Resolution Problemsin
Calculating Landscape Metrics
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Thevariation of landscapemetricscaused by varying
the map input resolution has been investigated.
Landscapemetricsarespatial indicatorsusedtolink
spatial patternswiththe ecological processesthat
generate them. An aerial photograph was semi-
automatically classified at different resol utions by
superimposingagridwithavariablecell dimension
(10, 20 and 40 metres) in a Gl Senvironment. The
variation of the mostly used landscape metricswas
investigated. Thisapproach allowstheup-scaling of
spatial indices, thanksto the objective (‘apriori’)

definition of theMinimumMapping Unit. Somemetrics
showedlinear trendsover therangeof examinedscales,

and other metricshad non-linear responsecurves. For

thefirst type of metrics, thetrand ation of information
over awiderange of spatial scalesseemsto bevery
simple, whilefor the second thistranslation appears
tobeimpossible.
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INTRODUCTION

Remote sensing represents a powerful tool for
devel opinglandscgpecompositionandpatternindicators
(landscape metrics) as sensitive measures of large-
scaleenvironmental change (Kepner etal, 2000) and
theoutcomeisimproved by geographicinformation
systems (Gl S) that have opened many new possibilities
inthisfield of research (Baltsavias, 1996).

Compositional and structural indices applied to
landscapes allow their characterisation and the
investigation of ecologica processes(Herzog and Laush,
2001). A central issueof landscapeecol ogy isthestudy
of spatial patterns over timein order to detect the
occurring ecological processes (Turner etal, 2001).

Hierarchical structure of thelandscape hasbeen
accepted by severd authors(Formanand Godron, 1986;
Turner etal, 2001). For thisreason, thestudy of the
landscape cannot ignore the scale of observation
(Turner etal, 1989; O'Neillet al, 1991; O’ Neill etal,
1996; Wu et al, 1997; Wu et al, 2000). Since the
1980s, the scientific literature (Forman and Godron,
1986; Turner et al, 1989) points out that changing
grain (resolution) and extent of the study areaduring
landscape analysis could significantly affect final
results. More recently, Wu et al (2000, 2002)
published interesting papersonthe useof multiscale
analysisinorder to predict metric values.
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Thetranslation of information from one scaleto
another isbecoming akey issuefor landscapeecologists
and Gl Sanalysts. Thistrand ationisoftenachieved by
means of automatic map resampling, by varying the
grain, andthereforethescale, of different datatomake
them comparable. However, all resampling methods
(nearest neighbour, bilinear interpolation, cubic
convolution) canintroduce spatial errors (Turner et
al, 1989, Gustafson, 1998). Moreover, thesemethods
donot act onthereal resol ution of dataacquisition. For
example, amapwithaMinimum Mapping Unit (MMU)
of 100 metres, resampled at 20 metres, will preserve
the pattern recognized at 100 metres, but without
increasing theinformation content.

Another problemisthedefinitionof MMU. Asfor
raster datasets, MM U isassociated with pixel size,
whilefor vector datasetsit isassociated with thedata
source (topographic map, agria photograph or satellite
image) from which the vector data were derived.
However, attention must be paid when migrating from
oneformat tothe other. For example, if amap scaleis
1:50 000 then the cartographic-printing error could
be0.2 mm. Thusif themap isscanned, transforming
0.2mmtometresaccordingtothe1:50000 scale, the
minimum pixel size(or theMMU) should be 10 metres.
If subsequently thevector lines(contours) aredigitized
then their planimetric accuracy would beworsethan
10 metres. Moreover, concerning land use
classification, in most cases maps are derived by
digitising polygonsaround areasof uniformlanduse;
theMMU isthen defined asthe areaof the smallest
polygon: such adefinition seemsto be completely
subjective and approximate. In this paper, grids
superimposed on remotely sensed data (e.g. aerial
photographs) constrainedtheoperator toclassify every
singlecdl| having apre-defined dimension. Therefore,
thefollowing analyseswerebased onanobjectively
defined MMU.

Theaim of this paper isto study the variation of
spatial metricsover different scales, usinggridsat a
rangeof resolutions.

STUDY AREA

Thestudy areaistheNatural Reserveof Poggiodl’ Olmo,
on the slope of Mt Amiata (longitude 11°32'26" E,

Vol. 50, No. 2, December 2005

latitude 42°58'36", datum WGS84), Italy, which
occupiesanareaof almost 440 hectares. Therangeof
elevations varies from 664 to 1016 metres. Total
annual precipitation averages 1045 mm and mean
annua temperatureaverages12.5°C (climatestation:
Castel del Piano, 639 metresm.s.l.). Thisarea has
undergone a dynamic process of forest growth in
abandoned pasturesand fields. Land use haschanged
considerably in the area surrounding the reserve,
particularly sincethe Second WorldWar, duetorural
depopul ation and acessation/decreasein traditional
agricultural practices (e.g. terracing, grazing,
maintenance of grazed grasslands by burning,
cultivation of chestnut groves, wood-cutting,
cultivation of fields, maintenanceof hedgerowsat field
boundaries).

METHODS

Anaeria photograph (grey scale) takenin 1998 (flight
height: 6000 metres) wasacquired and scanned at high
resolution (600 dpi). Dueto therough topography, a
rigorousmode (orthorectification) wasneededinorder
to geometrically correct theimage (Rocchini, 2004;
Rocchini and Di Rita, 2005). Orthorectificationwas
based onadigitd terrainmodel (DTM) derivedfroma
1:10 000 topographic map (pixel size: 10 m) of the
study areaand on 30 ground control points(GCPs), and
was performed using ERDAS IMAGINE 8.4
(Www.erdas.com). Thefinal image spatial resolution
wasapproximately 2 m. Positiona accuracy wastested
by meansof 20 additional GCPsandthe RMSerror
never exceeded 4 m. Theimagewasprojected ontothe
National (Italian) Coordinate System (GaussBoaga
Projection, datum Roma40).

The aerial photograph was subsampled by
superimposing agrid withavariablecell dimension
(10, 20 and 40 metres). Each cell was semi-
automatically classified in order to simulate
photointerpretation at different resolutions. The
classificationprocessrequiredamanual classification
of gridsat 10 m spatia resolution. The semi-automatic
classification involved strata with 20 m and 40 m
spatia resolutions. Wherecdlsof larger cell dimension
werecompletely dominated by asingleclassatthe 10
mlevel, they wereautomatically attributed tothat class
at the 20m and/or 40m level.
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Theidentificationof classeswasbasedonLevel 3of
the CorineLand Cover system, with somerevisions
appliedtoachievesometypical land usetypeswhich
occur in the area under study (e.g., semi-natural
grasslands, thereafter open formations). Thephoto-
interpretation was principally based on pixel tone: a
gradient from black to white was used in order to
recognise coniferous plantations, woodlands,
shrublands open formations (grassands). Additional
pattern elementswere appliedin order to recognise
typical land use classes such aslinear formations
(hedges, approximate width 4-6 m), characterised by
an elongated shape, buil dings characterised by ablock
shape, and isolated or grouped trees characterised by
ablack toneand obviousisolation.

Thevariation of themostly used landscape metrics
(Forman and Godron, 1986; Turner etal, 2001) over
multi ple scaleswasexamined (Table 1) by meansof a
FRAGSTATS(McGariga and Marks, 1995) interface
withinthe ARC/INFO (www.esri.com) software. Since
theuseof gridssubstantially resultsinlatticemaps, a
diagonal agorithm (Moore neighbourhood) for the
generation of patcheswaschosen.

Asforlandscape composition, theca culated metrics
were the number of classes and area of each class.

Landscapediversity wascal cul ated by meansof the
Shannondiversityindex (Shannon and Weaver, 1962)
and the Pielou evennessindex (Pidou, 1969).

H = -

(R.InR,)

Qo=

)

s}
I
=

M
-a(Rmp) @

c=1

InM

Where: H' =Shannon diversity index
M =number of classes
P_ = proportionof theareaoccupied by each
class
E =Pidouevennessindex.

The Shannon diversity index takesinto account the
abundanceof classesanditincreasesasthenumber of
classesincreasesor the equitability of distribution of
land amongst the various classesincreases, ranging
from O to infinity (Nagendra, 2002). The Pielou
evennessindex takesinto account themaximum possible
diversity with the same number of classes, ranging
from 0to 1 (perfect evenness, see also Ricottaand
Avena, 2003).

Metric type Metric name

Metricabbreviation

Landscape composition  Number of classes

Areaof each class

Shannon diversity index H’

Pielou evenness index E
Landscape structure Number of petches

Number of patches per class

Mean Shape Index MSI

AreaWeighted Mean ShapeIndex ~ AWMSI

Mean Patch Size MPS

Patch Size Standard Deviation PSSD

Table 1. Landscape metrics studied in this paper. Refer to
thetext for major explanations and equations.
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Asfor landscapestructure, metricsonthenumber,
shapeand sz of patcheswereinvedigated. Anoverview
of these metricsisgiven by McGarigal and Marks
(1995), Baker and Cai (1992) and Turner et al
(2001).

Asfor patch number, the number of patchesand
number of patchesper classwereinvestigated. Patch
shape wasstudied by meansof theMean Shapel ndex
(MSI) and the Area Weighted Mean Shape Index

(AWMS). N
a lbzse i /A) @
MS = 2=
N
g 0
_ 9 A = 4
A = § (025P, /A, )gy—P—+ )
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Where MS =Mean Shapelndex
N =number of patches
P, = perimeter of thepatchp
A, = areaof thepatchp
AWMS = Area WeightedMean Shapelndex.

M Sl isused to estimatethe shape complexity, being
the minimum value of 1 related to a square (raster
format) shape. TheAWM Sl isanimprovementof M S,
becauseit takesinto account theareaof each patch.

Patch sizewasmeasured by meansof MeanPatch
Sze (MPS) andPatch Sze Sandard Deviation(PSD).

RESULTS

A globd generdisationof mapswasfoundfromahigher
(smaller cell size) to a lower (larger cell size)
resolution (Figure 1).

L andscape Composition

Three classes(e.g. linear formations, buildings, and
isolated or grouped trees) werelost at aresol ution of
40 x 40 metres (Figure 2a). This phenomenon was
principally dueto structural characteristicsof class
patches: size (classeswith smaller patches);shape
(for linear formations, having a lower horizontal
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extension); dispersion (for buildingsandisolated or
grouped trees, having patches dispersed in the

landscape).

Asfortheareaof eachclass besidestheva ueof zero
clearly reached by the previously cited classes, the
decreaseof resolutionhad noeffect ondmost al classes,
except for shrublandsand openformations, withpositive
and negativedigtortions, respectively (Figure2b). This
isduetothepatternof openformations, whichoccurred
instrict stripeswithin shrublands, being joinedtothe
nearest patchesof shrublands, by increasing thecell
dimension.

Diversity, measured by means of the Shannon
diversity index and the Piel ou evennessindex, showed
adlight decreaseof thefirstindex andahighincrease
of the second, asresol ution decreased (Figure 2c).
Indeed, lessabundant classesdisappeared (e.g. linear
formations, buildingsand isolated or groupedtrees)
by provoking adecrease of Shannondiversity index ,
and only moreabundant classeswith moreevenvaues
persisted, by provoking anincreaseof Pielou evenness
index.

L andscape Structure

Thenumber of patchesand number of patchesper class
showed alinear decrease astheresolution decreased
(Figure 3a, 3b). Openformationsshowed thegreatest
decrease; thisphenomenondemonstratedthepresence
of several small patchesdispersedinthelandscapethat
underwent thepreviously citedjoining phenomenon.
Onthe contrary, coniferous plantations showed no
merging, because of their artificial nature, already
merged at aresolutionof 10x 10metresand composed
of afew patcheswithahighdimension.

MSl showed anon-homogeneoustrendfor dl classes
(Figure3c). Moreover, al valuesapproached 1 (except
for linear formationsat aresolution of 10x 10 metres):
thisisexplainableby hypothesizingthat each classhad
several small patcheswith asquare shapethat caused
the distortion of the mean valuetowards 1. On the
contrary, AWMS showed highvaues, sinceitweights
theareaof the patches, resulting in an underestimate
of thosesmallest patcheswhichled tothedistortion of
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500 i 500 metres

Figure 1. Mapswith different spatial resolution derived from the classification of aerial photographs:
a) 10 x 10 metres; b) 20 x 20 metres; c) 40 x 40 metres. Brown: woodlands; green: shrublands;
yellow: open formations; black: buildings; orange: isolated or grouped trees; grey: linear formations;
violet: coniferous plantations.
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Figure 2. Landscape composition metrics: a) number of classes, b) area of each class; c) Shannon and Pielou indices
(black and grey line, respectively). Cell dimensions are shown in metres. As for the area of each class, the plot is
biased towards the high val ues of woodland, shrubands, open formations and coniferous plantations, thusresultingin a
flattening effect in the values of buildings, isolated or grouped trees, and linear formations. These classes were lost
only at a scale of 40x40 metres.

themeanvalue(Figure 3d). Thenegativetrendfound
inall classeswasdueto thedecrease of edgedensity,
and therefore the shape compl exity, of the patches.
Coniferousplantationsdid not undergothiseffect, as
highlighted by thenumber of patchesfor thisclass.
Their patches were therefore dense, with a large
dimension and with a simple shape (artificial
formations).

MPSshowedapositivetrendfor al classes; however,
PSSD exceeded theaverageinall cases(Figure 3e),
indicating that size valuesdeviated significantly from
themeanvalue. Infact, theanalysisof thedistribution
of patches with respect to their size (Figure 4,
shrublandspatchesdistribution asan example) showed
severa small-sizeand few large-size patches, namely
adigtributionfar fromatypical Gaussianform.
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DISCUSSION

Inthispaper it hasbeen demonstrated that arestricted
set of indices can generate a large quantity of
information onlandscapepatterns. I dentifying aset of
non-redundant indi cesisaprimary issuefor landscape
analysis. O’ Nelill et al (1988), in apioneer study on
landscapeindices, underlined that arestricted set of
indices could identify significant aspects of spatial
patterns; on the other hand, Steinhardtet al (1999)
pointed out that no singleindex providesacomplete
interpretation of thelandscape processes. Results
obtained in this paper agree with these concepts,
indicating that alandscapemetricsnet isrequiredto
relatelandscape metricsin order to explainlandscape
patterns. For example, thefactthat M Sl showedvalues
gpproaching 1and AWM S showed very different results
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isexplainableonly by hypothesizing that for each class
(except for linear formations), the distribution of the
patcheswasthat in Figure4: many small-sizeandfew
large-size patches. Thishypothesiswasdemonstrated
by thevaluesof PSSD, higher thanthemean (MPS),
whichindicated anon-Gaussiandistribution of thepatch
size.

Also, theknowledgeof thevariationsof theindices
over multiple scales is very important for the
identification of the scale of heterogeneity
(patchiness) of thelandscape, in order to carry out
analyses at an appropriate scale (Gustafson, 1998).
Indeed, resultsof theanalysesfor thesameareacan
vary becauseof thespatial resol ution (Johnsonand
Howarth, 1987), and somepatternsor processescan
berecognized only at specific resol utions (Jelinski
andWu, 1996). A phenomenon couldremainundetected
because of animproper matching with the scale of
analysis (Stohlgrenetal, 1997).

For example, ininvestigating the fragmentation of
openformationsinthelast 50 yearsinthe Reserve of
Poggioal’ Olmo, aresolution of 40 x 40 metresmay
hide somefundamental ecological phenomena, e.g.
changes in fine grained patterns such as linear
formations, grouped trees, etc. .. (Rocchini et al,2005).
Asapragmaticexample thebundling of openformations
as shrubs, viewed in Figure 2b, may provoke an
underestimate of smaller patchesof the open formation.
Onthecontrary, theresolution of 10 x 10 metresis
moresuitablefor theinvestigati onof thisphenomenon,
particularly with respect to thelimited extent of the
study area. Otherwise, ininvestigating the spread of
coniferous plantations, asuitableresol ution should be
the 40 x 40 metres because of theinvariance of this
classwithrespectto all theinvestigated metrics. A
choiceof aresolution of 10x 10 metrescouldbeonly
timeand cost expensive.

Ontheother hand, theapplication of multiplescaes
(resolutions) can providefor information otherwise
ignored. For example, theartificid natureof coniferous
plantationshasbeen highlighted by meansof thecited
invariance.
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Another issueisconcerned with the comparability
among mapsthat havedifferent originsand resol utions.
Turner et al (1989) point out that measuresmade at
different resol utionscould not becompared, whileWu
et al (2000; 2002), followingthisresearch approach,
demonstrate that predictable metrics allow the
trangl ation of information from one scaleto another.
Some of these metricswereinvestigated in thispaper
and showed consistent patternsover awiderange of
scales(e.g. number of patches, AWMSI, MPS, PSSD)
and aretherefore considered predictablemetrics. On
the contrary, other metrics (e.g. MSI), showed non-
linear patterns, ashighlighted by thenon-homogeneous
trend of thisindex for all classes.

Wu et al (2000; 2002) considered several indices
of thislast type (e.g. contagion, fractal dimension) by
submitting achalengetothescientific community: how
todevel op systematicproceduresfor thetrand ation of
information from one scaleto another when simple
scalelawsdonot occur?

CONCLUSION

Inthispaper, theissueof scal edependenceof landscape
metricswas addressed and the effect of scalewas
discussed. Tosummarise, whenaimingtoquantitatively
relatelandscape patternto ecol ogical processesthat
generatethem, great attention must be paid totheinput
spatial resolution (MMU). In fact, no inference
regarding thetrand ation of information fromonescae
toanother (whosesolvingisto dateinitinere, asstated
inthefinal part of the Discussion) couldbemadeuntil
theinput scale(e.g. resolution) iscorrectly defined.

Inthispaper, gridsweresuperimposedonanagria
photographin order to simulate photointerpetation at
different resol utionsand to guaranteearobust definition
of theMMU during classification procedures, however
thisapproachisvery labour intensive. Onthe other
hand, common photointerpretation (polygon
digitisation) appearstobesubjectiveandnot repeatable.
Infact, dthoughthismethod could beapplied at agiven
scale of visualisation, theresulting objects (patches
or polygons) could vary from one interpreter to
another, thereby not assuring the samefinal MMU.
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That iswhy using the pixel dimension of rasterised
mapsderived from manually digitised polygons, isnot
avalid gpproach for definingtheMMU.

Moreover, since thedemand for rapid mapping
operationssuchasdatabasegenerationandupdatingis
continuously increasing (Armenakiset al, 2003),
automated classification techniques should be
encouraged. However, duetothegenerally | ow spectral
resol ution of aeria photographs, pioneering studieson
automated pixel-based classification (Carmel and
Kadmon, 1998) — nowadays principally used with
satelliteimagery (see aso Townshendet al , 2004)—
did not result in any positive outcomes. The only
approach that shows promise appearsto beobject-
orientedd assification (segmentation) techniquesbased
onagglomerativealgorithmsthat utiliseauser defined
threshold resulting inidentification of objects(e.g.
vector polygonsin Gl Scienceor patchesin Landscape
Ecology), generated at agiven specified scde. Moreover,
thistypeof approach could seriously reduceproblems
inautomated multi-scale classification (and contribute
tothetrandation of information over multiplescales),
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sinceitisbased ontopological rulesamonghierarchical
objects/patches (Burnett and Blaschke, 2003;
Devereux et al., 2004; Schiewe, 2005).

Thispaper demonstratesthedependency of thequality
of information containedin landscape metricsonthe
spatial resolution associated with their cal culation.
Advancesintotheapplication of landscape metricsto
assist with the description of spatial patterns and
associated ecologica processeswill dsoassst withthe
devel opmentof innovativecl assificationtechniquesfor
interpretation of remotely sensed images.
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