barancik o v a, G., v an W esemael, B., Lettens, S., and Dendonc k er, N. (2006).

An estimation of organic carb on sto c k in Belgian agricultural land fol-

lo wing land managemen t and climate c hange. Soil Use and Management ,

submitted.

Barredo, J., Kasank o, M., McCormic k, N., and La v alle, C. (2002). Mo delling

dynamic spatial pro cesses: sim ulation of urban future scenarios through

cellular automata. L andsc ap e and Urb an Planning , 981:1�16.

Batjes, N. (1999). Managemen t options for reducing co2-concen t r a t i o n s in

the atmosphere b y increasing carb on sequestration in the soil. T ec hnical

Rep ort 410-200-031 , In ternational Soil reference and Information Cen tre,

W ageningen.

Batt y , M. and Xie, Y. (1994). F rom cells to cities. Envir onment and Planning

B , 21:31�48.

Beguin, H. (1979). Métho des d'analyse gé o gr aphiqu e quantitative . LITEC,

P aris.

Ben-Akiv a, M. and Lerman, S. (1985). Discr ete choic e analysis: the ory and

applic ations to tr avel demand . Cam bridge, MA.

Berry , P ., Rounsev ell, M., Harrison, P ., and Audsley , E. (2006). Assessing

the vulnerabilit y of agricultural land use and sp ecies to climate c hange

and the role of p olicy in facilitating adaptation. Envir onmental Scienc e

and Policy , 9:189�204.

Bhat, C. and Guo, J. (2003). A mixed spatially correlated logit mo del:

form ulation and application to residen tial c hoice mo delling. In IA TBR

c onfer enc e , Lucerne, Switzerland.

Bierk ens, M. and Burrough, P . (1993a). The indicator approac h to categor-

ical soil data. i. theory . Journal of Soil Scienc e , 44:361�368.

Bierk ens, M. and Burrough, P . (1993b). The indicator approac h to categor-

ical soil data. ii. application to mapping and land use suitabilit y analysis.

Journal of Soil Scienc e , 44:369�381.



BIBLIOGRAPHY 163

Blasc hk e, T. (2006). The role of the spatial dimension within the frame-

w ork of sustainable landscap es and natural capital. L andsc ap e and Urb an

Planning , 75:198�226.

Bo c kstael, N. and Irwin, E. (2000). Economics and the land use-en vironmen t

link. In Tieten b erg, T., F.-H., editor, International Y e arb o ok of Envir on-

mental and R esour c e Ec onomics, 2000/2001. Edw ard Edgar, Cheltenhan,

UK.

Bogaert, P . (2002). Spatial prediction of categorical v ariables: the Ba y esian

Maxim um En trop y approac h. Sto chastic envir onmental r ese ar ch and risk

assessment , 16:425�448.

Borsb o om-v an Beurden, J., de Regt, W., and Sc hotten, K. (2002). Land use

scanner: the con tin uous cycle of application, ev aluation and impro v emen t

in land-use mo delling. In 42nd c ongr ess of the Eur op e an R e gional Scienc e

Asso ciation , page 18pp., Dortm und, German y .

Bourenanne, H., Salv ador-Blanes, S., Corn u, S., and King, D. (2003). Scale

of spatial dep endence b et w een c hemic hal prop erties of topsoil and subsoil

o v er a geologically con trasted area (Massif Cen tral, F rance. Ge o derma ,

112:235�251 .

Bürgi, M., Hersp erger, A., and Sc hneeb erge r , N. (2004). Driving forces of

landscap e c hange - curren t and new directions. L andsc ap e e c olo gy , 19:857�

868.

Briassoulis, H. (2000). Analysis of land use c hange: theoretical and mo deling

approac hes. In Lo v eridge, S., editor, The web b o ok of r e gional scienc e . W est

Virginia Univ ersit y , Morgan to wn.

Brunsdon, C., F otheringham , A., and Charlton, M. (1996). Geographicall y

W eigh ted Regression: a metho d for exploring spatial nonstationnarit y .

Ge o gr aphic al A nalysis , 28:281�298.

Busc h, G. (2006). F uture Europ ean agricultural landscap es - What can w e

learn from existing land use scenario studies? A gricultur e, Ec osystems

and Envir onment , 114:121�140 .

Candau, J., Rasm ussen, S., and Clark e, K. (2000). A coupled cellular au-

tomaton mo del for land use/land co v er dynamics. In 4th International



164 BIBLIOGRAPHY

Confer enc e on Inte gr ating GIS and Envir onmental Mo deling (GIS/EM4):

Pr oblems, Pr osp e cts and R ese ar ch Ne e ds , Ban�, Alb erta, Canada.

Caruso, G., Rounsev ell, M., and Co jo caru, G. (2005). Exploring a spatio-

dynamic neigh b ourho o d - b a sed mo del of residen tial b eha viour in the Brus-

sels p eriurban area. International Journal of Ge o gr aphic al Information

Scienc e , 19(2):102�12 3 .

Christak os, G. (1990). A ba y esian maxim um en trop y view to the spatial

estimation problem. Mathematic al Ge olo gy , 22:763�777.

Christak os, G. (2000). Mo dern Sp atiotemp or al Ge ostatistics . Oxford Univ er-

sit y Press, New Y ork.

Christak os, G., Bogaert, P ., and Serre, M. (2001). T emp or al GIS: A dvanc e d

functions for �eld-b ase d applic ations . Springer-V erlag , New Y ork.

Cli�, A. and Ord, J. (1973). Sp atial auto c orr elation . Pion, London.

Cohen, J. (1960). A co e�cien t of agreemen t for nominal scales. Educ ational

and psycholo gic al me asur ement , 20:37�46.

Coleman, K., Jenkinson, D., Cro c k er, G., Grace, P ., Klir, J., K orsc hens,

M., P oulton, P ., and Ric h ter, D. (1997). Sim ulating trends in soil organic

carb on in long-term exp erimen ts using RothC-26.3. Ge o derma , 81:29�44.

Commission, E. (1993). Corine land co v er map and tec hnical guide. T ec hnical

rep ort, Europ ean Union Directorate General En vironmen t (Nuclear Safet y

and Civil Protection ) .

Congalton, R. (1997). Exploring and ev aluating the consequences of v ector-

to-raster and raster-to-v ector con v ersion. photo gr ammetric engine ering

and r emote sensing , 63(4):425�4 3 4 .

Couclelis, H. (1997). F rom cellular automata to urban mo dels: new principles

for mo del dev elopmen t and implemen ta t i o n . Envir onment and Planning

B , 24:165�174.

Cramer, J. (1991). The lo git mo del: an intr o duction for e c onomists . London,

arnold edition.

Cressie, N. (1991). Statistics for sp atial data . New Y ork, wiley edition.



BIBLIOGRAPHY 165

De Bruin, S., De Wit, A., and V an Oort, P . (2004). Using quadtree segmen-

tation to supp ort error mo delling in categorical raster data. International

Journal of Ge o gr aphic al Information Scienc e , 18(2).

De Clercq, E. and De W ulf, R. (2004a). Landscap e indices for comparison

of spatial forest patterns in di�eren t geographica l regions. In 12th Inter-

national Confer enc e on Ge oinformatics , Univ ersit y of Gä vle, Sw eden.

De K oning, G., V eldk amp, A., and F resco, L. (1998). Land use in ecuador: a

statistical analysis at di�eren t aggregation lev els. A gricultur e , e c osystems

and envir onment , 70:231�247.

de la V ega-Leinert, A. and Sc hröter, D. (2004). The 3rd A TEAM stak eholder

dialogue w orkshop. vulnerabilit y of Europ ean sectors to global c hanges.

T ec hnical rep ort, PIK-P otsdam.

del Barrio, G., Harrison, P ., Berry , P ., Butt, N., Sanjuan, M., P earson, R.,

and Da wson, T. (2006). In tegrating m ultiple mo delling approac hes to pre-

dict the p oten tial impacts of climate c hange on sp ecies' distributions in

con trasting regions: comparison and implication s for p olicy . Envir onmen-

tal Scienc e and Policy , 9:93�100.

Dendonc k er, N., Bogaert, P ., and Rounsev ell, M. (2005). A spatial logistic

regression mo del to analyse land use distribution in b elgium. Computers,

Envir onment and Urb an Systems , submitted.

Dendonc k er, N., Bogaert, P ., and Rounsev ell, M. (2006). A statistical

metho dolog y to do wnscale aggregated land use data and scenarios. Journal

of L and Use Scienc e , In review.

DGXI I-D, E. C. (2000). P elcom: Dev elopmen t of a consisten t metho dolog y

to deriv e land co v er information on a europ ean scale from remote sensing

for en vironmen tal mo delling; �nal rep ort. T ec hnical rep ort, Editor Müc her

C.A.

D'Or, D. and Bogaert, P . (2004). Spatial prediction of categorical v ariables

with the ba y esian maxim um en trop y approac h: the o o yp older case study .

Eur op e an Journal of Soil Scienc e , 55(763-775) : 7 6 3 � 7 7 5 .

Eic khout, B., v an Meijl, H., and T ab eau, A. (2006). Economic and ecological

consequences of four Europ ean land-use scenarios. L and use p olicy , In

press.



166 BIBLIOGRAPHY

Engelen, G., White, R., Uljee, I., and Drazan, P . (1995). Using cellular

automata for in tegrated mo delling of so cio-en vironmen t a l systems. Envi-

r onmental monitoring and assessment , 34:203�214.

Engelen, G., W. R. d. N. A. (2002). En vironmen t explorer: spatial supp ort

system for the in tegrated assessmen t of so cio-economi c and en vironmen tal

p olicies in the netherlands. In 1st Biennal Confer enc e of the International

envir onmental mo del ling and softwar e so ciety , Lugano.

Engelen, G., W. R. d. N. A. (2003). En vironmen t explorer: a spatial supp ort

system for the in tegrated assessmen t of so cio-economi c and en vironmen tal

p olicies in the netherlands. Inte gr ate d assessment , 4(2):97�105.

Ew ert, F., Rounsev ell, M., Reginster, I., Metzger, M., and Leemans, R.

(2005a). F uture scenarios of europ ean agricultural land use. i: Estimating

c hanges in crop pro ductivit y . A gricultur e , Ec osystems and Envir onment ,

107(2-3):101 � 1 1 6 .

Ew ert, F., Rounsev ell, M., Reginster, I., Metzger, M., and Leemans, R.

(2005b). T ec hnology dev elopmen t and climate c hange as driv ers of future

agricultural land use. In McCarl, F. B. and Bruce, editors, R ur al lands,

agricultur e and climate b ewond 2015: Usage and management r esp onses .

Klu w er academics.

F allo on, P ., Smith, P ., and Marshall, S. (1998a). Estimating the size of the in-

ert organic matter p o ol from total soil organic carb on con ten t for use in the

rothamsted carb on mo del. Soil Biolo gy and Bio chemistry , 30(8/9):120 7 �

1211.

F allo on, P ., Smith, P ., Smith, J., Szab o, J., Coleman, K., and Marshall, S.

(1998b). Regional estimates of carb on sequestration p oten tial: linking the

Rothamsted carb on mo del to GIS databases. Biolo gy and F ertility of Soils ,

27:236�241.

F ang, S., George, G., W ang, G., and Anderson, A. (2006). The impact of

misclassi�cation in land use maps in the prediction of landscap e dynamics.

L andsc ap e e c olo gy , 21(2):233�2 4 2 .

Fien b erg, S. (1970). An iterativ e pro cedure for estimation in con tingency

tables. The annals of mathematic al statistics , 41(3):907�9 1 7 .



BIBLIOGRAPHY 167

Flahaut, B. (2004). Impact of infrastructure and lo cal en vironmen t on road

insecurit y . logistic mo deling with spatial auto correlat i o n . A c cident A naly-

sis and Pr evention , 36(6):1055� 1 0 6 6 .

Fleming, M. (2004). T ec hniques for estimating spatially dep enden t discrete

c hoice mo dels. In Anselin, L., Florax, R., and Rey , S., editors, A dvanc es

in Sp atial Ec onometrics. Metho dolo gy, to ols and applic ations. Springer,

Berlin.

F rankinet, M., Raimond, Y., Destain, J., Roisin, C., and Grevy , L. (1993).

Organic matter managemen t and calcic amendmen ts in order to main tain

or impro v e soil fertilit y . In P aoletti, P ., W., F., and Coleman, D., editors,

Soil biota, nutrient cycling and farming systems , pages 27�39. Lewis, Bo ca

Raton.

F reibauer, A., Rounsev ell, M., Smith, P ., and V erhagen, J. (2004). Carb on

sequestration in the agricultural soils of Europ e. Ge o derma , 122:1�23.

F rohn, R. and Hao, Y. (2006). Landscap e metric p erformance in analyzing

t w o decades of deforestation in the Amazon Basin of Rondonia, Brazil.

R emote Sensing of Envir onment , 100:237�251 .

Gauthier, G., Giroux, J., Reed, A., Brec het, A., and Belanger, L. (2005).

In teractions b et w een land use, habitat use, and p opulation increase in

greater sno w geese: what are the consequences for natural w etlands?

Glob al Change Biolo gy , 11(6):856�8 6 8 .

Geogheghan, J., Pritc hard, J., Ognev a-Himmelb e r g e r , Y., Cho wdh ury ., R.,

Sanderson, S., and T urner I I, B. (1998). 'so cializing the pixel' and 'pix-

elizing the so cial'. In Liv erman, D., M. E. R. R. P . S. E., editor, Pe ople

and pixels: linking r emote sensing and so cial scienc e . National academ y

press, W ashington.

Gibson, C., Ostrom, E., and Anh, T. (2000). The concept of scale and

the h uman dimensions of global c hange: a surv ey . Ec olo gic al Ec onomics ,

32:217�239.

Giupp oni, C., Coletto, D., del Barrio, G., F on tana, P ., and Ramanzin, M.

(2006a). Bioindicators and agricultural land use c hange in the Belluno

pro vince Italy . Envir onmental Scienc e and Policy , 9:93�100.



168 BIBLIOGRAPHY

Giupp oni, C., Ramanzin, M., Sturaro, E., and Simonetta, F. (2006b). Cli-

mate and land use c hanges, bio div ersit y and agri-en vironme n t a l measures

in the b elluno pro vince, italy . Envir onmental Scienc e and Policy , 9:163�

173.

Goldewijk, K. (2001). Estimating global land use c hange o v er the past 300

y ears: the h yde database. Glob al Bio ge o che mic al Cycles , 15(2):417�4 3 3 .

Gonzales, J., P alahi, M., and Pukk ala, T. (2005). In tegrating �re risk con-

sideration in forest managemen t planning in spain. L andsc ap e e c olo gy ,

20(7):871�8 8 8 .

Go o v aerts, P . (1997). Ge ostatistics for natur al r esour c es evaluation . New

Y ork.

Grünzw eig, J., Sparro w, S., Y akir, D., and Chapin, S. (2004). Impact of

agricultural land use c hange on carb on storage in Boreal Alask a. Glob al

Change Biolo gy , 10(4):452�4 7 2 .

Guan, Q., W ang, L., and Clark e, K. (2005). An arti�cial-ne u r a l - n e t w o r k-

based, constrained ca mo del for sim ulating urban gro wth. Carto gr aphy

and ge o gr aphic information so ciety , 32(4):369�38 0 .

Gujarati, D. (2003). Basic Ec onometrics . New Y ork, 4rth ed. edition.

Gulink, H., Mugica, M., de Lucio, J.-V., and A tauri, J.-A. (2001). A frame-

w ork for comparativ e landscap e analysis and ev aluation based on land

co v er data, with an application in the Madrid region (Spain). L andsc ap e

and Urb an Planning , 55:257�270.

Guo, L. and Gi�ord, R. (2002). Soil carb on sto c ks and land use c hange: a

meta analysis. Glob al Change Biolo gy , 8:345�360.

Hagen, A. (2002). Map comparison - metho ds. T ec hnical rep ort, RIKS,

Maastric h t, the Netherlands.

Harrison, P ., Berry , P ., Butt, N., and New, M. (2006). Mo delling climate

c hange impacts on sp ecies' distributions at the Europ ean scale: implica-

tions for conserv ation p olicy . Envir onmental Scienc e and Policy , 9:116�

128.



BIBLIOGRAPHY 169

Hägerstrand, T. (1968). Innovation Di�usion as a Sp atial Pr o c ess . Univ ersit y

press, Chicago.

Hilferink, M. and Rietv eld, P . (1998). Land use scanner: an in tegrated gis

based mo del for long term pro jections of land use in urban and rural areas.

T ec hnical rep ort, Tin b ergen Institute.

Hosmer, D. and Lemesho w, S. (2000). Applie d lo gistic r e gr ession . Wiley and

Sons, New Y ork.

Hough ton, R., Hac kler, J., and La wrence, K. (1999). the US carb on budget:

con tribution s from land use c hange. Scienc e , 285(574-578 ) .

Ho wit, R. and Reynaud, A. (2003). Spatial disaggregation of agricultural

pro duction data using maxim um en trop y . Eur op e an r eview of agricultur al

e c onomics , 3(1):359�38 7 .

IPCC (2000). Summary for p olicy mak ers: Emissions Scenarios. T ec hnical

rep ort, WMO-UNEP .

Irwin, E. and Geogheghan, J. (2001). Theory , data, metho ds: Dev eloping

spatially explicit economic mo dels of land use c hange. A gricultur e, Ec osys-

tems and Envir onment , 85:7�23.

Jeanneret, P ., Sc h üpbac h, B., and Luk a, H. (2003). Quan tifying the impact

of landscap e and habitat features on bio div ersit y in cultiv ated landscap es.

A gricultur e, Ec osystems and Envir onment , 98:311�320.

Jo, H. (2002). Impacts of urban greenspace on o�setting carb on emissions

for middle K orea. Journal of Envir onmental Management , 64:112�126.

Jones, B., Hiederer, R., Rusco, E., and Mon tanarella, L. (2005). Estimating

organic carb on in the soils of europ e for p olicy supp ort. Eur op e an Journal

of Soil Scienc e , 56(5):655�6 7 1 .

Journel, A. (1983). Non-parametric estimation of spatial distributions. Math-

ematic al Ge olo gy , 15:445�468.

Kaimo witz, D. and Angelsen, A. (1998). Economic mo dels of tropical de-

forestation - a review. T ec hnical rep ort, Cen tre for in ternationa l forestry

researc h.



170 BIBLIOGRAPHY

Kank aanpää, S. and Carter, T. (2005). Construction of europ ean forest

land use scenarios for the 21st cen tury . T ec hnical rep ort, The Finnish

en vironmen t institute.

Kasetk asem, T., Arora, M., and V arshney , P . (2005). Sup er-resolutio n land

co v er mapping using a Mark o v random �eld based approac h. R emote

Sensing of Envir onment , 96:302�314.

Kerr, S., Liu, S., Pfa�, A., and Hughes, R. (2003). Carb on dynamics and

land use c hoices: building a regional-scale m ultidisciplina r y mo del. journal

of Envir onmental Management , 69:23�57.

Kim, K. and P auleit, S. (2006). Landscap e c haracter, bio div ersit y and land

use planning: The case of K w ang ju Cit y Region, South KOREA. L and

use p olicy , In press.

Kirsc h baum, M., Sc hlamading e r , B., Cannell, M., Ham burg, S., Karjalainen,

T., Kurz, W., Prisley , S., Sc h ulze, E., and Singh, T. (2001). A generalised

approac h of accoun ting for biospheric carb on sto c k c hanges under the Ky-

oto proto col. Envir onmental Scienc e and Policy , 4:73�85.

Kitam ura, T., Kagatsume, M., Hoshino, S., and Morita, H. (1997). A the-

oretical consideration on the land use c hange mo del for the japan case

study area. T ec hnical Rep ort In terim Rep ort, IR-97-064, I IASA.

K o omen, E., Kuhlman, T., Gro en, J., and Bou wman, A. (2005). Sim ulating

the future of agricultural land use in the netherlands. Tijdschrift vo or

Ec onomische en So ciale Ge o gr a�e , 96(2):218�2 2 4 .

Krugman, P . (1991). Increasing returns and economic geograph y . The journal

of p olitic al e c onomy , 99(3):483�4 9 9 .

Lam bin, E. (1997). Mo delling and monitoring land-co v er c hange pro cesses

in tropical regions. Pr o gr ess in Physic al Ge o gr aphy , 21:375�393.

Lam bin, E., Rounsev ell, M., and Geist, H. (2000). Are agricultural land-

use mo dels able to predict c hanges in land-use in tensit y? A gricultur e,

Ec osystems and Envir onment , 82:321�331.

Lam bin, E., T urner, B. I., Geist, H., Agb ola, S., Angelsen, A., Bruce, J.,

Co omes, O., Dirzo, R., Fisc her, G., F olk e, C., George, P ., Homew o o d,



BIBLIOGRAPHY 171

K., Im b ernon, J., Leemans, R., Li, X., Moran, E., Mortimore, M., Ra-

makrishnan, P ., Ric hards, J., Sk ånes, H., Ste�en, W., Stone, G., Sv edin,

U., V eldk amp, T., V ogel, C., and Xu, J. (2001). The causes of land-use

and land-co v er c hange: mo ving b ey ond the m yths. Glob al Envir onmental

Change , 11:261�269.

Lausc h, A. and Herzog, F. (2002). Applicabilit y of landscap e metrics for

the monitoring of landscap e c hange: issue of scale, resolution and in ter-

pretabilit y . Ec olo gic al Indic ators , 2:3 � 15.

Lem b o, A., Levy , M., Lok a, M., and Bo v ey e, P . (2006). Use of spatial SQL to

assess the practical signi�cance of the maup. Computers and Ge oscienc es ,

32(2):270�2 7 4 .

LeSage, J. (2004). A family of geographica l l y w eigh ted regression mo dels.

In Anselin, L. Florax, R. and Rey , S., editors, A dvanc es in sp atial e c ono-

metrics . Springer, Berlin.

Lettens, S., V an Orsho v en, J., v an W esemael, B., Muys, B., and P errin, D.

(2005). Soil organic carb on c hanges in landscap e units of b elgium b et w een

1960 and 2000 with reference to 1990. Glob al Change Biolo gy , 11:2128�

2140.

Lettens, S., V an Orsho v en, J., v an W esemael, B., P errin, D., and Ro elandt,

C. (2004). The in v en tory-based approac h for prediction of so c c hange

follo wing land use c hange. Biote chnolo gy, A gr onomy, So ciety and Envi-

r onment , 8(2):141�146 .

Levy , P ., F riend, A., White, A., and Cannell, M. (2004). The in�uence of

land use c hange on global scale �uxes of carb on from terrestrial ecosystems.

Climate Change , 67(2-3):185� 2 0 9 .

Li, W. and W u, J. (2004). Use and misuse of landscap e indices. L andsc ap e

e c olo gy , 19:388�399.

Li, X., He, H., Bu, R., W en, Q., Chang, Y., Hu, Y., and Li, Y. (2005). The

adequacy of di�eren t landscap e metrics for v arious landscap e patterns.

Pattern R e c o gnition , 38:2626�263 8 .

Maddala, G. (2001). Intr o duction to e c onometrics, thir d e dition. John Wiley

and Sons, Chic hester.



172 BIBLIOGRAPHY

Makse, H., Andrade, J., Batt y , M., Ha vlin, S., and Stanley , H. (1998). Mo d-

eling urban gro wth patterns with correlated p ercolation. Physic al R eview

E , 58(6):7054�7 0 6 2 .

Marec hal, R. and Ameryc kx, J. (1992). Les sols. In comm unal, C., editor,

Gé o gr aphie de la Belgique . Crédit comm unal, Bruxelles.

McGarigal, K. and Marks, B. (1995). F ragstat: spatial pattern analysis

program for quan tifying landscap e structure. T ec hnical Rep ort General

T ec hnical Rep ort. PNW-GTR-351, U.S. Departmen t of Agriculture, F orest

Service, P aci�c North w est Researc h Station.

Müc her, C., Steinno c her , K., Kressler, F., and Heunks, C. (2000). Land

co v er c haracteriza t i o n and c hange detection for en vironmen tal monitoring

of pan-Europ e . International Journal of R emote Sensing , 21(6):1159�1 1 8 1 .

McMillen, D. (2001). An empirical mo del of urban fringe land use. L and

e c onomics , 65(2):138�1 4 5 .

Menard, S. (1995). Applie d lo gistic r e gr ession analysis , v olume 106 of Quan-

titative applic ations in the so cial scienc es . Sage publications, Thousand

Oaks.

Merenne-Sc hou m a k er , B., V an der Haegen, H., and V an Hec k e, E. (1998).

R e c ensement génér al de la p opulation et des lo gements au 1er mars 1991:

urb anisation . Bruxelles, c heruy , c. edition.

Mertens, B. and Lam bin, E. (1997). Spatial mo delling of deforestation

in southern camero on. spatial disaggregation of div erse deforestation

pro cesses. applie d ge o gr aphy , 17:143�162.

Mertens, B., Sunderlin, W., and Ndo y e, O. (2000). Impact of macro econo m i c

c hange on deforestation in South Camero on: in tegration of household sur-

v ey and remotely sensed data. W orld developme nt , 28:983�999.

Metzger, M., Rounsev ell, M., A costa-Mic hlik, L., Leemans, R., and Sc hröter,

D. (2006). The vulnerabilit y of ecosystem services to land use c hange.

A gricultur e, Ec osystems and Envir onment , 114:69�85.

Miller, E., Kriger, D., and Hun t, J. (1999). T crp w eb do cumen t 9: In tegrated

urban mo dels for sim ulation of transit and land use p olicies: �nal rep ort.



BIBLIOGRAPHY 173

T ec hnical rep ort, Univ ersit y of T oron to Join t Program in T ransp ortation

and DELCAN Corp oration .

Miller, J. and F ranklin, J. (2002). Mo delling the distribution of four v egeta-

tion alliances using generalized linear mo dels and classi�cation tress with

spatial dep endence . Ec olo gic al Mo del ling , 157:227�247 .

Mitc hell, T., Carter, T., Jones, P ., Hulme, M., and New, M. (2004). A

comprehensiv e set of high-resolution grids of mon thly climate for Europ e

and the glob e: the observ ed record (1901-2000) and 16 scenarios (2001-

2100). T yndall cen tre w orking pap er no. 55. T ec hnical rep ort, T yndall

Cen tre, Norwic h, UK.

Mohammadian, A. and Kanaroglou, P . (2003a). Applications of spatial

m ultinomial logit mo del to transp ortation planning. In Moving thr ough

nets: the physic al and so cial dimensions of tr avel. 10th international c on-

fer enc e on tr avel b ehaviour r ese ar ch , Lucerne.

Mohammadian, A. and Kanaroglou, P . (2003b). Applications of spatial

m ultinomial logit mo del to transp ortation planning. In Moving thr ough

nets: the physic al and so cial dimensions of tr avel , Lucerne.

Mo o dy , A. and W o o dco c k, C. (1994). Scale dep enden t errors in the estima-

tion of land co v er prop ortions: implication for global land co v er data sets.

photo gr ammetric engine ering and r emote sensing , 60:585�594.

Morita, H., Hoshino, S., Kagatsume, M., and Mizuno, K. (1997). An applica-

tion of the land use c hange mo del for the japan case study area. T ec hnical

Rep ort I IASA In terim Rep ort IR-97-065, In ternational Institute for Ap-

plied Systems Analysis.

Munro e, D., South w orth, J., and C.M., T. (2001). The dynamics of land-

co v er c hange in W estern Honduras: spatial auto correlat i o n and temp oral

v ariation. A gricultur al e c onomics , 27(3):355�36 9 .

Nagendra, H., Munro e, D., and South w orth, J. (2004). F rom pattern to

pro cess: landscap e fragmen tation and the analysis of land use/ land

co v er c hange. A gricultur e, Ec osystems and Envir onment , 101(sp ecial issue

2):111�115.



174 BIBLIOGRAPHY

Nakiceno vic, N., Alcamo, J., Da vis, G., de V ries, B., F enhann, J., Ga�n, S.,

Gregory , K., Grübler, A., Jung, T., Kram, T., La Ro v ere, E., Mic haelis, L.,

Mori, S., Morita, T., P epp er, W., Pitc her, H., Price, L., Riahi, K., Ro ehrl,

A., Rogner, H.-H., Sank o vski, A., Sc hlesinger, M., Sh ukla, P ., Smith, S.,

Sw art, R., v an Ro oijen, S., Victor, N., and Z., D. (2000). Sp ecial rep ort

on emission scenarios. T ec hnical rep ort, IPCC.

Ob erth ür, T., Go v aerts, P ., and Dob ermann, A. (1999). Mapping soil texture

classes using �eld texturing, particle size distribution and lo cal kno wledge

b y b oth con v en tional and geostatistical metho ds. Eur op e an Journal of Soil

Scienc e , 50:457�479.

Olsen, L., W ashington-Allen, R., and Dale, V. (2005). Time-series analysis

of land co v er using landscap e metrics. GIScienc e and R emote Sensing ,

42(3):200�2 2 3 .

Ov ermars, K., de K oning, G., and V eldk amp, A. (2003). Spatial auto corre-

lation in m ulti-scale land use mo dels. Ec olo gic al Mo del ling , 164:257�270 .

Ov ermars, K. and V erburg, P . (2005). Analysis of land use driv ers at the

w atershed and household lev el: linking t w o paradigms at the Philippine

forest fringe. International Journal of Ge o gr aphic al Information Scienc e ,

19(2):125�1 5 2 .

Ov ermars, K. and V erburg, P . (2006). Multilev el mo delling of land use from

�eld to village lev el in the Philippine s. A gricultur al systems , 89:435�456.

P aez, A., Uc hida, T., and Miy amoto, K. (2002). A general framew ork for

estimation and inference of geographica l l y w eigh ted regression mo dels: 2.

spatial asso ciation and mo del sp eci�cation tests. Envir onment and Plan-

ning A , 34:883�904.

P ark er, D. C., Manson, S., Janssen, M. M., Ho�mann, M. J., and Dead-

man, P . (2003). Multi-agen t systems for the sim ulation of land-use and

land-co v er c hange: A review. A nnals of the Asso ciation of A meric an Ge-

o gr aphers , 93(2):316�34 0 .

P ark er, D. C. and Meretsky , V. (2004). Measuring pattern outcomes in

an agen t-based mo del of edge-e�ect externalities using spatial metrics.

A gricultur e, Ec osystems and Envir onment , 101(2-3):233 � 2 5 0 .



BIBLIOGRAPHY 175

P armesan, C. and Y ohe, G. (2003). A globally coheren t �ngerprin t of climate

c hange impacts across natural systems. Natur e , 421:37�42.

P earson, R. and Da wson, T. (2003). Predicting the impacts of climate c hange

on the distribution of sp ecies: are bio climate en v elop e mo dels useful?

Glob al Ec olo gy and Bio ge o gr aph y , 12:361�371.

P eppler-li sbac h , C. (2003). Predictiv e mo delling of historical and recen t

land-use patterns. Phyto c o enolo gia , 33(4):565�59 0 .

P erz, S. and Sk ole, D. (2003). Secondary forest expansion in the Brazilian

Amazon and the re�nemen t of forest transition theory . So ciety and Natur al

R esour c es , 16:277�294.

P on tius, R. (2000). Quan ti�cati o n error v ersus lo cation error in comparison

of categorical maps. photo gr ammetric engine ering and r emote sensing ,

66(8):1011� 1 0 1 6 .

P on tius, R. and Sc hneider, L. (2000). Land use c hange mo del v alidation b y

a ro c metho d. A gricultur e, Ec osystems and Envir onment , 85:269�280.

P ouy at, R., Gro�man, P ., Y esilonis, I., and Hernandez, L. (2002). Soil carb on

p o ols and �uxes in urban ecosystems. Envir onmental Pol lution , 116:107�

118.

Priess, J., de K oning, G., and V eldk amp, A. (2001). Assessmen t of in terac-

tions b eteen land use c hange and carb on and n utrien t �uxes in Ecuador.

A gricultur e, Ec osystems and Envir onment , 85:269�279.

Reginster, I. and Rounsev ell, M. (2005). F uture scenarios of urban land use

in europ e. Envir onment and Planning B , In press.

Reidsma, P ., T ek elen burg, T., v an den Berg, M., and Alk emade, R. (2006).

Impacts of land-use c hange on bio div ersit y: an assessmen t of agricultural

bio div ersit y in the europ ean union. A gricultur e, Ec osystems and Envir on-

ment , 114:86�102.

Ristaino, J. and Gump ertz, M. (2000). New fron tiers in the study of dis-

p ersal and spatial analysis of epidem ucs caused b y sp ecies in the gen us

ph ytoph thora. A nnual r eview of phytop atholo gy , 38:541�547.



176 BIBLIOGRAPHY

Rounsev ell, M., Annetts, J., Audsley , E., Ma yr, T., and Reginster, I. (2003).

Mo delling the spatial distribution of agricultural land use at the regional

scale. A gricultur e, Ec osystems and Envir onment , 95:465�479.

Rounsev ell, M., Berry , P ., and Harrison, P . (2006a). F uture en vironmen tal

c hange impacts on rural land use and bio div ersit y: a syn thesis of the

A CCELERA TES pro ject. Envir onmental Scienc e and Policy , 9:93�100.

Rounsev ell, M., Ev ans, S., and Bullo c k, P . (1999). Climate c hange and

agricultural soils: impacts and adaptation. Climatic Change , 43:683�709.

Rounsev ell, M., Ew ert, F., Reginster, I., Leemans, R., and Carter, T. (2005).

F uture scenarios of europ ean agricultural land use, ii: Estimating c hange

in cropland and grassland. A gricultur e , Ec osystems and Envir onment ,

107(2-3):117 � 1 3 5 .

Rounsev ell, M., Reginster, I., Araujo, M., Carter, T., Dendonc k er, N., Ew ert,

F., House, J., Kank aanpää, S., Leemans, R., Metzger, M., Sc hmit, C.,

Smith, P ., and T uc k, G. (2006b). A coheren t set of future land use c hange

scenarios for Europ e. A gricultur e, Ec osystems and Envir onment , 114:57�

68.

Ro y aume de Belgique, ministère de l'agricultur e , a. d. s. c. (1958).

L'agricultur e b elge: structur e et situation . Bruxelles.

Sala, O., Chapin, S., Armesto, J., Berlo w, E., Blo om�eld, J., Dirzo, R.,

Hub er-San w ald, E., Huennek e, L., Jac kson, R., Kinzig, A., Leemans, R.,

Lo dge, D., Mo oney , H., Oesterheld, M., P o�, N., Syk es, M., W alk er, B.,

W alk er, M., and W all, D. (2000). Global bio div ersit y scenarios for the

y ear 2100. Scienc e , 287:1770�17 7 4 .

Sc hmit, C. (2006). A nalysing sp atial p atterns and r epr esentations of agricul-

tur al land use data . PhD thesis, Univ ersité Catholique de Louv ain.

Sc hmit, C. and Rounsev ell, M. (2006). Stabilit y of raster land use maps

across di�eren t spatial resolutions. International Journal of GIS , In review.

Sc hmit, C., Rounsev ell, M., and La Jeunesse, I. (2006). The limitations of

spatial land use data in en vironmen tal analysis and p olicy . Envir onmental

Scienc e and Policy , 9(2):174�188 .



BIBLIOGRAPHY 177

Sc hotten, K., Go etgeluk, R., Hilferink, M., and Sc holten, H. (2001). Res-

iden tial construction, land use and the en vironmen t. sim ulations for the

netherland using a gis-based land use mo del. Envir onmental monitoring

and assessment , 6:133�143.

Sc hröter, D., Cramer, W., Leemans, R., Pren tice, C., Arnell, A., Araujo, M.,

Bondeau, A., Bugmann, H., Carter, T., de la V ega-Leinert, A., Erhard,

M., Ew ert, F., F ritsc h, P ., F riedlingstein, P ., Glendining, M., Gracia, C.,

Hic kler, T., House, J., Hulme, M., Kank aanpää, S., Klein, R., La v orel, S.,

Lindner, M., Liski, J., Metzger, M., Mey er, J., Mitc hell, T., Morales, P .,

Reidsma, P ., Pla, E., Pluimers, J., Pussinen, A., Reginster, I., Rounsev-

ell, M., Sanc hez, A., Sabaté, S., Sitc h, S., Smith, B., Smith, J., Smith,

P ., St yk es, M., Thonic k e, K., Th uiller, W., T uc k, G., v an der W erf, G.,

V a yreda, J., W atten bac h, M., Wilson, D., W o o dw ard, F., Zaehle, S., Zierl,

B., Zudin, S., A costa-Mic hlik, L., Moreno, R., Espinera, G., Mohren, F.,

Bakk er, M., and Badec k, F. (2005). Ecosystem service supply and vulner-

abilit y to global c hange in Europ e. Scienc e , 310(5752):1 3 3 3 � 1 3 3 7 .

Serneels, S. and Lam bin, E. (2001). Pro ximate causes of land-use c hange in

narok district, k en y a: a spatial statistical mo del. A gricultur e, Ec osystems

and Envir onment , 85:65�81.

Seto, K. and F ragkias, M. (2005). Quan tifying spatiotemp oral patterns of

urban land use c hange in four cities of China with time series landscap e

metrics. L andsc ap e e c olo gy , 20(7):871�8 8 8 .

Sha w, E. (1994). Hydr olo gy in pr actic e . Chapman and Hall, London.

Smith, J., Smith, P ., W atten bac h, M., Zaehle, S., Hiederer, R., Jones, R.,

Mon tanarella, L., Rounsev ell, M., Reginster, I., and Ew ert, F. (2005a).

Pro jected c hanges in mineral soil carb on of europ ean croplands and grass-

lands, 1990-2080. Glob al Change Biolo gy , 11:2141�215 2 .

Smith, P ., P o wlson, D., Glendining, M., and Smith, J. (1997). P oten tial for

carb on sequestration in europ ean soils: preliminary estimates for �v e sce-

narios using results from long-term exp erimen ts. Glob al Change Biolo gy ,

3:67�79.

Smith, P ., Smith, J., W atten bac h, M., Mey er, J., Lindner, M., Zaehle, S.,

Hiederer, R., Jones, R., Mon tanarella, L., Rounsev ell, M., and Reginster,



178 BIBLIOGRAPHY

I. (2005b). Pro jected c hanges in mineral soil carb on of Europ ean forests,

1990-2100. Canadian Journal of Soil Scienc e , In press.

South w orth, J., Munro e, D., and Nagendra, H. (2004). Land co v er c hange

and landscap e fragmen tation - comparing the utilit y of con tin uous and

discrete analyses for a w estern honduras region. A gricultur e, Ec osystems

and Envir onment , 101:185�205 .

Straatman, B., Hagen, A., P o w er, C., Engelen, G., and White, R. (2001).

The use of cellular automata for spatial mo delling and decision supp ort in

coastal zones and estuaria. T ec hnical rep ort, RIKS rep ort.

Straatman, B., White, R., and Engelen, G. (2004). T o w ards an automatic

calibration pro cedure for constrained cellular automata. Computers, En-

vir onment and Urb an Systems , 28:149�170.

T abuc hi, T. (1998). Urban agglomerati o n and disp ersion. a syn thesis of

Alonso and Krugman. Journal of Urb an Ec onomics , 44:333�351.

T ate, K., Scott, N., P arshotam, A., Bro wn, L., Wilde, H., Giltrap, D.,

T rustrum, N., Gomez, B., and Ross, D. (2000). A m ulti-scale analysis

of a terrestrial carb on budget - is new zealand a source or sink of carb on?

A gricultur e, Ec osystems and Envir onment , 82:229�246.

T atem, A., Lewis, H., A tkinson, P ., and Nixon, M. (2001). Multiple-class

land-co v er mapping at the sub-pixel scale using a hop�eld neural net w ork.

JA G , 3(2):184�19 0 .

T atem, A., Lewis, H., A tkinson, P ., and Nixon, M. (2002). Dealing with

uncertain t y in sup er-resolution land co v er mapping. In F o o dy , G. and

A tkinson, P ., editors, Unc ertainty in R emote Sensing and GIS , pages 77�

98. Wiley , Chic hester.

T atem, A., Lewis, H., A tkinson, P ., and Nixon, M. (2003). Increasing

the spatial resolution of agricultural land co v er maps using a Hop�eld

neural net w ork. International Journal of Ge o gr aphic al Information Sci-

enc e , 17(7):647�67 2 .

T a v ernier, R. and Marec hal, R. (1962). Soil surv ey and soil classi�cation in

b elgium. T ec hnical rep ort, P almerston North, New Zealand.



BIBLIOGRAPHY 179

T orrens, P . (2002). Cellular automata and m ulti-agen t systems as planning

supp ort to ols. In Springer-V erlag , editor, Planning Supp ort Systems in

Pr actic e , pages 205�222. London.

Uljee, I., Engelen, G., and White, R. (1999). In tegral assessmen t mo dule for

coastal zone managemen t . ramco 2.0 user guide. T ec hnical rep ort, Coastal

Zone Managemen t Cen ter.

Ungerer, M. (2000). Implemen tation of cellular automata mo dels in a raster

gis dynamic mo deling en vironmen t: an example using the clark e urban

gro wth mo del. In 4th International c onfer enc e on inte gr ating GIS and

Envir onmental mo deling (GIS/EM4): Pr oblems, Pr osp e cts and R ese ar ch

Ne e ds. , Ban�, Alb erta, Canada.

Uuemaa, E., Ro osaare, J., and Mander, . (2005). Scale dep endence of land-

scap e metrics and their indicatory v alue for n utrien t and organic matter

losses from catc hmen ts. Ec olo gic al Indic ators , 5(4):350�36 9 .

v an Gro eningen, J., Stein, A., and Zuurbier, R. (1997). Optimizatio n of

en vironmen tal sampling using in teractiv e gis. Soil T e chnolo gy , 10:83�97.

v an Meijl, H., v an Rheenen, T., T ab eau, A., and Eic khout, B. (2006). The

impact of di�eren t p olicy en vironmen ts on agricultural land use in Europ e.

A gricultur e, Ec osystems and Envir onment , 114:21�38.

V an Orsho v en, J., Dec k ers, J., V anden brouc k e, D., and F ey en, J. (1993). The

complete database of Belgian soil pro�le data and its applicabilit y in plan-

ning and managemen t of rural land. Bul letin de R e cher che A gr onomique

de Gembloux , 28:197�222.

V eldk amp, A. and F resco, L. (1996). Clue-cr: an in tegrated m ulti-scale mo del

to sim ulate land use c hange scenarios in costa rica. Ec olo gic al Mo del ling ,

91:231�248.

V eldk amp, A. and F resco, L. (1997). Reconstructing land use driv ers and

their spatial scale dep endence for costa rica (1973 and 1984). A gricultur al

systems , 55(1):19�43.

V eldk amp, A. and Lam bin, E. (2001). Predicting land-use c hange. A gricul-

tur e, Ec osystems and Envir onment , 85:1�6.



180 BIBLIOGRAPHY

V eldk amp, A., V erburg, P ., K ok, K., De K oning, G., and So epb o er, W.

(2002). Spatial explicit land use c hange scenarios for p olicy purp oses: some

applications of the clue framew ork. In W alsh, S. and Crews-Mey er, K.,

editors, Linking Pe ople, Plac e, and Policy. A GIScienc e Appr o ach , v olume

317-341. Klu w er A cademic Publishers, Boston/Dordrec h t/ L o n d o n .

V eldk amp, A., F. L. (1997). Exploring land use scenarios, an alternativ e

approac h based on actual land use. A gricultur al systems , 55(1):1�17.

V erburg, P . (2006). Scenario-ba sed studies of future land use in Europ e.

A gricultur e, Ec osystems and Envir onment , 114:1�6.

V erburg, P ., de K oning, G., K ok, K., V eldk amp, A., and Bouma, J. (1999).

A spatial explicit allo cation pro cedure for mo delling the pattern of land

use c hange based up on actual land use. Ec olo gic al Mo del ling , 116:45�61.

V erburg, P ., de Nijs, T., v an Ec k, J., Visser, H., and de Jong, K. (2004a).

A metho d to analyse neigh b ourho o d c haracteristics of land use patterns.

Computers, Envir onment and Urb an Systems , 28(6):667�6 9 0 .

V erburg, P ., K ok, K., and V eldk amp, A. (2005a). Mo delling land use and

land co v er c hange. In Geist, L. a., editor, L and use and land c over change .

V erburg, P ., Ritsema v an Ec k, J., de Nijs, T., Dijst, M., and Sc hot, P .

(2005b). Determinan ts of land use c hange patterns in the Neherlands.

Envir onment and Planning B , 31(1):125�1 5 0 .

V erburg, P ., Sc hot, P ., Dijst, M., and V eldk amp, A. (2004b). Land use

c hange mo delling: curren t practice and researc h priorities. Ge ojournal ,

61(4):309�3 2 4 .

V erburg, P ., Sc h ulp, C., Witte, N., and V eldk amp, A. (2006). Do wnscaling of

land use c hange scenarios to assess the dynamics of Europ ean landscap es.

A gricultur e, Ec osystems and Envir onment , 114:39�56.

V erburg, P ., So epb o er, W., Limpiada, R., Espaldon, M., and Sharifa, M.

(2002). Mo deling the spatial dynamics of regional land use: the CLUE-S

mo del. Envir onmental management , 3:391�405.

Vitousek, P ., Mo oney , H., Lub c henco, J., and Melillo, J. (1997). Human

domination of earth's ecosystems. Scienc e , 277:494�499 .



BIBLIOGRAPHY 181

V on Th ünen, J. (1910). Der isolierte Staat in Beziehung auf L andwirtschaft

und Nationalo ekonomie . G. Fisc her, Jena.

W ade, T., Wic kham, J., Nash, M., Neale, A., Riitters, K., and Jones, B.

(2003). A comparison of v ector and raster gis metho ds for calculating

landscap e metrics used in en vironmen tal assessmen ts. photo gr ammetric

engine ering and r emote sensing , 69(12):1399 � 1 4 0 5 .

W ard, D., Murra y , A., and Phin, S. (2000). A sto c hastically constrained

celllular mo del of urban gro wth. Computers, Envir onment and Urb an

Systems , 24:539�558.

W estho ek, H., v an den Berg, M., and Bakk es, J. (2006). Scenario dev elop-

men t to explore the future of europ e's rural areas. A gricultur e, Ec osystems

and Envir onment , 114:7�20.

White, R. and Engelen, G. (1993). Cellular automata and fractal urban

form: a cellular mo delling approac h to the ev olution of urban land-use

patterns. Envir onment and Planning A , 25:1175�119 9 .

White, R. and Engelen, G. (2000). High-resolution in tegrated mo delling of

the spatial dynamics of urban and regional systems. Computers, Envir on-

ment and Urb an Systems , 24:383�400.

White, R., Engelen, G., Uljee, I., La v alle, C., and Erlic h, D. (2000). Dev el-

oping an urban land use sim ulator for europ ean cities. In F ullerton, K.,

editor, Pr o c e e dings of the 5th EC GIS W orkshop: GIS of T omorr ow , pages

179�190, Europ ean Commission Join t Researc h Cen tre.

Wic kham, J., O'Neill, R., Riitters, K., W arde, T., and Jones, B. (1997). Sen-

sitivit y of selected landscap e pattern metrics to land co v er misclassi�cation

and di�erences in land co v er comp osition. photo gr ammetric engine ering

and r emote sensing , 63(4):397�4 0 2 .

Wim b erly , M. and Ohmann, J. (2004). A m ulti-scale assessmen t of h uman

and en vironmen tal constrain ts on forest land co v er c hange on the oregon

(usa) coast range. L andsc ap e e c olo gy , 19:631�646.

W u, J. (2004). E�ects of c hanging scale on landscap e pattern analysis: scal-

ing relations. L andsc ap e e c olo gy , 19(2):125�1 3 8 .



182 BIBLIOGRAPHY

Y eh, A. and Li, X. (2001). A constrained CA mo del for the sim ulation

and planning of sustainable urban forms b y using GIS. Envir onment and

Planning B , 28:733�753.



List of Figures

3.1 Logit of the observ ed frequency of forest pixels as a function

of silt con ten t (for eac h pro�le). . . . . . . . . . . . . . . . . . 47

3.2 Land use distribution in Belgium according to Müc her et al. (2000). 52

3.3 Semiv ariogram on the deviance residuals for b oth the purely

regressiv e, mixed and purely autoregressiv e mo dels represen t-

ing the distribution of urban land use. . . . . . . . . . . . . . 59

3.4 Logit of the observ ed frequency of arable pixels as a function

of silt con ten t (for eac h pro�le). . . . . . . . . . . . . . . . . . 60

4.1 Study area - 9 A TEAM cells (10' resolution) in Belgium con-

taining 31585 CORINE cells (250m resolution) . . . . . . . . 74

4.2 Smo othed marginal probabilitie s using an In v erse Distance

W eigh ted algorithm (rate of decrease: q = 2 ) for cropland

(A1FI scenario, 2020) . . . . . . . . . . . . . . . . . . . . . . 82

4.3 Results of the MDC pro cedure: (a) observ ed, (b) predicted

(LU with highest probabilit y is represen ted) and (c) incorrectly-

predicted . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 86

4.4 Up dating the conditional probabilitie s - 4 A TEAM scenarios

in 2020 (A1 FI refers to a fossil fuel in tensiv e v ersion of A1).

The main di�erences b et w een the scenarios result from the

di�erences in the original LU frequencies rather than from

the probabilit y up dating metho d, whic h pro duces clustered

LU patterns. No b order e�ects can b e seen. . . . . . . . . . . 88

183



184 LIST OF FIGURES

5.1 Ov erview of the metho dolog y . . . . . . . . . . . . . . . . . . . 95

5.2 Baseline land use maps (a) . . . . . . . . . . . . . . . . . . . . 102

5.2 Baseline land use maps (b) . . . . . . . . . . . . . . . . . . . 103

5.3 P air wise map comparison b et w een CORINE 250m themati-

cally generalized in three di�eren t w a ys and the raster maps

deriv ed from the OBSLux v ector data at a resolution of 250m

with di�eren t cell class assignmen t metho ds. The e�ect of

c hanging thematic generalizati o n is sho wn in Figure 5.3a while

the e�ect of c hanging rasterization metho d is sho wn in Figure

5.3b. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 108

5.4 A selection of eigh t maps sho wing scenarios of land use c hange

do wnscaled to a resolution of 100m and 1000m. Di�erences

b et w een LUC scenarios (top) app ear relativ ely small com-

pared to the di�erences resulting from c hanging the baseline

data source (CORINE), resolution and rasterization metho d

(b ottom). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 110

5.5 Ev olution of landscap e metrics through time (righ t) and b e-

t w een scenarios of land use c hange (left). . . . . . . . . . . . 114

6.1 Study area. The A TEAM grid is o v erlaid on Belgium (left)

and the selected A TEAM cell is sho wn on the righ t, the thin-

ner lines delineate the soil asso ciations. . . . . . . . . . . . . . 123

6.2 Agricultural land within the study area in 1990, extracted

from the CORINE land co v er map (a); Ev olution of this agri-

cultural area as pro jected b y the A TEAM A1FI scenario of

land use c hange (b); and lo cation of c hanging CORINE cells

(c). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 131

6.3 Num b er of CORINE cells c hanging land use b et w een 1990 and

2050 p er soil asso ciation, as pro jected b y the A TEAM A1FI

scenario of land use c hange (the v arious soil asso ciations are

describ ed in table 6.1.) . . . . . . . . . . . . . . . . . . . . . . 132



LIST OF FIGURES 185

6.4 Mo delled ev olution of SOC for cropland and grassland, using

b oth metho dologi e s for climate c hange only (from the A1FI

scenario of climate c hange) - 1961 v alue equals 100% . . . . . 133

6.5 Mo delled ev olution of SOC using b oth metho dolog i e s, includ-

ing climate c hange (from the A1 FI scenario of climate c hange)

and land use con v ersions (from the A TEAM A1 FI scenario

of land use c hange) . . . . . . . . . . . . . . . . . . . . . . . . 136

6.6 Mo delled ev olution of SOC for soil asso ciation 45, assuming

climate c hange and con v ersion from cropland to forest. . . . . 138

A.1 The SRES matrix: four mark er storylines (Nakiceno vic et al.,

2000) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 154

A.2 Aggregated land use c hange trends in 2080 for Europ e for the

A1FI, A2, B1 and B2 (HadCM3) scenarios (the y-axis repre-

sen ts the absolute area as a p ercen tage of the total Europ ean

land area; adapted from Rounsev ell et al. (2006b) . . . . . . . 158





List of T ables

2.1 Comparison b et w een sev eral land use allo cation pro cedures . 18

3.1 Summary of data used . . . . . . . . . . . . . . . . . . . . . . 53

3.2 Results of the binomial logistic regressions for urban, crop-

land, and forest . . . . . . . . . . . . . . . . . . . . . . . . . . 55

3.3 results of the binomial logistic regressions for grassland (n.s.

= not signi�can t; n.i. = not included) . . . . . . . . . . . . . 56

3.4 Results of the SAS MDC pro cedure . . . . . . . . . . . . . . . 62

3.5 Comparison of the three autoregressiv e mo dels . . . . . . . . 63

4.1 Details of the MDC pro cedure . . . . . . . . . . . . . . . . . . 84

4.2 The MDC pro cedure - con tingency table: observ ed vs. pre-

dicted. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 85

4.3 The MDC pro cedure - spatial metrics . . . . . . . . . . . . . . 86

5.1 The 29 LU maps (com bination s) do wnscaled for the y ear 2050 101

5.2 Landscap e comp osition of the baseline (2000) land use maps. 105

5.3 User and Pro ducer accuracy for the OBSLux 250m reference

map compared to the CORINE 250m map (Third thematic

generalizati o n ) , for eac h land use class . . . . . . . . . . . . . 107

5.4 Landscap e metrics calculated for the baseline datasets . . . . 109

187



188 LIST OF T ABLES

5.5 Landscap e comp osition of land use scenario maps at the res-

olution of 100m and 250m. . . . . . . . . . . . . . . . . . . . . 112

5.6 Ev olution of metrics at the class lev el b et w een baseline 2000

and the scenarios of land use c hange in 2050. . . . . . . . . . 113

5.7 Ev olution of landscap e metrics for OBSLux and CORINE at

the resolution of 100m . . . . . . . . . . . . . . . . . . . . . . 113

6.1 Description of the soil asso ciations presen t in the study area . 124

6.2 Mon thly repartition of plan t input . . . . . . . . . . . . . . . 128

6.3 Syn thesis of the parameters used in b oth metho dolog i e s . . . 129

6.4 Summary of mo delled SOC c hanges . . . . . . . . . . . . . . . 135


