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Abstract: The aim of this paperis to provide a mathematicalmodel for assessingthe in�uence of forest
fragmentationon the dynamicsof animal biodiversity in a changinglandscape.The model is basedon a
stochastic,spatiallyexplicit populationdynamicsmodelwhich takesboth temporalandspatialdynamicsof
biological processesinto account. Unfortunately, this model is not tractable,so we will usea Monte Carlo
simulationmethodin orderto approximatethemultidimensionalrandomvariablesinvolved.

The main strengthof our approachis its ability to model genericbiological and socio-economicdynamic
processes,which arebothexplicitly spatialandstochastic.In orderto demonstratetheusefulnessof our bio-
diversitydynamicsmodelingtool weuseavailablespatialdataon thepresence/absenceof ErithacusRubecula
(robin)atdifferenttimepointsin the“Valléedela N�ere”,anareaof fragmentedforestlocatedin thesouthwest
of France,nearToulouse.
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1 I NTRODUCTI ON

Conservationandbiodiversitymanagementareim-
portant issues,especiallyin placeswhere global
climatic or landscapechanges(fragmentation)may
drastically transformthe ecosystem,with positive
or negative in�uences uponhumanactivities Hus-
ton [1994]. Understandingand anticipatingthese
changesrequiresassessmentof large regions in a
quick andreliableway, but mostpredictive models
of biodiversityoperateat �ne-grainedspatialscale
Deconchatand Balent [2001], or require a great
amountof information Conroy and Noon [1996].
Remotesenseddataprovidea uniqueway to obtain
habitatdescriptionover large areas,provided that
lessprecisepredictionis acceptedWilliams [1996].
Themaindif�culty is to establisha goodstatistical
relationshipbetweenasetof speciesoccurrenceob-
servationsandthedatasensedfrom space.

Such a model has beenproposedby Lauga and
Joachim[1992],whichcanbeappliedoverlargear-
easto producea mapof presenceprobabilitiesfor
a given species. However, this “static” approach
neithertakesinto accountthedynamicsof thepro-
cessesinvolved,northeuncertaintypervadingthem.

The aim of this paperis to tackletheseaspectsby
providing a model of the in�uence of forest frag-
mentationonthedynamicsof animalbiodiversityin
achanginglandscape.Moreprecisely, weprovidea
mathematicalmodelfor studyingtheeffectof land-
scapeusechangeonbiodiversity. Themainstrength
of our approachis its ability to model genericbi-
ological and socio-economicdynamic processes,
whicharebothexplicitly spatialandstochastic.

Our methodwill be illustrated by a study of the
dynamicsof robins(ErithacusRubecula) in a frag-
mentedareaof thesouthwestof France.However,
our point is not to contribute to the knowledgeof
robin's biology, but rather to proposea general-
purposemodeling tool. This is why we will just
usewell-known dataon robin'sbiology andanem-
pirical study of the “static” responseof the bird's
presenceto the forestindex. The missingparame-
tersof thedynamicmodel(mainly dispersion)will
be given “plausible” valuesor will be adjustedso
thatthelong-termprobabilitiesof presenceof birds
computedby our dynamicmodelwill converge to
theonescomputedby anexisting “static” response
model.



In otherwords,giventhattheonly datathatwehave
at thepresenttimewerecollectedin orderto build a
responseof robin'spresenceto anindex calledFor-
est Index (FI) Ladet [2000], we will considerthat
theoutputof thisstaticmodelcanbeseenastheset
of equilibrium(long-term)robinpresenceprobabil-
ities. So, whencalibratingour dynamicmodelwe
will try to make themconverge in the long run to
theoutputof thestaticmodel. Of course,it should
beprecisedthattheinterestof ourmodelis not in its
ability to mimic theoutputof thestaticmodel,but
its ability to model short-term,out-of-equilibrium
changesin the biological processes,in responseto
expectedsocio-economicchanges! However, we
have not suf�cient datayet for assessingthe qual-
ity of our tool with respectto observedchangesin
landscape-useandpresenceprobabilities.Theseare
dif�cult to acquiresince they needfollowing in-
dividual for several years,on a signi�cantly large
area.However, we hopethatour modelingtool we
help to i) give somegeneralideason the impactof
socio-economicexpectedchanges(forestfragmen-
tation,agriculturallanddesertion...)on birdspres-
enceandii) help focusingcostlydatacollectionby
underlyingwhich partsof thebiological modelare
important for assessingsuchan impact, by using
sensitivity analysison therangeof plausiblevalues
of parameters,for 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 multidimensionalrandomvari-
able,approximatedby a setof pseudoindependent
mono-dimensionalrandomvariables.Theobtained
model is �nally tunedandvalidatedthroughcom-
parisonswith the static model and with on �eld
measures(Sections4 and5).

2 STATI C M ODEL OF PRESENCE / AB-
SENCE OF ROBI N

The studyarealies betweenthe GaronneandGers
rivers, in South-westernFrance(lat.: N43

�

, long.:
W1

�

). It is a hilly region (200-400ma.s.l.), dis-
sectedby north-southvalleys,within a sub-Atlantic
climate with Mediterraneanand mountain in�u-
ences.The forestsare fragmentedandcover 15%
of thearea. OaksQuercusrobur andQ. sessi�ora,
often in associationwith chestnutCastaneasativa
in coppice,cherryPrunusaviumandwild service
treesSorbustorminalisarethemaintreespeciesin
thearea.Theavian faunais ratherpoor, andtypical

of Frenchplain regionsJoachimet al. [1997]. For
eachplot, experiencedobserversrecordedall bird
speciescontactedvisuallyor by theirvocalmanifes-
tationduring20minuteperiodsbetweensunriseand
upto 4 hoursaftersunrise.Thebird censuswasper-
formedduringthemonthof May 1990andincluded
676 pointsscatteredover the area. For the present
study, we retainedonly thepresence/absenceinfor-
mationof robin. The SPOT satelliteimagescover
a region of 60 x 60 km centeredon N43

�

latitude
andE1

�

longitude.Thepicturehasbeenwindowed
ona studyzoneof approximately2100km2,with a
20mresolution.As we know thatRobinis strongly
in�uenced by forestdensityandfragmentation,we
classi�ed the imageswith supervisionto producea
binarymap(forest/notforest).

According to previous works in the region Lauga
andJoachim[1992], Ladet[2000], we computefor
eachpointsof themapan index of forestin�uence
(FI). The FI of a givenpoint lies between0 and1,
0 in an openareaand 1 in a completelyforested
area. In order to computethe FI in a cell of coor-
dinates

�������	�

, we take into accountthepresenceor
absenceof forestedcells within a radius 
 around
thecell. Furthermore,thein�uence of forestedcells
is smallerwhen cells are further away. So, cells
areweightedaccordingto their distanceto thecell
in which theFI is computed,theweightdecreasing
with thedistance.In thecaseof robins,thevalueof
theradiushasbeensetto 100mLaugaandJoachim
[1992]: cellsfurtherthan100mfrom theconsidered
cell do not in�uence the FI. Let now � be the bi-
narymatrix of forestedandnonforestedcells (res-
olution of 20m). Let �
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The forestin�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 regressionlinked the FI valuesandthe pres-
ence/absenceof Robin measuredon the sampling
points. The maximumof likelihoodestimatedthe
quality of the model. We cannotdeterminea pri-
ori the rangeof forest in�uence on Robin: despite
it is a smallspecies,we know thatlong-rangein�u-
encescanoccur, becauseof a sourceeffect of large
forestsfor exampleMonteil et al. [2004]. In order
to �nd thebestmodelof occurrencewe testedsev-
eral radiusesfor FI andproduceda logistic model



for eachof them.Then,wechosetheradiusprovid-
ing the modelwith the lowestmaximumof likeli-
hood(100m).We appliedthis modelof occurrence
on the whole studiedareato predictrobin's distri-
bution. The frequency of presenceincreasedwith
theforestin�uence (FI), allowing usingasimplelo-
gistic regressionfor modelingits response.Indeed
robin is a bird of forest interior andforestedgein
theareaunderstudy.

3 SPATI AL LY EXPL I CI T STOCHASTI C
DYNAM I CS M ODEL

The problemwith the robin's presencemodel we
have just presentedis twofold: i) it is purely static
andcannottakeany colonizationeffect into account
andcanhardlymodeltheshort-termimpactof clear-
cuttinghighly denselypopulatedforestareasandii)
it is not really “spatial” insofaras,for example,two
equallyfragmentedareaswill have thesameproba-
bility of presenceof robin, even if they arelocated
in differentpartsof theforest.In thisSectionwetry
to remedytheseproblemsby couplingwith the FI
model a stochastic,individual based,spatially ex-
plicit populationdynamicsmodel in order to take
into accountthe temporalandspatialdynamicsof
robin. Unfortunately, this model is not tractable,
dueto the high dimensionalityof the randomvari-
ablesinvolved.So,in Section4 wewill useaMonte
Carlo simulationmethodin order to approximate
theprobabilitiesof presenceof robinacrossthearea
understudy.

3.1 Robin'spresencein the area

The areaunderstudyis representedby an arrayof
�

L��

cells,eachof which representinga surface
of

* ' ' ��L * ' ' �

. The cell surfaceis chosenwith
respectto theusualindividual territory (1ha),since
robin is a territorial bird andtherearein generalno
morethanonenestin eachcell. So,20mresolution
cellsaregroupedby 25 (5

L

5) andanaverageFI is
computedfor eachgroup. ��� of dimensions

�

L��

is therandomvariablerepresentingthespatialcon-
�guration of robin's nestsover the whole territory.

�

�
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is avariablestatingwhetheranestis present
in cell
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So ��� only dependson ���

A�� , i.e. on the spatial
con�gurationof theneststhepreviousyear.

In what follows, we approximate� � by a product
of “independent”mono-dimensionalrandomvari-
ables �

9�< =

�

where �
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will thusbea kind of mapof indicesof presenceof
birdson theterritory. We will beinterestedin com-
putingtheevolutionof themap ��� over time. Since
computingthis mapneedscomputingthe

� L

�

dimensionalrandomvariable� � , it is generallyim-
possiblewith largemaps.This is thereasonfor the
drasticsimpli�cation we use,which will leadto a
crudeapproximationof theexactmap � � .

3.2 Population dynamicsmodel

Clearly, we do not aim at studyingrobin's biology,
but only to illustrateour methodon therobin's ex-
ample.This is why we do not expectthefollowing
datato beaccurateor evento soundcompletelyrea-
sonableto a biologist. We just collectedsomedata
from the literatureon the biologic traits of robins
Isenmann[2003], andfor theunknown parameters
wetunedthemsothatthelongtermlimit of thedis-
tribution �ts the static model. This is only to be
seenasanillustrationandany realapplicationof our
work would needa hugebibliographicandexperi-
mentaleffort to gettherealvaluesof parameters.

We tookasparameters:
 Robin's clutchhave four to six eggs.
 They haveoneor two clutchesa year.
 Femalesstartreproducingat theageof one.
 The�edging rateis approximately45%.
 60%of thebirdsdie everyyear.

In addition,in generalrobinsbuild new nestswithin
a distanceof 10 km from their parents'. We used
thesescarcedatain orderto build aspatiallyexplicit
populationdynamicsmodel. The model we built
is largely arbitrary, due to the poor datawe have.
However, we shouldgive a few remarks: i) Our
aim is to prove thefeasibility of a spatiallyexplicit
populationdynamicsmodelon a large statespace,
and not in a �rst stageto be asexact as possible,
ii) unknown parameterscanbe tunedin orderto �t
themeasureson the �eld, iii) oneadvantageof the
modelis to point out thepartsof it which needad-
ditional experimentationsin orderto beimproved.

Reproduction. Fromthedata,wegetthatfemales
have in averageteneggseachyear. Sincethe�edg-
ing rate is around45%, thereremainaroundfour
viable eggs and thus (we assumethe sex ratio to
be around0.5), two females. Since the average
yearly mortality is 60% andthe sexual maturity is
attainedat oneyearof age,the two remainingfe-



malehave only 40%of chanceof generatinga new
nest. Taking thesedatainto accountwe choseto
�x the following probabilities on the number of
successornestsfor eachnest:
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. Theseprobabilitiesarear-
bitrarybut canbeadjustedby onsitestudies.

Mortality . We �rst assumeda �x edmortality rate
of 60%. The �gures above give a �x ed expecta-
tion of thenumberof successorsfor any givennest.
Namely, ��� ���������

� ')( � L '�� ')( '	� L *�� (�( (��
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. So, the expectednumberof nests
may stay constantwhen we neglect any effect of
the diffusion. If we hadchosen�!� ���������#"

*

, the
populationwould graduallydecline to 0, while if

��� ���$�
���&%

*

afterawhile thewholeterritorywould
be populated...Thesethreepossibleevolutionsdo
not �t the reality in which, when the landscapeis
modi�ed in oneway or another, the nestspopula-
tion variesuntil it reachesa �x edpoint closeto the
FI response.This is why we choseto vary themor-
tality rateasa functionof theforestindex FI: Nests
that are locatedin openareasare more subjectto
predation(sincethey are more visible) than nests
locatedin completelyforestedareas.So,we de�ne
themortality rate '

�1�����	�

for thecell of coordinates
�1�����	�

as:
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This is thede�nition of a logistic responseof mor-
tality to forestindex.

�

,
6

,
6 �

and
6

� areparameters
whichwill betunedin Section5

Diffusion. It is likely that the parameterswhich
in�uence the location of the successornestsof a
givennestarethe distancefr om the parent'snest,
the forest index in the area and the presenceof
other nests. In the absenceof informationon ac-
tual diffusionof nests,we choseto modelthediffu-
sionby a simple2D truncatedGaussianprobability
functionof thedistanceto theparentnest.Theprob-
ability of a nestbeinglocatedat a distance8 from
it' s parentnestis: 0 if 87%

�:9	�

, andthe valueof
theGaussianof average0 and99%quantileof 5km
if 8<;

�	9	�

. This simple de�nition of the diffu-
sion doesnot take into accountthe forest index of
the target cell. In reality birds are most likely to
build a new nestin a favorableenvironment. This
is why we choseto weight the Gaussiandistribu-
tion by an increasingfunction of the forest index.
Indeed,thenew probability thata child nestbe lo-
catedin cell

�1���5���

giventhatits parentnestis located

in cell
�1� � �5� �0�

is:

��=

9?>

�1����� �>� � ��� �%� �A@B(DC �1����� �>� � ��� �%��(

�

�1�����	�

where�

�1���5��� � *

�

-

D

�

. / 1&2

8+91< =>?

*4�

*

�

-

D

�

.�/ 132

8:9�< =>?

�

8 (2)

where
@

is a normalizationfactor, �

�

, �

� and 8 are
parametersand
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is the2D Gaussianof
parameters
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� � �

computedabove.Finally,
in orderto take thepresenceof othernestsinto ac-
countwe modi�ed further the probability of diffu-
sion by making it 0 in cells wherea nestalready
exists.

So, we now have a stochastic,spatially explicit
modelof robin's nestsdynamics.With this model
wecouldimagineto handlethe

�

L �

-dimensional
randomvariable � � representingthe possiblespa-
tial con�gurationsof nestsin the territory. How-
ever, this is impossiblein practice,dueto the high
dimensionalityof � � . This is why we introducein
the following sectionan approximationof �

� by a
setof “independent”probabilitiesof presence�

91< =

�

,
whichevolutionovertimewill becomputedthrough
simulationSabbadin[2003].

4 PROBABI L I TI ES OF PRESENCE APPROXI -
M ATI ON

We proposeto approximatethe multidimensional
randomvariable�

� by a setof pseudo-independent
randomvariables � �

9�< =

�

	

8:9�< =>?5E

��
�� . It is only an
approximation:it canbeshown easilythat �

�

D�� is
not a productof independentvariables.We decided
to computethesepseudo-independentdistributions
by MonteCarlosimulation.

4.1 Monte Carlo simulation of the evolution of
the probabilities of presence
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� being given, i.e. assuming
thatat timestep� weknow theprobabilitiesof pres-
enceof nestsand assuming(here is the approxi-
mation) that theseare independent,we suggestto
compute ���
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� by simulation,us-
ing the following algorithm. We will repeatfor an
arbitrarily largenumberof iterationsnbiter :

1. Draw
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, Simu-
late themortality, reproductionandmigrationfrom
cell
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� is initialized to 0 at the
beginningof thealgorithm).

Now, after nbiter iterations, we have an ar-
ray
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� of numbersbetween
0 and nbiter . The simulated random vari-
able ���
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4.2 Comparisonwith the FI response

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

� �

9�< =

�

	

9?F��0GHGHG
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< =IF��0GHGHG

�

<

�

F

�

GHGHG D�� . In order to relate
this way to study the dynamicsof the robin with
the static Forest Index responsemethod, we can
compareon the Vallée de la N�ere examplethe FI
responseindex andthe

�

�

9�< =

D��

�

map. They should
beat leastqualitatively similar. We arenot looking
for an exact similarity since we already pointed
out the limitations of the FI response. However,
asFigures2 and3 show, the two mapsaresimilar.
Notethatthe

�

�

9�< =

D��

�

mapwasobtainedaftertuning
the parametersof the dynamicmodel (the tuning
processis explained in section5). However, we
can point out a qualitative differencebetweenthe
FI responseand the dynamicmodel. Namely, the
probability of presenceof robins in small isolated
forests,computedby thedynamicmodel,is smaller
thanthe responseto theForestIndex. On thecon-
trary, theprobability of presenceof robinsin large
forestsis slightly overestimated.
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Figure1: Limit probabilitiesof presence.
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Figure2: ForestIn�uence response

5 TUNI NG OF THE PARAM ETERS AND VAL I -
DATI ON OF THE DYNAM I C M ODEL

5.1 Dynamic modelversusFI response

Forest Index response. The formula that gives
theprobabilityof presenceasa functionof theFor-
estindex is thefollowing Ladet[2000]:
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Dynamic model. Thereproduction, mortalityand
diffusionparameterscanbeadjusted.We chosenot
to modify the reproductionparameters.So, for the
two other parameters:i) Mortality. We choseto
model the in�uence of FI on mortality by making
mortality a function of FI asshown in Equation1.
ii) Diffusion.Diffusionparameters
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wherealso functionsof FI as shown in Equation
2. In orderto tuneparameters
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and 8 , we comparedthe limit map �

� with the
FI responseindex map. To be more precise,we
chosean initial distribution �
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identical to the FI
response( �
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is
the responseto theFI of cell

���-�5�	�

). Then,our dy-
namic model shouldstay closeto the FI response
over time, thusensuringthattheFI responsemapis
a limit distributionof theprocess.In orderto check
this,wesimulatedthedynamicsof �

� until conver-
gence,andthencomparedthecloudof pointsrepre-
sentingthe limit probabilitiesof presenceobserved
asfunctionsof theFI, with thelogistic FI response.
Several comparisonsweremadeandthe best�t is
shown onFigure4.
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6 CONCL UDI NG REM ARK S

In this paperwe have provideda modelwhich can
be usedfor the studyof spatio-temporaldynamics
of biologicalprocessesin spatial,possiblydynamic
landscapes.This model explicitly handlesspatial
features,aswell asstochasticityof events.Themain
originality of themodelis to useacrudeapproxima-
tion of a multidimensionalrandomvariable,which
evolution(otherwiseimpossibleto model)overtime
is estimatedthroughMonteCarloSimulation.It has
beenillustratedon the exampleof robin in a large
valley of thesouthwestof France.
This work is only preliminaryandwe areconsider-
ing thefollowing extensions:
i) First, the use of the model on the example of
robinsneedfurther experimentto be validated. ii)
Other birds specieswith different habitat require-
mentshave beenstudiedwith respectto their re-
lation to FI (44 species)in Ladet [2000]. The dy-
namicsmodelweproposehereshouldbeadaptedto
thesespeciesaswell, in orderto have a clearview
of thebiodiversityevolution in thearea.
iii) In thedynamicmodel,only animaldynamicsis
considered,not landscapeevolution. However, the
forestcoverof theareaunderstudyhasknown deep
changesin thepastandshouldencounterevenmore
changesin the nearfuture. It is clear that our ob-
jective is to measuretheimpactof suchchangeson
biodiversity. Thiscouldbeeasilystudiedwithin our
framework, by consideringlandscapedynamicsin
additionto animaldynamics.In thisway, themodel
couldhelpdecisionmakersin assessingthe impact
of largescaledecisions(deforestation,landconsol-
idation)onbiodiversity.
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�a 1989. AROMP, Toulouse,France,1997.

S. Ladet. Modélisationde la réponsedesesp�eces
d'oiseaux �a la frgmentationforesti�ere dans les
coteauxdusud-ouest.Master's thesis,Universit́e
PaulSabatier. DEA Ecologiedessyst�emesconti-
nentaux,2000.

J. LaugaandJ. Joachim. Modelling the effectsof
forestfragmentationon certainspeciesof forest-
breedingbirds. LandscapeEcology, 6:183–193,
1992.

F. Lescourretand M. Genard. Habitat, landscape
and birds compositionin mountainforest frag-
ments. Journal of EnvironmentalManagement,
40:317–328,1993.

C. Monteil, M. Deconchat,andG. Balent. Interest
of neuralnetwork for landscapeecology-exam-
pleof bird speciesrichnessmodelsin fragmented
forests.LandscapeEcology, 2004.

R. Sabbadin. Approximating spatial markov de-
cisionprocessesfor environmentalmanagement.
In 15thInternationalCongressonModellingand
Simulation(MODSIM'03), volumevol. 4, pages
1868–1873,Townsville,Australia,July2003.

M. Villard, M. Trzcinski, andG. Merriam. Frag-
mentationeffects on forest birds: relative in-
�uence of woodlandcover andcon�guration on
landscapeoccupancy. ConservationBiology, 13:
774–783,1999.

B. Williams. ssessmentof accuracy in themapping
of vertebratebiodiversity. Journal of Environ-
mentalManagement, 47:269–282,1996.


