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Abstract: The aim of this paperis to provide a mathematicamodel for assessinghe in uence of forest
fragmentationon the dynamicsof animal biodiversity in a changinglandscape. The modelis basedon a
stochastic spatially explicit populationdynamicsmodelwhich takes both temporaland spatialdynamicsof
biological processeinto account. Unfortunately this modelis not tractable,so we will usea Monte Carlo
simulationmethodin orderto approximatehe multidimensionatandomvariablesnvolved.

The main strengthof our approachis its ability to model genericbiological and socio-economiaynamic
processesyhich areboth explicitly spatialandstochastic.In orderto demonstratéhe usefulnes®f our bio-

diversitydynamicsmodelingtool we useavailablespatialdataon the presence/absencoé ErithacusRubecula
(robin) atdifferenttime pointsin the“Valléedela Nere”, anareaof fragmentedorestlocatedin the southwest

of France nearToulouse.
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1 INTRODUCTION

Consenrationandbiodiversitymanagemenareim-

portantissues,especiallyin placeswhere global
climatic or landscapehangegfragmentationymay
drastically transformthe ecosystemwith positive

or negative in uences upon humanactiities Hus-
ton [1994]. Understandingand anticipatingthese
changegequiresassessmentf large regionsin a
quick andreliableway, but mostpredictive models
of biodiversity operateat ne-grained spatialscale
Deconchatand Balent [2001], or require a great
amountof information Conroy and Noon [1996].

Remotesensedlataprovide a uniqgueway to obtain

habitatdescriptionover large areas,provided that

lessprecisepredictionis acceptedVilliams [1996].

Themaindif culty is to establisha goodstatistical
relationshipbetweera setof speciemccurrenceb-

senationsandthe datasensedrom space.

Such a model has beenproposedby Lauga and
Joachim1992], which canbeappliedoverlargear-
easto producea map of presenceprobabilitiesfor
a given species. However, this “static” approach
neithertakesinto accountthe dynamicsof the pro-
cesseivolved,northeuncertaintypenadingthem.

The aim of this paperis to tackletheseaspectdby
providing a model of the in uence of forestfrag-
mentatioron thedynamicsof animalbiodiversityin
achangindandscapeMore preciselywe provide a
mathematicaimodelfor studyingthe effect of land-
scapausechangeonbiodiversity Themainstrength
of our approachis its ability to model genericbi-
ological and socio-economicdynamic processes,
which arebothexplicitly spatialandstochastic.

Our methodwill be illustrated by a study of the
dynamicsof robins(ErithacusRubeculdin afrag-
mentedareaof the southwesbf France.However,
our point is not to contrikute to the knowledge of
robin's biology, but ratherto proposea general-
purposemodelingtool. This is why we will just
usewell-known dataon robin's biology andanem-
pirical study of the “static” responseof the bird's
presencdo the forestindex. The missingparame-
tersof the dynamicmodel (mainly dispersionwill
be given “plausible” valuesor will be adjustedso
thatthelong-termprobabilitiesof presenc®f birds
computedby our dynamicmodelwill corvergeto
the onescomputedby an existing “static” response
model.



In otherwords,giventhattheonly datathatwe have
atthepresentime werecollectedin orderto build a
response®f robin's presenceo anindex calledFor-

estindex (FI) Ladet[2000], we will considerthat
the outputof this staticmodelcanbe seenasthe set
of equilibrium (long-term)robin presencerobabil-
ities. So, whencalibratingour dynamicmodelwe
will try to make them corvergein the long run to
the outputof the staticmodel. Of course,jt should
beprecisedhattheinterestof ourmodelis notin its
ability to mimic the outputof the staticmodel, but
its ability to model short-term,out-of-equilibrium
changesn the biological processesin responsédo

expectedsocio-economiachanges! However, we
have not sufcient datayet for assessinghe qual-
ity of our tool with respecto obsened changesn

landscape-usandpresencg@robabilities. Theseare
dif cult to acquiresince they needfollowing in-

dividual for several years,on a signi cantly large
area.However, we hopethat our modelingtool we
helpto i) give somegeneralideason the impactof

socio-economi@xpectedchangeqforestfragmen-
tation, agriculturalland desertion...)on birds pres-
enceandii) helpfocusingcostly datacollectionby
underlyingwhich partsof the biological modelare
importantfor assessinguchan impact, by using
sensitvity analysison therangeof plausiblevalues
of parameterdfor example.

We will presentthe static Forest Index response
modelin thefollowing section.Then,we will point
outsomelimitationsof thestaticmodel,andpresent
an improvementin Section3, consistingin mod-
eling the dynamicsof robin throughthe useof a
Markov chainon a multidimensionakrandomvari-
able,approximatedy a setof pseudondependent
mono-dimensionalandomvariables.The obtained
modelis nally tunedand validatedthroughcom-
parisonswith the static model and with on eld
measuregSectionsd and>5).

2 STATIC MODEL OF PRESENCE / AB-
SENCE OF ROBIN

The studyarealies betweernthe Garonneand Gers
rivers,in South-westerrFrance(lat.: N43 , long.:
W1 ). It is a hilly region (200-400ma.s.l.), dis-
sectedvy north-southvalleys, within a sub-Atlantic
climate with Mediterraneanand mountainin u-

ences. The forestsare fragmentedand cover 15%
of thearea. OaksQuercusrobur andQ. sessi o,

often in associatiorwith chestnutCastaneasativa
in coppice,cherry Prunusaviumandwild service
treesSortustorminalis arethe maintreespeciesn

thearea.Theavian faunais ratherpoor, andtypical

of Frenchplain regionsJoachimet al. [1997]. For
eachplot, experiencedobsenrersrecordedall bird
speciexontactedsisually or by theirvocalmanifes-
tationduring20 minuteperiodshetweersunriseand
upto 4 hoursaftersunrise. Thebird censusvasper
formedduringthemonthof May 1990andincluded
676 points scatteredbver the area. For the present
study we retainedonly the presence/absenagfor-
mationof robin. The SPA satelliteimagescover
a region of 60 x 60 km centeredon N43 latitude
andE1 longitude.Thepicturehasbeenwindowed
on astudyzoneof approximately2100km2, with a
20mresolution.As we know thatRobinis strongly
in uenced by forestdensityandfragmentationwe
classi ed theimageswith supervisiorto producea
binarymap(forest/notforest).

According to previous works in the region Lauga
andJoachim[1992], Ladet[2000], we computefor
eachpointsof the mapanindex of forestin uence
(FI). The FI of a given point lies between0 and1,
0 in anopenareaandl in a completelyforested
area. In orderto computethe Fl in a cell of coor
dinates , we take into accountthe presenceor
absenceof forestedcells within a radius around
thecell. Furthermorethein uence of forestedcells
is smallerwhen cells are further away. So, cells
areweightedaccordingto their distanceto the cell
in which the FI is computedtheweightdecreasing
with the distanceln the caseof robins,thevalueof
theradiushasbeensetto 100mLaugaandJoachim
[1992]: cellsfurtherthan100mfrom the considered
cell do notin uence the Fl. Let nov  be the bi-
nary matrix of forestedandnonforestedcells (res-
olution of 20m). Let
where

ing) weightof distantcells.

bethe (decreas-

Thenif agivencell hascoordinates

Theforestin uence combinesinformationon both
forest patch size and isolation. Thesetwo vari-
ableshave effects on birds occurrencelescourret
and Genard[1993], Villard et al. [1999]. A lo-
gistic regressioninked the FI valuesandthe pres-
ence/absencef Robin measuredn the sampling
points. The maximumof likelihood estimatedhe
quality of the model. We cannotdeterminea pri-
ori the rangeof forestin uence on Robin: despite
it is a smallspeciesye know thatlong-rangen u-
encescanoccur becausef a sourceeffect of large
forestsfor exampleMonteil et al. [2004]. In order
to nd thebestmodelof occurrenceve testedser-
eral radiusedor FI and produceda logistic model



for eachof them.Then,we chosetheradiusprovid-
ing the modelwith the lowestmaximumof likeli-
hood(100m). We appliedthis modelof occurrence
on the whole studiedareato predictrobin's distri-
bution. The frequeng of presencencreasedvith
theforestin uence (FI), allowing usinga simplelo-
gistic regressionfor modelingits responselndeed
robin is a bird of forestinterior and forestedgein
theareaunderstudy

3 SPATIALLY EXPLICIT STOCHASTIC
DYNAMICS MODEL

The problemwith the robin's presencanodel we
have just presenteds twofold: i) it is purely static
andcannottake ary colonizationeffectinto account
andcanhardlymodeltheshort-termmpactof clear
cuttinghighly denselypopulatedorestareasandii)
it is notreally “spatial” insofar as,for example two
equallyfragmentedareaswill have the sameproba-
bility of presencef robin, evenif they arelocated
in differentpartsof theforest.In this Sectionwe try
to remedytheseproblemsby couplingwith the FI
model a stochastic,individual based,spatially ex-
plicit populationdynamicsmodelin orderto take
into accountthe temporaland spatialdynamicsof
robin. Unfortunately this modelis not tractable,
dueto the high dimensionalityof the randomvari-
ablesinvolved. So,in Sectiord wewill useaMonte
Carlo simulation methodin order to approximate
theprobabilitiesof presencef robinacrosshearea
understudy

3.1 Robin'spresencen the area

The areaunderstudyis representedby an array of
cells,eachof which representing surface
of . The cell surfaceis chosernwith
respecto the usualindividual territory (1ha),since
robinis aterritorial bird andtherearein generaho
morethanonenestin eachcell. So,20mresolution
cellsaregroupedby 25 (5 5) andanaverageFl is
computedor eachgroup.  of dimensions
is the randomvariablerepresentinghe spatialcon-
guration of robin's nestsover the whole territory.
is avariablestatingwhetheranestis present

in cell if thereis a nestin cell
attime step (i.e. year ) and if
not. So the statespaceof is . We

malke the assumptiorthat ~ is an homogeneous
Markov chain: ,

So  only dependson , i.e. on the spatial
con guration of the neststhe previousyear

In what follows, we approximate by a product
of “independent”’mono-dimensionatandomvari-
ables where .

will thusbeakind of mapof indicesof presencef
birdsontheterritory. We will beinterestedn com-
putingtheevolutionof themap  overtime. Since
computingthis map needscomputingthe
dimensionatandomvariable , it is generallyim-
possiblewith largemaps.Thisis thereasorfor the
drasticsimpli cation we use,which will leadto a
crudeapproximatiorof theexactmap

3.2 Population dynamicsmodel

Clearly, we do not aim at studyingrobin's biology,
but only to illustrate our methodon therobin's ex-
ample. This is why we do not expectthe following
datato beaccurater evento soundcompletelyrea-
sonableo a biologist. We just collectedsomedata
from the literature on the biologic traits of robins
Isenman{2003], andfor the unknovn parameters
wetunedthemsothatthelongtermlimit of thedis-
tribution ts the static model. This is only to be
seerasanillustrationandany realapplicationof our
work would needa hugebibliographicand experi-
mentaleffort to gettherealvaluesof parameters.

We took asparameters
Robin's clutchhave four to six eggs.
They have oneor two clutchesayeat
Femalesstartreproducingat the ageof one.
The edging rateis approximatelyt5%.
60%of thebirdsdie everyyear

In addition,in generakobinsbuild nex nestswithin
a distanceof 10 km from their parents'. We used
thesescarcedatain orderto build aspatiallyexplicit
populationdynamicsmodel. The modelwe built
is largely arbitrary dueto the poor datawe have.
However, we shouldgive a few remarks: i) Our
aimis to prove thefeasibility of a spatiallyexplicit
populationdynamicsmodelon a large statespace,
andnotin a rst stageto be asexact as possible,
i) unknavn parameterganbe tunedin orderto t
the measure®n the eld, iii) oneadwantageof the
modelis to point out the partsof it which needad-
ditional experimentationén orderto beimproved.

Reproduction. Fromthedatawe getthatfemales
have in averageteneggseachyear Sincethe edg-
ing rateis around45%, thereremainaroundfour
viable eggs and thus (we assumethe sex ratio to
be around0.5), two females. Sincethe average
yearly mortality is 60% and the sexual maturity is
attainedat oneyear of age,the two remainingfe-



malehave only 40% of chanceof generatinga new
nest. Taking thesedatainto accountwe choseto
x the following probabilities on the numberof
successonestsfor eachnest: ;
Theseprobablhtlesarear—
bltrary but canbead Justecby onsitestudies.

Mortality . We rst assume@ x edmortality rate
of 60%. The gures above give a x ed expecta-
tion of thenumberof successorfor ary givennest.
Namely
. So, the expectednumberof nests
may stay constantwhen we neglect ary effect of
the diffusion. If we hadchosen , the
populationwould gradually declineto 0, while if
afterawhile thewholeterritorywould
be populated... Thesethreepossibleevolutionsdo
not t thereality in which, whenthe landscapds
modi ed in oneway or anothey the nestspopula-
tion variesuntil it reaches x edpoint closeto the
FI responseThisis why we choseto vary the mor-
tality rateasafunctionof theforestindex FI: Nests
that are locatedin openareasare more subjectto
predation(sincethey are more visible) than nests
locatedin completelyforestedareas.So,we de ne
the mortality rate for the cell of coordinates
as:

@)

This is the de nition of a logistic responsef mor-
tality to forestindex. , , and areparameters
whichwill betunedin Section5

Diffusion. It is likely that the parametersvhich
in uence the location of the successonestsof a
givennestarethe distancefr om the parent'snest
the forestindex in the area andthe presenceof
other nests In the absenceof informationon ac-
tual diffusionof nestswe choseto modelthediffu-
sionby a simple2D truncatedGaussiarprobability
functionof thedistancdo the parentiest. Theprob-
ability of a nestbeinglocatedat a distance from
it's parentnestis: 0 if , andthe value of
the Gaussiarof averaged and99% quantileof 5km
if . This simple de nition of the diffu-
sion doesnot take into accountthe forestindex of
the target cell. In reality birds are mostlikely to
build a new nestin a favorableervironment. This
is why we choseto weight the Gaussiardistribu-
tion by an increasingfunction of the forestindex.
Indeed,the new probability thata child nestbe lo-
catedin cell giventhatits parennestis located

in cell is:

where _ 2)
where is anormalizationfactor , and are
parameterand is the 2D Gaussiarof
parameters computedabove. Finally,

in orderto take the presencef othernestsinto ac-
countwe modi ed further the probability of diffu-

sion by makingit O in cells wherea nestalready
exists.

So, we now have a stochastic,spatially explicit

modelof robin's nestsdynamics. With this model
we couldimagineto handlethe -dimensional
randomvariable  representinghe possiblespa-
tial con gurationsof nestsin the territory. How-

ever, this is impossiblein practice,dueto the high

dimensionalityof . Thisis why we introducein

the following sectionan approximationof by a
setof “independent’probabilitiesof presence

whichevolutionovertimewill becomputedhrough
simulationSabbadirj2003].

4 PROBABILITIES OF PRESENCE APPROXI-
MATION

We proposeto approximatethe multidimensional
randomvariable by asetof pseudo-independent
randomvariables It is only an
approximation:it canbe shavn easilythat is
not a productof independentariables.We decided
to computethesepseudo-independedistributions
by Monte Carlosimulation.

4.1 Monte Carlo simulation of the evolution of
the probabilities of presence

being given, i.e. assuming
thatattime step weknow theprobabilitiesof pres-
enceof nestsand assuming(hereis the approxi-
mation) that theseare independentwe suggesto
compute by simulation, us-
ing the following algorithm. We will repeatfor an
arbitrarily large numberof iterationsnbiter

1. Draw from

2. For each suchthat , Simu-
late the mortality, reproductiorand migrationfrom
cell . The simulated populationis denoted

3. Let now
(where



is initialized to O at the

beginningof thealgorithm).

Now, after nbiter iterations, we have an ar

ray of numberdetween

0 and nbiter The simulated random vari-

able is simply given by
nbiter for all

4.2 Comparisonwith the Fl response

We have proposed a means of computing
the evolution of the maps of probabilities

In orderto relate
this way to study the dynamicsof the robin with
the static Forest Index responsemethod, we can
compareon the Vallée de la Nere examplethe FI
responsendex andthe map. They should
be at leastqualitatively similar. We arenotlooking
for an exact similarity since we already pointed
out the limitations of the FI response. However,
asFigures2 and3 shaw, the two mapsare similar.
Notethatthe mapwasobtainedaftertuning
the parameterof the dynamic model (the tuning
processis explainedin section5). However, we
can point out a qualitative differencebetweenthe
FI responseand the dynamicmodel. Namely the
probability of presenceof robinsin smallisolated
forests,computedby thedynamicmodel,is smaller
thanthe responseo the Forestindex. On the con-
trary, the probability of presencef robinsin large
forestsis slightly overestimated.

Figurel: Limit probabilitiesof presence.
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Figure2: Forestln uence response

5 TUNING OF THE PARAMETERS AND VALI-
DATION OF THE DYNAMIC MODEL

5.1 Dynamic modelversusFI response

Forest Index response. The formula that gives
the probability of presenceasa functionof the For-
estindex is thefollowing Ladet[2000]:

3
With parameters and

Dynamic model. Thereproduction mortalityand
diffusionparametersanbe adjusted We chosenot
to modify the reproductionparametersSo, for the
two other parameters:i) Mortality. We choseto
modelthe in uence of FI on mortality by making
mortality a function of FI asshawvn in Equationl.
i) Diffusion. Diffusion parameters

where also functionsof Fl as shavn in Equation
2. In orderto tune parameters

and , we comparedthe limit map with the
FI responsdandex map. To be more precise,we
chosean initial distribution identicalto the FI
response , Where is
theresponsdo the FI of cell ). Then,our dy-
namic model shouldstay closeto the FI response
overtime, thusensuringhatthe Fl responsenapis
alimit distribution of the processin orderto check
this, we simulatedthe dynamicsof ~ until corver-
genceandthencomparedhecloudof pointsrepre-
sentingthe limit probabilitiesof presencebsened
asfunctionsof the FI, with thelogistic Fl response.
Several comparisonsvere madeandthe best t is
shavn on Figure4.
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Figure3: Limit presencerobabilitiesasfunctions
of FI for , , ,
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6 CONCLUDING REMARKS

In this paperwe have provided a modelwhich can
be usedfor the study of spatio-temporatlynamics
of biologicalprocessem spatial,possiblydynamic
landscapes.This model explicitly handlesspatial
featuresaswell asstochasticityof events. Themain
originality of themodelis to useacrudeapproxima-
tion of a multidimensionarandomvariable,which
evolution (otherwiseémpossibletco model)overtime
is estimatedhroughMonte Carlo Simulation.It has
beenillustratedon the exampleof robin in a large
valley of the southwesbf France.

Thiswork is only preliminaryandwe areconsider
ing thefollowing extensions:

i) First, the use of the model on the example of
robins needfurther experimentto be validated. ii)
Other birds specieswith different habitatrequire-
mentshave beenstudiedwith respectto their re-
lation to FI (44 species)n Ladet[2000]. The dy-
namicsmodelwe proposehereshouldbeadaptedo
thesespeciesaswell, in orderto have a clearview
of thebiodiversityevolutionin thearea.

i) In thedynamicmodel,only animaldynamicsis
considerednot landscapevolution. However, the
forestcoverof theareaunderstudyhasknown deep
changesn thepastandshouldencounteevenmore
changesn the nearfuture. It is clearthat our ob-
jectiveis to measurgheimpactof suchchange®n
biodiversity. This couldbeeasilystudiedwithin our
framework, by consideringlandscapelynamicsin
additionto animaldynamics.In this way, themodel
couldhelpdecisionmakersin assessinghe impact
of large scaledecisiongdeforestationland consol-
idation) on biodiversity.
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