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Coastal Typology Development with Heterogeneous Data
Sets

Abstract

This paper presents a dataven epert-guided method of coastal typologywe®pment using a
large, heterogeneous data set. Thesttgopment of coastal typologies is\ayn by a desire to
upscalaletailedregionalinformationto a globalscalein orderto studycoastakzonefunctionand

the efects of global climate change.e/demonstrate twvmethods of automatic typology genera-
tion--unsupervisedlusteringandregion growing with agglomeratie clustering--ané methodof
selectinganappropriatenumberof classedasedntheconcepof Minimum DescriptionLength.

We compare te methods of dePning distance between data points witgenamber of ari-

ables and potentially missing dataeeage scaled Euclidean distance and maximum scaled dif-
ference. © visualize the resulting typologies we use aehalgorithm for assigning colors to
different classes of data based on class similarity in a high-dimensional space. This combination
of techniques results in a methodology through which one or mpegte can easily delop a
usefulcoastlinetypologywith resultsthataresimilar to pre-eisting experttypologies but which
makes the process more quantitatiobjectve, consistent, and applicable across space and time.

Keywords: coastal zone, typologyglustering, visualization, distance measure

1 Intr oduction

The Land-Ocean Interaction in the Coastal Zone project [LOICZ] is a component of the Interna-
tional Geosphere-Biosphere Programme [IGBP] that focuses on the area of tisesegtte)

where land, ocean and atmosphere meet and interactvétadl goal of this project is to deter-
mineatregionalandglobalscalesthe natureof thatdynamicinteraction;how changesn various
compartments of the Earth system afeaing coastal zones and altering their role in global
cycles;to assestiow futurechangesn theseareaswill affecttheir useby people;and,to provide

a sound scientibc basis for future gred management of coastal areas on a sustainable basis
[14].

A primaryLOICZ objectveis developingglobal scale-estimatesf biogeochemicalBuxesof car-

bon, nitrogen, and phosphorous [C, N and P] in and through the coastal zone [CZ] [5]. The strat-
egy adopteds to identify Otype-specime@® P budgetsfor well-characterizedoastakregions,to
furtheridentify the coastaregionsaroundtheworld of which suchfunctionalobsenationsmight
betypical, andto usethis typologyrelationshipto upscalethe limited local datato an estimateof

global coastal zone function.ithin this contet, a typology is debned as a classibcation system
that dvides coastal zones into a set of classes according to one or msiEptyeological,
atmospheric, or human-relatedriables.

The deelopment of an wentory of standard-format CAitigets is in progress in the Bio-
geochemical Budgets task of LOICZ (http://data.ecakgge/mnode/). Theypology project
(http://www.nioz.nl/loicz/typo.htm) is responsible fornadoping the coastal classibcation
approacmeededor budgetupscaling Oneof the major stratgiesadopteds the developmentof
clustering and visualization techniques suitable for classifying coastal areas in terms of their sim-
ilarity with respect to enronmental ariables releant to biogeochemical function.



The task is challenging because of the need to rely on globaliglsle data, and to incorporate
mary different types of ariables -- marine, terrestrial, climatic, biotic, and Ohuman dimensionO
(i.e., socioeconomic andwdronmental alteration). Although anxiety of data is\ailable, data

sets difer in format, resolution, classes, and completeness, and the data tlesraseliypically

not normally distriited or amenable to standard statistical analyses.

Traditionalapproacheto typologydevelopmentor geospatiatiatatake eithera top-davn or bot-
tom-up approach. In a top-da approach>gerts design a decision tree based ofedint \ari-
ables and ariable ranges that seem appropriate for the@mment being considered

[10][19][20]. The eperts then apply this scheme to a data set and viesatebPne the classibca-
tions. A \ariation on this approach is toveaecperts classify a training set for a pattern classiber
-eithersymbolicor subsymbolidik e anartibcialneuralnetwork--andthenhave the patternclassi-
perlearntheclassedrom thetrainingsetandgeneralizehe classipcatiostratgy to unseerdata.

In thebottom-upapproacha clusteringmethodis usedto determinegroupsof similar datapoints
which then form standard classegaditional clustering methods include agglomeratiluster-

ing and the K-means clustering algorithm, alsovkmas \éctor Quantization [VQ]

[1][7][12][17]. In a geographic/geological comteresearchers ka used aariation on bottom-

up clustering termed geonalization, which locates spatially contiguous class members after
applying a general agglomenagiclustering to the data set that ignores spatial location [6].
Researchers ka also used K-means clustering on Landsat-4 dateatoiee the geographic dif-
ferences between coastal areas @fddales [13]. In both of these cases the data sets were fully
populated and the number anables small and statistically well-beled.

In thetop-dawvn typologyapproachtheresultis dependentiponexpertdecisionsin abottom-up
approach, the resulting typology isesfted by tve major issues, both of which can be guided by
expert input. First,  mary classes should there be in the typology? Seconddbove mea-

sure similarity between data points? The second is especially important when we consider multi-
dimensionaheterogeneougectors--dat@ointsthathave multiple variableswith differentranges,
variances, and meanings.

Theanswemve proposeo the brstquestion--hav mary classes?--ithatexpertopinionguidedby

dataanalysiss mostappropriateThe dataanalysiswe proposeusingin section2.4is aninforma-
tion theoretic criterion that balances the costs and benebts of using maverarlésses. If we
usedagglomeratie clustering--whichgenerates tree,or dendogranof classibcatiorschemdor

all possiblenumberf clusters--theitheexpertuserwould generallyselecttheappropriatdevel.

As we note bel, our information theoretic criterionould also apply in this situation

The traditional answer to the second questionv-tlo you measure similarity of heterogeneous
data?--is to use a statistical measure that incorpoasitnees and sariances of theariables.
However, when dealing with potentially incomplete heterogeneous global data setferaindif
scalestraditionaltechniquedeagin to breakdown. The brstcasualtyis thatthe covariancematrix
becomes non-irertible, making it impossible to use the Mahalanobis distance that handkes co
riances.Thesecondcasualtyis thatwith missingvariablesn somelocationswe cannotusea sim-

ple Osum-ofO technique becauderdifit pairs of data points will sum féifent numbers of
valuesIn section2.1and2.2we presenbur solutionswhichincludetwo measurethatdegrade
gracefully in the &ce of missing data and still incorporaggiance information.



In section3 we presentheresultsof typologydevelopmenion Australasiawhich is agoodexam-

ple location because of theigtence of both>gert typologies for the ggon and a lage number

of budget sites which we can use for Bux estimation [19]. In section 4 we discuss the results and
present directions for futureosk. Finally, we conclude with a summary of the typologyelep-

ment process in section 5.

2 Theory and methodology

Beforewe canbegin to developclassibcationandtypologies we mustbrstdebnevhatwe mean

when we say tev data points are similadnly then can we think about grouping similar points

and luilding conceptual structures.itW a mathematical dePnition of similatitye can bring to

bear numerous useful concepts and algorithms from statistics and pattern recognition. This sec-
tion debnes towreasonable debnitions of similarity and then presents a suite of algorithms that
use these debnitions for typologwdmpment.

2.1 Traditional distance measues br heterogeneous data

A usefulwayto think aboutsimilarity is asthedistanceébetweertwo datapoints.If thetwo points
aresimilar, thedistancebetweerthemis small. As their similarity decreaseshedistancebetween
them gets lager.

In a homogeneous multaviable space--such as the 3D space we inhabit--a useful measure of
distance is Euclidean distanc@rfhe N-dimensional data pointgndy, we can debne Euclid-

ean distanc®g as in (1).
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De = | & (xPy) 1)
i=1

This measuref similarity is appropriatdor measuringhedistancebetweerpointswith homoge-
neousdimensionsHomogeneous this contet canbe debnediseachdimensiorhaving similar
ranges andariances.

For the LOICZ dataset,however, andin factany heterogeneoudataset--debPnedsa datapoints
whose dimensions do notyeasimilar ranges orariances--Euclidean distance is not a useful
measuref similarity. Putsimply, it doesnottake into accounthefactthatdimensionswith larger
scales andariances will dominate the distance measure.

Instead, we need to normalize the ranges anidnces of the dérent dimensions so that, for
example,anelevationvariablemeasured metersdoesnotdominateonemeasuredh kilometers.
Onewayto dothisis to useascaledEuclideandistance Dg, which dividesthe squarediifference

in each dimension by thesiance of that dimension as shoin (2).

(2)

Intuitively, this distance is a statistical measure that weights tfezadite in a glen dimension
according to he signibcant that diérence is based on the estimatadance of the data in that
dimension. Br a heterogeneous data set whose data points are fully populatedkistatane



every dimensiorof every point--thisdePnitionof distancds reasonable-or aheterogeneousata
setwhosedatapointsarenotfully populatedn every dimensionsuchasthe LOICZ dataset,we
need to deal with the missing data.

One method of dealing with missing data problem is to usevdirage scaled Euclidean [ASE]
distance between twpoints [3]. This distance measui®, is debned as in (3),

o (X Dyi)z
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whereValid is the set of dimensions thatveaalid data in botkx andy, andcard(Valid) is the
number of alid dimensions.

The distance measu®, can be interpreted in the folling intuitive mannerlf the \alue is less

thanone,thentheaveragedifferencebetweerx andy in arny onedimensiornis lessthana standard
deviation. If the \alue is greater than one, then thierage diference is greater than a standard
deviation. Takingthesquareroot of D, would provide anexactmeasuren termsof standardlevi-

ations.

When the ceariance matrix of the data set--which specibes the correlation beteenles--is
invertible, then we can bring the Mahalanobis distance measure to bear on the problem [3]. The
Mahalanobis distance te& into account not only the scaling ardiance of a ariable, lnit also

the \ariation of other ariables based on thevasiances. Thus, if there are multipriables in

the data set that are all prding similar information--for eample, if there were multipleavi-

ables dependent upon temperature--then their catitibis weighted appropriately so that the
single fctor-i.e. temperature--does not dominate the distance measure.

Unfortunately with high-dimensional heterogeneous data sets terience matrix can become
singular-i.e. non-ivertible--which means the Mahalanobis distance is not possible to compute.

2.2 An altemative distance measwr based on exemes

An alternatve distancemeasurdor geographiclassibcatiofs to usethe maximumscaleddiffer-
ence [MSD] between correspondingriables rather than theexrage scaled distance. In other
words,two vectorsthatareidenticalexceptfor asinglevariablex;, will have thescaleddifference
in x; astheir distanceComparehis to atraditionalmeasurewherethefactthatmostof thediffer-
ences are zero &8s the Euclidean or scaled Euclidean distaneartts zero as the number of
dimensions increases. A formal debnition of the distancees gn (4).

(A DB,)°
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The MSD is a well-behed distance measure since it yoéhe properties of identitgymmetry
and the triangle inequalityn other vords, two vectors that contain allviables can only va a
distance of zero if theare equal to one another (identity propertyyoectors hge the same
distance no matter the order in whichytlage considered (symmetry property); and if

MSD(A, B)! 0 andMSD(A, C) = 0, thenMSD(B, C) ! 0 (triangle inequality), which just



states that if tw points are not equal, heannot both be equal to some third point. The MSD
alsobehaesnicely bothwith respecto missingvariables--ifjust considers/ariablesthatexist in
both data points--and multipl@xables that carry the same information--it considers only the
maximum diference.

Anotherway of thinking aboutthe MSD is thatit letsthe extremesrule judgement®f similarity;
two vectorscannotbesimilarif they have asinglevariablethatis very different.In ourimplemen-
tation of MSD distance, we use the maximum normalized squafededife, where the normal-
ization constants are thanances of the specibanables.

In some vays, this distance measure may better capture what we think of as similarity in coast-
lines. wo habitats that areevy much the samexeept for one ariable--such as temperature or
precipitation--may end up beingny different. Comersely we would think of two locations that

have small diferences in all &riables as beingirly similar. The aerage scaled Euclidean dis-
tancecouldrateboth of thesecasesasbeingequallysimilar, but the MSD distancewould saythe
lattercase--lotof smallvariations--shouldbe moresimilar. Thus,the MSD distancestartsto cap-

ture some of our intuition on the problem.

Other researchers Vmalso attempted to use altermes to a Euclidean-based distance fati-en
ronmental classipcations. Oneaenple is to use a multi-dimensional scaling approach where the
rank of a data poirg@istance to another data point is weighted more than the actual distance [4].

TheMSD distancas inspiredby theHausdorf distancewhichis ameasuref similarity between
setsthathasbeenusedsuccessfullyn imagecomparisongndobjectrecognitiontasksin the peld

of computer vision [8]. It has also recently been used in data mining applications to aelect v
ablesandbuild decisiontreeq15]. TheHausdorf distancesaysthatthedistancebetweertwo sets

A and B is the maximum of the minimum distances between all points in A and all points in B.

2.3 Unsupevised k-means clustering

Given a debpnition of similarifyve can nar start to look for natural groupings of similar points

that may indicate thexestence of a meaningful class. A standard method for clustering similar
points is unsupervised k-means clustering, also caetbr quantization [VQ][7][12] [17].

Overall, the algorithm tads as input a distance measure, a data set, and a desired number of clus-
ters.It thenattemptdo Pnda setof vectorsthatbestrepresentshe dataset.Eachof thesevectors

is themeanvectorof auniquesubsebdf the datapoints.Theoutputof theVQ algorithmis the set

of mean clusterectors and a tag for each data point, indicating its cluster membership.

Thealgorithmis brie3ydebnedelown. Theinputsto thealgorithmarethe distancemeasurd (P,
P,), thenumberof clustersK, andthedatapointsQ[1..N]. Theoutputis a setof meanclustervec-
tors V[1..K].

Assign randomly selected data points to V[1..K]
Loop
Calculate a tag value for each data point Q[1..N]
The tag is the index of the closest V[i] according to D()
Calculate a new set of mean cluster vectors VO[1..K]
If VO is the same as V then terminate
Else V gets VO and the loop continues
Return V
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Figure 1. Plot of representation error versus number of clusters for a 3 variable data set
for the Australia Coast

Since there is a random element to the VQ algorithm, it is important to run it multiple times with
the same inputs. The best set of clustatars V is the set that minimizes theerall representa-

tion error which can be debned as the sum of the distances between each point and its nearest
mean clusterector

2.4 Using description length to determine the optimal number of clusters

One problem with the VQ algorithm for typologyveéopment is that the user must specify the
numberof clusterdbeforehandlf anexperthassomeideaof thenumberof desirecclustersthisis
not a problem. Hoever, the &pert may not knea a priori hav mary natural clusters there are.

Oneway to approachthis problemis to look for a naturalbreakpoinin the errorasthe numberof
clusters increases. As the number of clusters gefsrléine representation error tends to zero--
which it will become when there are as matusters as there are data points. Figure Wvstao

plot of errorversughe numberof clusterghatdemonstratethis tendeng. However, theutility of
increasing the number of clusters is not a constant function. At some point, the reduction in the
representation error is noowh adding another cluster

To generate the error information, we prst specify a range afu€s and run the VQ algorithm
multiple times for each K. A plot of the resulting erratues relatie to the number of clusters
provides a graphical description of the benept of increasing the number of clustersyragisho
Figurel. In this plot thereappeato betwo naturalbreakpointsn this plot, onearound5 clusters
and another around 10. This indicates that the estlasters are critical, the xtéve are still
signibcantly decreasing the efrand bgond 10 clusters the benebt of using more clusters is
minimal. For this example whichis a 3-variabledatasetconstitutingthe Australian,Oceaniaand
New Zealand coastlines, therefore, a 10 class typolagyidibe appropriate.

Notethatwe cantake a morerigorousapproacto determininghow mary clusterds appropriate.
TheMinimum DescriptionLengthPrinciple,asdebnedy Rissanengivesusa mathematicalvay
of debning when we kia enough clusters [18]. Rissanenyides an information-theoretic dep-
nition of descriptionengththatis a combinationof the numberof parameterén amodelplusthe
representational error for that model. The best model balances theetovs so that their sum



is minimized. In the conke of clustering, the model is the set wEeage clusteractors that rep-
resent the data set; and the representational error feemmiodel is the sum of the squared dis-
tances between each point and its associaed@e clusteractor The description length
equation is gien in (5).

DL = DPlogP(x"|Q) + lélogn (5)

This saysthatthedescriptionengthDL is equalto thelog of the probability of thedata(x") given
themodel(Q) plusthe numberof modelparameter& multiplied by thelog of the numberof data
points. for the LOICZ data set and our debnition of distance, the probability of the datisagi
model--e.g. the set of mean clustectors--is the sum of the squareg@ge scaled distances
from each point to its associated mean clustetor multiplied by the number o&riables per
point. Thenumberof parameterss the numberof variablesperpoint multiplied by the numberof
clusters. Note that since the number afiables per point is in both terms of the equation we
leave it out when calculating the description length.

A plot of the description length for each cluster iggiin Figure 1. Note that the minimum
description length is reached between 9-12 clusters ajidgda® get lager agin bgyond that.
Thereforepy thismeasure--&it morerigorousthantheeyeball--weshouldbeusing9-12clusters
to represent this set of coastline data.

2.5 Segmentation though region growing

Whereas clustering is, in a sense, a global algorithm, we can atsa ladal approach to deter-
mining groups of similar data points. Since the LOICZ data has a geographixtcomeakes
senseo identify contiguoussectionsof coastlineconsistingof similar datapoints.Theclustering
approactdescribedabove doesnot necessarilyake into accounigeographiconsiderationsvhen
deciding what data points are ajkalthough this has been done by other researchers [16].

Region grawing is a commonly used technique in computer vision, where localxtaste
extremelyimportant.The basicideais to begin with aseedpointandthenaddneighboringpoints

to thatregion aslong asthey areA) similar enoughto their neighborandB) similarenoughto the
seed rgion. Note that the requirement for neighboring points to be sirwfaich we can debne

as a local threshold--is usually tighter than the requirement for points to be similar to the seed
region--which we can debne as a global threshold. When gianrstops greing--because its
neighborsaretoo different--thenwe canselecta secondseedpointandgrow anotheregion. This
process continues until all data points are labeled.

The result of this process is a set of connectgibms consisting of similar pets. Hav mary
regions there are is dependent upon the local and global thresholds that controithg gro-
cesslf thethresholdsarerigoroustherewill bemoreregions;if thethresholdsireloosetherewill
befewer. Notethatthis approactremovesthe needto specifythe numberof clustersput replaces
it with the specibcation of the local and global similarity thresholds.

What a rgion graving algorithm preides is a starting point forudding a hierarci based on
variable sized contiguousiitding blocks.



2.6 Methods br merging regions

Once we hee a set of gions--whether found through clustering ogice graving--we may

want to mege similar rgions together gardless of their spatial location. Especially in the case
of region growing, whereall regionsarespatiallycontiguousit is importantto begin matchingup
discontinuous it similar stretches of coastline.

We can use a step-wise optimal approach t@imeg+-also called agglomeredi clustering [1]--
which iteratvely meges the tw regions with the closest mean clustectors. Membership in a
cluster is strictly maintained with the hieraydhat deelops. The algorithm for selecting and
meiging two regions is as follars:

Find the pair of mean cluster vectors with minimum distance

Give all the data points in both clusters the same label

Calculate a mean cluster vector for the new cluster
Strict membership in a cluster hierayak maintained because points are not relabeled based on
their distance to a mean clustector At the end of the process,yagiven mean clusterector
represents an archetype point for its cluster and is not necessarily the closest mearectaster v
for all points in the clusteiThis method of meing is appropriate for mging regions found
through the sgmentation/rgion graving method.

The combination of iggon graving or VQ folloved by rgion meging pravides a method for
automatically deeloping a hierarchical typologif one is desired. Note that we could start the
meiging procesdgrom theinitial setof datapoints,ratherthanthe outputof a K-meansor segmen-
tation algorithm. Hwever, since these algorithms are grouping similar points in an optimal or
nearoptimal fashion, to start at the inddlual data points is probably unnecessary and may not
give as good results--although this is debnitely a good future comparisongo mak

Section3 presentsheresultsof usingthe sgmentatiorandmemging algorithmson subset®f the
LOICZ data set.

2.7 lterative rePnement ér visualization of cluster relationships

Throughouthe proces®f clusteror region developmentandmergingit is importantto beableto
visualizethe processandtheresults.The LoiczView programprovidesanintuitive graphicaluser
interface to the set of tools that implement the methods describee. abgarticularit allows

the user to visualize both the spatial disttibn of clusters and, through color relationships, the
similarity of clusters in the data space. Other researcheesusad spatial location to represent
similarity on a 2-D plane with carefully selected dimensions [2]. The latter style of visualization
canbeusefulfor validatingclusters put doesnot connecthe datapointsto their geographidoca-

tion.

The LoiczMew program uses a wel iteratve rePnement technique for selecting the display col-
orsto representlistancedetweercolor vectors.Thisis ahardproblembecaus¢hedistanceal-
culated between clusters reside in a high-dimensional space--up to 100 dimensions--while color
resides in a three dimensional space. Therefore, in most cases we cannot select a set of colors
whose distancexactly mirrors the true distances between the mean clustéors.

As a simple gample of this, considenie points in a te dimensional space that are all equidis-
tantfrom oneanotherOnesetof pointsthatmeetshis criteriais theset{(1, 0, 0,0, 0), (0, 1,0, 0,



0),(0,0,1,0,0),(0,0,0,1,0),(0,0,0,0,1)}. In thiscaseeach5-D pointis /2 avay from every
other point. In a 3-dimensional space, it is only possibleye faur points equidistant from one
another-atetragonlt is not possibleto generatdove pointsthatareequidistanfrom oneanother
in a3-D spaceThereforethe bestwe candowhenselectingcolorsis to approximatehetruedis-
tances in color space.

Theproblemcanbesetup asfollows. First, calculatethe matrix of distancedetweereachcluster
vector Normalizethis matrix by dividing eachelementby the largestelemenif the matrix. Now
all of the distances are in the range [0, 1].

Second, generate a set of random colors and assign one color to eachNthwstatculate the
matrix of distances between the colors in color space. In thedagenent of the technique, we
will use the RGB color space, where each axis ranges from [0, W]wedae two matrices
whoseelementsrein therange[0, 1]. Thefollowing algorithmwill iteratvely modify thecluster
colors so that it reduces thefdilence between the twmatrices.

Calculate the normalized cluster distance matrix D
Assign a random color to each cluster
Set the adjustment rate A (e.g. 20%)
Loop
Calculate the color distance matrix C
LetE j be the largest magnitude element of D-C

Let | and J be the clusters whose error is E i
LetC j be the color vector from color j tocolor
Adjust the color values of | and J to reduce E

Until the matrices are close enough or weOve looped enough

The update rule for the cluster colors igemi in (6).

color; = color; + C;; AE;; (6)

color; = color; BC;; AE;;

The number of iterations required to produce a good result is dependent upon the size of the
matrix and the number of cluster@rfa 10x10 matrix, 200 iterations ackes a result that no
longer changes signibcantly in terms of thgéat error between the tvmatrices. Br a much
larger matrix, more iterations may be required.

The adjustment rate is an important parameter of the problem. The adjustment rate needs to be
fast enough to al@ improvement, lnt not so lage that the systenvershoots good solutions.
Unlessotherwisespecibedall visualizationsnvolving color weredevelopedusingthis algorithm.

3 Experiments and esults

The methods described aleoallovs us to analyze and visualizedarheterogeneous data sets
such as the LOICZ data set Test and rebPne these methods welzgoplied them to a subset of
the LOICZ data set and compared the results wiple judgements.

Our process for deloping and alidating a horizontal typology (not hierarchical) is as f@fo



Select the ariables to use

Select hav mary classes (clusters) to create

Apply the VQ algorithm using an appropriate distance measure
Apply semantic labels to each cluster

Compare with epert judgement or prexesting typologies

arwbnE

For our prototype typology delopment we use a subset of the LOICZ data set corresponding to
the Australia/Nes Zealand coastline. This data set has a spatial resolution gfdede

3.1 Variable Selection

In this experiment the ariable selection as based on wfactors. First, did theariable preoide
good cwerage of the area (<10% missing data). Second, dicatieble actually prade useful
information(vary in areasonabl&vay over thedataset).Beyondthesewo considerationghepri-
mary concern &s not to gie too strong a weight to ymwne aspect of the emonment. The end
result was a set of 17ariables.

The ariables we selected included: seasonal precipitation (max and min), seasonal air tempera-
ture(maxandmin), seasonaseasurfacetemperaturémaxandmin), seasonasoil moisture(max

and min), seasonal salinity (max and min), seasonal Coastal Zone Color Scanner [CZCS] (max
and min), &erage annual runpfan annualeaporation proxyaverage vave height, standard

deviation of elevation,andatidal mixing proxy. Precipitatiorandair temperaturéenformationare

from [9], the remainingariables are from the LOICZ typology data set [1bf. the Australasia

coast we modiPed the LOICZ typology data by interpolating it ¥erclocations with no data.

For the most part this meant taking land cali@&bles and interpolating them onto adjacent

coastal cells, and taking sea cealliables and interpolating them onto adjacent coastal cells--a
coastal cell is debPned as a cell that contains both land and sea.

The evaporation proxy is a combination of wind speed aagbv pressure. The proxgnable is
the productof thetwo multiplied by 10 (vaporpressures watervaporpressurenultiplied by 10).
The vapor pressureariable came from [9] and the wind speed from [11].

Thetidal mixing proxy is acombinatiorof atidal form variable[semidiurnal mixed,diurnal]and
tidal range. The tidal mixing proxy is tidal range multiplied by tidal frequenbere tidal fre-
guengy is [semidiurnak= 2, mixed= 1.5,anddiurnal= 1]. Thetwo basevariablescamefrom [11].

3.2 Determine an appopriate number of classes

We used the minimum description length principle, described in section 2.4 to determine the
appropriate number of clusters for the data set. FigureviZzsstie plot of error and description

length \ersus number of clusters. From this graph, the appropriate number of clusters is between
10 and 15. W selected 12 classes in thiseple.

3.3 Cluster the data

We used the VQ algorithm using theseage scaled Euclidean distance measure to generate a set
of representate classesTo getagoodsetof classesve ranit tentimesandtook thelowesterror
result. This preided us with a reasonable set of represematiasses for the data.

Figure 3(a) shes a visualization of the resulting classes by mapping them into an image using
latitude, longitude, and using color to identify the class of each data point. Figure 3(b)asho
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Figure 2 Plot of representational error and description length versus number of clusters
for the 17-variable data set of Australasia.

(a) (b)
Figure 3 (a) 12-class clustering result for Australasia using average scaled Euclidean
distance and randomly selected colors. (b) Same clustering result but with colors
selected to ref3ect the similarity of the classes

visualization of the same clustering resulit Wwith the class colors selected using the algorithm
from section 2.7 to shothe relationships between classes. Note that three distinct classes e
while the others mege into more of a continuum in the color similarity presentation (gsbke 1
for class identibcations).

3.4 Apply semantic labels to each class

Thenext stepin thetypologydevelopmeniprocessnvolveslooking atthevariableaveragesn the
class ble generated by thepoais step. The class bles contain therage alues for eachari-
ablein eachclass.By looking attheseaveragevalueswe canseetheir typical geoplysicalcharac-
teristics. Based on these characteristics we can not ardyligm semantic labelgjtbalso see
what diferentiates tw classes for which mguvariables hae similar \alues.

A summary of the clusters and their labels \&giin Table 1. The labels were assigned based
upontheaveragevaluesof eachvariablefor eachclass,usingterminologyconsistentvith the ear-
lier, independentxert typology [19].



Table 1 Semantic labels, &y variables, and comparison to expert typologydr the 12-class
typology of Australasia using aerage scaled Euclidean distance measi(Figure 3(a)).

Color Class label Expert class Key variables

white Wet temperate | Wet temperate soil moisture/rundf(low)

red Grassy bay n/a CZCS (lots of green)

lighter green | Dry tropical Dry tropical/subtropical precipitation (lav)
temperature (high)

blue Cool wet temperate Wet temperate temperature (M)
precipitation (medium)

yellow Wet temperate Il Wet temperate soil moisture/rundf(high)

purple Moist temperate Mediterranean precipitation (medium)
high waves

orange Wet/dry tropical | Wet/dry tropical minimum moisture ariables (higher)

(border on wet trop.)
cyan Dry temperate Dry temperate precipitation/rundf (very low)
pink Alpine n/a runoff (very high)

elevation variance (ery high)
precipitation (high)

dark green Wet/dry Wet/dry minimum precipitation (medium)
tropical/subtropical tropical/subtropical temperatures (medium)
light purple Wet/dry tropical bay Wet/dry tropical elevation \ariance (lov)

maximum precipitation (high)

brown Wet/dry tropical Il Wet/dry tropical minimum moisture ariables (ery low)

3.5 Comparison to expert judgement

We can compare the classes identibPed in the unsupervised clustering of Australasia with a pre-
existing expert typology to see mowell the process compares. Figure 4 visually compares our
12-class typology with a typology wieoped in [19]. Despite the é#irence in ariables used for

the two typologies, the general form of thefdient classes is similawvith our data-drien typol-

ogy shaving more detail in terms of local phenomena such as the Alpgnenref Nev Zealand

and the special characteristics of bays.

Table 1 shws a direct comparison of the semantic labels for the datardaind epert typolo-
gies,shaving agoodmatchbetweerthetwo. The biggestdifferences thata numberof thelocal-
ized classes in the dataadyn typology do not sloup in the coarseixpert typology

Clearly this Oerror analysisO is based upon visual matching imi&ges: one produced by a
clusteranalysispneby atop-dovn experttypology We couldobtaina quantitatve estimateof the
match between the twtypologies by labeling each geographic cell according toxiheretypol-
ogy and looking at the percentaslap between the clusters. It is important to realizeveher,
that typologies in the absence of ground truth or an application butlifo @aluate quantita-
tively. Thus, our analysis in this paper is based on quaétatpert judgements and qualitagi



(b)

Figure 4 (a) 12-class clustering using average scaled Euclidean distance.
(b) Expert typology of Australasia [19].

(a) (b)
Figure 5 (a) 12-class clustering using average scaled Euclidean distance.
(b) 12-class clustering using MSD distance.

comparison withxgert typologies. This is appropriate in the case of the Austradimgle since
we are comparing typologies that were generated usifegatit data sets and approaches.

3.6 Comparison of &erage scaled Euclidean distance to the MSD distance

We can undertakthe same process of typologywelepment using the alternagi MSD distance
measureFigure5 compared 2-classclusteringausingthe averagescaledeuclideandistanceand
the Hausdoffdistance.

Note the similarities and dédrences between thedwesults. The biggest tfences occurs on

the southern and northern coasts of Australia where the southern coast apparentlgrhas fe
extreme diferences (bt higher aerage diferences) than the northern coast. Thus, the MSD dis-
tancedoesnotdivide the southerrcoastinto two sectionsn a 12-classclustering but the average
scaled Euclidean distance does.

Beforemakingconclusionsabouttheutility of the MSD distancebasedn this Pgure however, it
important to note that using theféifent distance measure also causes the representational error
to change. This, in turn, causes the description lengthveoddiferent minimum--in this case
one that is much Iger The MDL analysis (see section 2.4) says that instead of 12 classes, there



(@) (b)

Figure 6 (a) Clustering result for 24 classes using the ASE distance. (b) Clustering resu
for 24 classes using the MSD distance.

shouldbemorelik e 24-40.In otherwords,whenyou arelooking atextremegatherthanaverages,
there are morex¢éremes to be considered.

Figure6(a)shavs anexampleof a 24 classclusteringresultusingthe ASE distancemeasureFig-

ure6(b) shavs a 24 classclusteringresultusingthe MSD distancaneasureln the MSD plot, the
placeghatsignibcantlyincreasedn compleity werethe southerrcoast(oneclassbecamedour),

New Zealand (3 classes became 6), and the grassy bay cluster (one became three). These three
regions account for 8 of the 12welasses, and highlight where signibcant localized changes in
geographic ariables are taking place.

The other subtle dérence between the twplots is that the MSD appears to generate more con-
tiguous rgions and pick up on more details than the ASE.

3.7 Segmentation and meging to generate class descriptions

As abPnalcomparisonye appliedtheregion growing andmemging techniqueo the samedataset.
For thelocal parametethreshold--ha similaraneighboringpointmustbe--weusedl.0standard
deviation. For the global parameter threshold-hsimilar a point must be to the original seed
point--weusedl.22standardleviations.Pointshadto bewithin two degreesof oneanotherto be
considered adjacent, and the distance measasdive gerage scaled Euclidean distance.

The resulting sgmentation contained 170 flifent contiguous ggons: three signibPcantgens
and 167 1-3 point ggons. Applying the meje technique to this set ofgiens, the graph of
descriptionlengthversushumberof clustergyivesusaguideasto whento stopmeiging. Figure?
shaws this graph, which bottoms out between 16-28 classes. In Figure 8wéhgh?8 class
result,which appearso highlightanumberof localizedphenomenasimilarto theMSD distance.
Note that the localized phenomena each tend to gaddferent class, heever, since the gp
mentation process requires data points to be contiguous.

4 Discussion and Futue Directions

Thebrstquestionwve needto answelis whetherthetypologydevelopmentprocessutlinedabove
givesussomethinguseful.Fromthe Australasisexample the answerseemdo bethatit doespro-
duceareasonablsetof classesTheresultsshav broadagreementvith the previousexperttypol-



Figure 7 Description length versus number of clusters during merging (merge
process goes right to left from 170 down to 1)

(@) (b)

Figure 8 (a) 170 region result of segmentation process.
(b) 28 region result of segmentation followed by merging.

ogy. Furthermore, thehighlight localized phenomena that do notwhup in the &pert \ersion,

but neserthelessast in the data. Note that we obtained these results despite heterogeareous v
ables with some missing data, indicating that the distance measures we used are appropriate for
the task.

The primary real benebt of the datavdni methodology is that itygs us a quantitai, consis-
tent,andobjective way to compareclassescrosdothspaceandtime. Thus,thisapproactcanbe
used not only to compare coastlines across thrédwithin a temporally bed data set,ui can
also be used to comparevihooastlines change based on actual or predicted climate change.

A second real benebt of using the bottom-xypeet guided approach is in the timeisg aspect
of theprocessA groupof expertsthatincludedtheauthorsvasableto developthecompleteAus-
tralasiatypologywith the spanof anhour. Thiswaslargely becaus®f thetoolswe developedfor
automating the process--MDL analysis, clustering, and visualization.

A third real benebt of this approach is its utility for gregion of data and communication about
resultsacrosdisciplinaryboundariesHumandimensiornvariablesandphysicalvariableghatare
bothenvironmentalforcing functionscanbe effectively combined gventhoughtheir mechanisms
of operationarevery different. Thevisualpresentatiorf results andthe specibcatiomnf relation-



ships among the clusters, neskt a tool that can be used by for calibration bgirgety of
experts--and therefore a tool for igtating their indridual judgments.

Looking at the distance measures in detail, it appears that the MSD distance m&asws gi

slightly different classes than the ASE distance measure when applied to the same problem. The
MSD appears to more readily identify local phenomena, whigeadl similarity drves the ASE.

It will be up to the gperts dving the process to decide which approacly thant to emphasize.

In comparing both thevarage scaled Euclidean and MSD clustering results to the Igraése
tation, we hae to ask whether the lattenvgs us ay more or diferent information. When com-
pared to the 24 class ASE or MSD results, the primafgrdifice is thex@stence of longer
stretches of similar coastline in theysgentation/maging result. This occurred because the long
southern coastlineasg a single group to start with, which meant uanesplit during the process.

Whether the ggmentation/meging offers ary new insights is unclear from the singheagnple.
We needto undertale moreexperimentatiorbeforedecidingwhetherto pursuet ary furtherasa
potential typology deslopment tool.

5 Conclusion and Summary

This paperpresenta setof methodgshatpermitclustering classibcationandcomparisorof ervi-
ronments at igional and global scales. Clustering of high-dimensionality data sets can be based
onscaledEuclidiandistancesn waysthatpermitthe useof datasetsthatareincomplete notnor-

mally distrituted, or otherwise unsuitable for more traditional statistical analygedifferent
distancecriteria-- theaveragescaledeuclideandistanceandthe maximumscaleddistance- pro-

vide alternatre ways to @&plore the nature of @ronmental similarities and dérences.

Thepaperalsopresentancillarytechniqueshatexpandthe applicabilityandeaseof useof these
methods. Use of a minimum description length algorithmasatkpossible to estimate objec-
tively the optimum number of clusters for aen data set, and avel colorsimilarity approach
permits visualization of the similarities of spatially distitidsd clusters. Methods of cluster gper
ing provide ameansof establishindhierarchicarelationshipsamongtheclustersandof aggreat-
ing smaller clusters into Iger groups.

We hare demonstrated these techniques on aatiable coastal data set for Australia and neigh-
boring regions. The results are highly consistent with an independpettgudgement coastal
typology, andthedifferencesandsimilaritiesbetweerthe variousapproacheto clusterdepnition

are intuitvely understandable in terms of treriables and techniques used.

The methods prade a neel and potentially pwerful set of tools for classifying emonments
andfor upscalingervironmentalfunctions,eitheron a purely data-drvenbasisor asa component
in anexpert-drvenexaminationof selectecandweightedvariables Our initial applicationof this
methodologywill beto regionalizationandglobalizationof coastalC, N, P budgetsaspartof the
LOICZ projects. Hwever, the techniques are further applicable to issues of global gimhad
changéby comparisorof clustersbasedn presentata historicalrecordsandfuturescenario®r
modelpredictions Thiswill permitspace-fottime trade-ofs in analysisby identifying a region®
potential trajectory between clusterseotime.
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