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Coastal Typology Development with Heterogeneous Data
Sets

Abstract
This paper presents a data-driven expert-guided method of coastal typology development using a
large, heterogeneous data set. The development of coastal typologies is driven by a desire to
upscaledetailedregionalinformationto aglobalscalein orderto studycoastalzonefunctionand
the effects of global climate change. We demonstrate two methods of automatic typology genera-
tion--unsupervisedclusteringandregiongrowing with agglomerativeclustering--andamethodof
selectinganappropriatenumberof classesbasedontheconceptof Minimum DescriptionLength.
We compare two methods of deÞning distance between data points with a large number of vari-
ables and potentially missing data--average scaled Euclidean distance and maximum scaled dif-
ference. To visualize the resulting typologies we use a novel algorithm 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 more experts can easily develop a
usefulcoastlinetypologywith resultsthataresimilar to pre-existingexperttypologies,but which
makes the process more quantitative, objective, consistent, and applicable across space and time.

Keywords: coastal zone, typology, clustering, 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 the earthÕs surface
where land, ocean and atmosphere meet and interact. The overall goal of this project is to deter-
mineat regionalandglobalscales:thenatureof thatdynamicinteraction;how changesin various
compartments of the Earth system are affecting coastal zones and altering their role in global
cycles;to assesshow futurechangesin theseareaswill affect theiruseby people;and,to provide
a sound scientiÞc basis for future integrated management of coastal areas on a sustainable basis
[14].

A primaryLOICZ objective is developingglobalscale-estimatesof biogeochemicalßuxesof car-
bon, nitrogen, and phosphorous [C, N and P] in and through the coastal zone [CZ] [5]. The strat-
egy adoptedis to identify Ôtype-specimenÕCNPbudgetsfor well-characterizedcoastalregions,to
furtheridentify thecoastalregionsaroundtheworld of whichsuchfunctionalobservationsmight
betypical,andto usethis typologyrelationshipto upscalethelimited localdatato anestimateof
global coastal zone function. Within this context, a typology is deÞned as a classiÞcation system
that divides coastal zones into a set of classes according to one or more physical, geological,
atmospheric, or human-related variables.

The development of an inventory of standard-format CZ budgets is in progress in the Bio-
geochemical Budgets task of LOICZ (http://data.ecology.su.se/mnode/). The Typology project
(http://www.nioz.nl/loicz/typo.htm) is responsible for developing the coastal classiÞcation
approachneededfor budgetupscaling.Oneof themajorstrategiesadoptedis thedevelopmentof
clustering and visualization techniques suitable for classifying coastal areas in terms of their sim-
ilarity with respect to environmental variables relevant to biogeochemical function.



The task is challenging because of the need to rely on globally-available data, and to incorporate
many different types of variables -- marine, terrestrial, climatic, biotic, and Òhuman dimensionÓ
(i.e., socioeconomic and environmental alteration). Although a variety of data is available, data
sets differ in format, resolution, classes, and completeness, and the data themselves are typically
not normally distributed or amenable to standard statistical analyses.

Traditionalapproachesto typologydevelopmentfor geospatialdatatakeeithera top-down or bot-
tom-up approach. In a top-down approach experts design a decision tree based on different vari-
ables and variable ranges that seem appropriate for the environment being considered
[10][19][20]. The experts then apply this scheme to a data set and iteratively reÞne the classiÞca-
tions. A variation on this approach is to have experts classify a training set for a pattern classiÞer-
-eithersymbolicor subsymboliclikeanartiÞcialneuralnetwork--andthenhave thepatternclassi-
Þerlearntheclassesfrom thetrainingsetandgeneralizetheclassiÞcationstrategy to unseendata.

In thebottom-upapproach,aclusteringmethodis usedto determinegroupsof similardatapoints
which then form standard classes. Traditional clustering methods include agglomerative cluster-
ing and the K-means clustering algorithm, also known as Vector Quantization [VQ]
[1][7][12][17]. In a geographic/geological context, researchers have used a variation on bottom-
up clustering termed regionalization, which locates spatially contiguous class members after
applying a general agglomerative clustering to the data set that ignores spatial location [6].
Researchers have also used K-means clustering on Landsat-4 data to examine the geographic dif-
ferences between coastal areas of large lakes [13]. In both of these cases the data sets were fully
populated and the number of variables small and statistically well-behaved.

In thetop-down typologyapproach,theresultis dependentuponexpertdecisions.In abottom-up
approach, the resulting typology is affected by two major issues, both of which can be guided by
expert input. First, how many classes should there be in the typology? Second, how do we mea-
sure similarity between data points? The second is especially important when we consider multi-
dimensionalheterogeneousvectors--datapointsthathavemultiplevariableswith differentranges,
variances, and meanings.

Theanswerweproposeto theÞrstquestion--how many classes?--isthatexpertopinionguidedby
dataanalysisis mostappropriate.Thedataanalysisweproposeusingin section2.4is aninforma-
tion theoretic criterion that balances the costs and beneÞts of using more or fewer classes. If we
usedagglomerativeclustering--whichgeneratesa tree,or dendogramof classiÞcationschemafor
all possiblenumbersof clusters--thentheexpertuserwouldgenerallyselecttheappropriatelevel.
As we note below, our information theoretic criterion would also apply in this situation

The traditional answer to the second question--how do you measure similarity of heterogeneous
data?--is to use a statistical measure that incorporate variances and covariances of the variables.
However, when dealing with potentially incomplete heterogeneous global data sets at different
scales,traditionaltechniquesbegin to breakdown. TheÞrstcasualtyis thatthecovariancematrix
becomes non-invertible, making it impossible to use the Mahalanobis distance that handles cova-
riances.Thesecondcasualtyis thatwith missingvariablesin somelocationswecannotuseasim-
ple Òsum-ofÓ technique because different pairs of data points will sum different numbers of
values.In sections2.1and2.2wepresentoursolutions,which includetwo measuresthatdegrade
gracefully in the face of missing data and still incorporate variance information.



In section3 wepresenttheresultsof typologydevelopmentonAustralasia,which is agoodexam-
ple location because of the existence of both expert typologies for the region and a large number
of budget sites which we can use for ßux estimation [19]. In section 4 we discuss the results and
present directions for future work. Finally, we conclude with a summary of the typology develop-
ment process in section 5.

2 Theory and methodology

Beforewecanbegin to developclassiÞcationsandtypologies,wemustÞrstdeÞnewhatwemean
when we say two data points are similar. Only then can we think about grouping similar points
and building conceptual structures. With a mathematical deÞnition of similarity, we can bring to
bear numerous useful concepts and algorithms from statistics and pattern recognition. This sec-
tion deÞnes two reasonable deÞnitions of similarity and then presents a suite of algorithms that
use these deÞnitions for typology development.

2.1 Traditional distance measures for heterogeneous data
A usefulwayto think aboutsimilarity is asthedistancebetweentwo datapoints.If thetwo points
aresimilar, thedistancebetweenthemis small.As theirsimilarity decreases,thedistancebetween
them gets larger.

In a homogeneous multi-variable space--such as the 3D space we inhabit--a useful measure of
distance is Euclidean distance. For the N-dimensional data pointsx andy, we can deÞne Euclid-
ean distanceDE as in (1).

(1)

Thismeasureof similarity is appropriatefor measuringthedistancebetweenpointswith homoge-
neousdimensions.Homogeneousin thiscontext canbedeÞnedaseachdimensionhaving similar
ranges and variances.

For theLOICZ dataset,however, andin factany heterogeneousdataset--deÞnedasadatapoints
whose dimensions do not have similar ranges or variances--Euclidean distance is not a useful
measureof similarity. Putsimply, it doesnot takeinto accountthefactthatdimensionswith larger
scales and variances will dominate the distance measure.

Instead, we need to normalize the ranges and variances of the different dimensions so that, for
example,anelevationvariablemeasuredin metersdoesnotdominateonemeasuredin kilometers.
Onewayto dothis is to useascaledEuclideandistance,DS, whichdividesthesquareddifference
in each dimension by the variance of that dimension as shown in (2).

(2)

Intuitively, this distance is a statistical measure that weights the difference in a given dimension
according to how signiÞcant that difference is based on the estimated variance of the data in that
dimension. For a heterogeneous data set whose data points are fully populated--data exists in
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everydimensionof everypoint--thisdeÞnitionof distanceis reasonable.For aheterogeneousdata
setwhosedatapointsarenot fully populatedin everydimension,suchastheLOICZ dataset,we
need to deal with the missing data.

One method of dealing with missing data problem is to use the average scaled Euclidean [ASE]
distance between two points [3]. This distance measure,DA, is deÞned as in (3),

(3)

whereValid is the set of dimensions that have valid data in bothx andy, andcard(Valid) is the
number of valid dimensions.

The distance measureDA can be interpreted in the following intuitive manner. If the value is less
thanone,thentheaveragedifferencebetweenx andy in any onedimensionis lessthanastandard
deviation. If the value is greater than one, then the average difference is greater than a standard
deviation.Takingthesquarerootof DA wouldprovideanexactmeasurein termsof standarddevi-
ations.

When the covariance matrix of the data set--which speciÞes the correlation between variables--is
invertible, then we can bring the Mahalanobis distance measure to bear on the problem [3]. The
Mahalanobis distance takes into account not only the scaling and variance of a variable, but also
the variation of other variables based on the covariances. Thus, if there are multiple variables in
the data set that are all providing similar information--for example, if there were multiple vari-
ables dependent upon temperature--then their contribution is weighted appropriately so that the
single factor--i.e. temperature--does not dominate the distance measure.

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

2.2 An alternative distance measure based on extremes
An alternativedistancemeasurefor geographicclassiÞcationis to usethemaximumscaleddiffer-
ence [MSD] between corresponding variables rather than the average scaled distance. In other
words,two vectorsthatareidenticalexceptfor asinglevariablexi, will havethescaleddifference
in xi astheirdistance.Comparethis to a traditionalmeasure,wherethefactthatmostof thediffer-
ences are zero drives the Euclidean or scaled Euclidean distance towards zero as the number of
dimensions increases. A formal deÞnition of the distance is given in (4).

(4)

The MSD is a well-behaved distance measure since it obeys the properties of identity, symmetry,
and the triangle inequality. In other words, two vectors that contain all variables can only have a
distance of zero if they are equal to one another (identity property). Two vectors have the same
distance no matter the order in which they are considered (symmetry property); and if
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states that if two points are not equal, they cannot both be equal to some third point. The MSD
alsobehavesnicelybothwith respectto missingvariables--itjust considersvariablesthatexist in
both data points--and multiple variables that carry the same information--it considers only the
maximum difference.

Anotherwayof thinkingabouttheMSD is thatit letstheextremesrule judgementsof similarity;
two vectorscannotbesimilar if they haveasinglevariablethatis verydifferent.In our implemen-
tation of MSD distance, we use the maximum normalized squared difference, where the normal-
ization constants are the variances of the speciÞc variables.

In some ways, this distance measure may better capture what we think of as similarity in coast-
lines. Two habitats that are very much the same except for one variable--such as temperature or
precipitation--may end up being very different. Conversely, we would think of two locations that
have small differences in all variables as being fairly similar. The average scaled Euclidean dis-
tancecouldratebothof thesecasesasbeingequallysimilar, but theMSD distancewouldsaythe
lattercase--lotsof smallvariations--shouldbemoresimilar. Thus,theMSD distancestartsto cap-
ture some of our intuition on the problem.

Other researchers have also attempted to use alternatives to a Euclidean-based distance for envi-
ronmental classiÞcations. One example is to use a multi-dimensional scaling approach where the
rank of a data pointÕs distance to another data point is weighted more than the actual distance [4].

TheMSD distanceis inspiredby theHausdorff distance,whichis ameasureof similarity between
setsthathasbeenusedsuccessfullyin imagecomparisonsandobjectrecognitiontasksin theÞeld
of computer vision [8]. It has also recently been used in data mining applications to select vari-
ablesandbuild decisiontrees[15]. TheHausdorff distancesaysthatthedistancebetweentwo sets
A and B is the maximum of the minimum distances between all points in A and all points in B.

2.3 Unsupervised k-means clustering
Given a deÞnition of similarity, we can now start to look for natural groupings of similar points
that may indicate the existence of a meaningful class. A standard method for clustering similar
points is unsupervised k-means clustering, also called vector quantization [VQ][7][12] [17].
Overall, the algorithm takes as input a distance measure, a data set, and a desired number of clus-
ters.It thenattemptsto Þndasetof vectorsthatbestrepresentsthedataset.Eachof thesevectors
is themeanvectorof auniquesubsetof thedatapoints.Theoutputof theVQ algorithmis theset
of mean cluster vectors and a tag for each data point, indicating its cluster membership.

Thealgorithmis brießydeÞnedbelow. Theinputsto thealgorithmarethedistancemeasureD(P1,
P2), thenumberof clustersK, andthedatapointsQ[1..N]. Theoutputis asetof 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 VÕ[1..K]
If VÕ is the same as V then terminate
Else V gets VÕ and the loop continues

Return V



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 cluster vectors V is the set that minimizes the overall representa-
tion error, which can be deÞned as the sum of the distances between each point and its nearest
mean cluster vector.

2.4 Using description length to determine the optimal number of clusters
One problem with the VQ algorithm for typology development is that the user must specify the
numberof clustersbeforehand.If anexperthassomeideaof thenumberof desiredclusters,this is
not a problem. However, the expert may not know a priori how many natural clusters there are.

Onewayto approachthisproblemis to look for anaturalbreakpointin theerrorasthenumberof
clusters increases. As the number of clusters gets larger, the representation error tends to zero--
which it will become when there are as many clusters as there are data points. Figure 1 shows a
plot of errorversusthenumberof clustersthatdemonstratesthis tendency. However, theutility of
increasing the number of clusters is not a constant function. At some point, the reduction in the
representation error is not worth adding another cluster.

To generate the error information, we Þrst specify a range of K values and run the VQ algorithm
multiple times for each K. A plot of the resulting error values relative to the number of clusters
provides a graphical description of the beneÞt of increasing the number of clusters, as shown in
Figure1. In thisplot thereappearto betwo naturalbreakpointsin thisplot, onearound5 clusters
and another around 10. This indicates that the Þrst Þve clusters are critical, the next Þve are still
signiÞcantly decreasing the error, and beyond 10 clusters the beneÞt of using more clusters is
minimal.For thisexample,whichis a3-variabledatasetconstitutingtheAustralian,Oceania,and
New Zealand coastlines, therefore, a 10 class typology would be appropriate.

Notethatwecantakeamorerigorousapproachto determininghow many clustersis appropriate.
TheMinimum DescriptionLengthPrinciple,asdeÞnedby Rissanen,givesusamathematicalway
of deÞning when we have enough clusters [18]. Rissanen provides an information-theoretic deÞ-
nition of descriptionlengththatis acombinationof thenumberof parametersin amodelplusthe
representational error for that model. The best model balances these two factors so that their sum

Figure 1. Plot of representation error versus number of clusters for a 3 variable data set
for the Australia Coast
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is minimized. In the context of clustering, the model is the set of average cluster vectors that rep-
resent the data set; and the representational error for a given model is the sum of the squared dis-
tances between each point and its associated average cluster vector. The description length
equation is given in (5).

(5)

ThissaysthatthedescriptionlengthDL is equalto thelog of theprobabilityof thedata(xn) given
themodel(Q) plusthenumberof modelparametersk multipliedby thelog of thenumberof data
points. For the LOICZ data set and our deÞnition of distance, the probability of the data given a
model--e.g. the set of mean cluster vectors--is the sum of the squared average scaled distances
from each point to its associated mean cluster vector multiplied by the number of variables per
point.Thenumberof parametersis thenumberof variablesperpointmultipliedby thenumberof
clusters. Note that since the number of variables 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 is given in Figure 1. Note that the minimum
description length is reached between 9-12 clusters and begins to get larger again beyond that.
Therefore,by thismeasure--abit morerigorousthantheeyeball--weshouldbeusing9-12clusters
to represent this set of coastline data.

2.5 Segmentation through region growing
Whereas clustering is, in a sense, a global algorithm, we can also take a local approach to deter-
mining groups of similar data points. Since the LOICZ data has a geographic context, it makes
senseto identify contiguoussectionsof coastlineconsistingof similardatapoints.Theclustering
approachdescribedabovedoesnotnecessarilytake into accountgeographicconsiderationswhen
deciding what data points are alike, although this has been done by other researchers [16].

Region growing is a commonly used technique in computer vision, where local context is
extremelyimportant.Thebasicideais to begin with aseedpointandthenaddneighboringpoints
to thatregionaslongasthey areA) similarenoughto theirneighborandB) similarenoughto the
seed region. Note that the requirement for neighboring points to be similar--which we can deÞne
as a local threshold--is usually tighter than the requirement for points to be similar to the seed
region--which we can deÞne as a global threshold. When one region stops growing--because its
neighborsaretoodifferent--thenwecanselectasecondseedpointandgrow anotherregion.This
process continues until all data points are labeled.

The result of this process is a set of connected regions consisting of similar pixels. How many
regions there are is dependent upon the local and global thresholds that control the growing pro-
cess.If thethresholdsarerigoroustherewill bemoreregions;if thethresholdsareloosetherewill
befewer. Notethatthisapproachremovestheneedto specifythenumberof clusters,but replaces
it with the speciÞcation of the local and global similarity thresholds.

What a region growing algorithm provides is a starting point for building a hierarchy based on
variable sized contiguous building blocks.

DL P xn Q( )logÐ
k
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2.6 Methods for merging regions
Once we have a set of regions--whether found through clustering or region growing--we may
want to merge similar regions together regardless of their spatial location. Especially in the case
of regiongrowing, whereall regionsarespatiallycontiguous,it is importantto begin matchingup
discontinuous but similar stretches of coastline.

We can use a step-wise optimal approach to merging--also called agglomerative clustering [1]--
which iteratively merges the two regions with the closest mean cluster vectors. Membership in a
cluster is strictly maintained with the hierarchy that develops. The algorithm for selecting and
merging two regions is as follows:

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 hierarchy is maintained because points are not relabeled based on
their distance to a mean cluster vector. At the end of the process, any given mean cluster vector
represents an archetype point for its cluster and is not necessarily the closest mean cluster vector
for all points in the cluster. This method of merging is appropriate for merging regions found
through the segmentation/region growing method.

The combination of region growing or VQ followed by region merging provides a method for
automatically developing a hierarchical typology, if one is desired. Note that we could start the
mergingprocessfrom theinitial setof datapoints,ratherthantheoutputof aK-meansor segmen-
tation algorithm. However, since these algorithms are grouping similar points in an optimal or
near-optimal fashion, to start at the individual data points is probably unnecessary and may not
give as good results--although this is deÞnitely a good future comparison to make.

Section3 presentstheresultsof usingthesegmentationandmergingalgorithmsonsubsetsof the
LOICZ data set.

2.7 Iterative reÞnement for visualization of cluster relationships
Throughouttheprocessof clusteror regiondevelopmentandmerging it is importantto beableto
visualizetheprocessandtheresults.TheLoiczView programprovidesanintuitivegraphicaluser
interface to the set of tools that implement the methods described above. In particular, it allows
the user to visualize both the spatial distribution of clusters and, through color relationships, the
similarity of clusters in the data space. Other researchers have used spatial location to represent
similarity on a 2-D plane with carefully selected dimensions [2]. The latter style of visualization
canbeusefulfor validatingclusters,but doesnotconnectthedatapointsto theirgeographicloca-
tion.

The LoiczView program uses a novel iterative reÞnement technique for selecting the display col-
orsto representdistancesbetweencolorvectors.This is ahardproblembecausethedistancescal-
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 distances exactly mirrors the true distances between the mean cluster vectors.

As a simple example of this, consider Þve points in a Þve dimensional space that are all equidis-
tantfrom oneanother. Onesetof pointsthatmeetsthiscriteriais 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 thiscase,each5-D point is awayfrom every
other point. In a 3-dimensional space, it is only possible to have four points equidistant from one
another--a tetragon.It is notpossibleto generateÞvepointsthatareequidistantfrom oneanother
in a3-D space.Therefore,thebestwecandowhenselectingcolorsis to approximatethetruedis-
tances in color space.

Theproblemcanbesetupasfollows.First,calculatethematrixof distancesbetweeneachcluster
vector. Normalizethismatrixby dividing eachelementby thelargestelementof thematrix.Now
all of the distances are in the range [0, 1].

Second, generate a set of random colors and assign one color to each cluster. Now calculate the
matrix of distances between the colors in color space. In this development of the technique, we
will use the RGB color space, where each axis ranges from [0, 1]. Now we have two matrices
whoseelementsarein therange[0, 1]. Thefollowing algorithmwill iteratively modify thecluster
colors so that it reduces the difference between the two matrices.

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
Let E ij  be the largest magnitude element of D-C

Let I and J be the clusters whose error is E ij

Let C ij  be the color vector from color j  to color i

Adjust the color values of I and J to reduce E
Until the matrices are close enough or weÕve looped enough

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

(6)

The number of iterations required to produce a good result is dependent upon the size of the
matrix and the number of clusters. For a 10x10 matrix, 200 iterations achieves a result that no
longer changes signiÞcantly in terms of the largest error between the two matrices. For 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 allow improvement, but not so large that the system overshoots good solutions.
UnlessotherwisespeciÞed,all visualizationsinvolving colorweredevelopedusingthisalgorithm.

3 Experiments and results

The methods described above allows us to analyze and visualize large heterogeneous data sets
such as the LOICZ data set. To test and reÞne these methods we have applied them to a subset of
the LOICZ data set and compared the results with expert judgements.

Our process for developing and validating a horizontal typology (not hierarchical) is as follows.

2
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1. Select the variables to use
2. Select how many classes (clusters) to create
3. Apply the VQ algorithm using an appropriate distance measure
4. Apply semantic labels to each cluster
5. Compare with expert judgement or pre-existing typologies

For our prototype typology development we use a subset of the LOICZ data set corresponding to
the Australia/New Zealand coastline. This data set has a spatial resolution of 1 degree.

3.1 Variable Selection
In this experiment the variable selection was based on two factors. First, did the variable provide
good coverage of the area (<10% missing data). Second, did the variable actually provide useful
information(vary in areasonablewayover thedataset).Beyondthesetwo considerations,thepri-
mary concern was not to give too strong a weight to any one aspect of the environment. The end
result was a set of 17 variables.

The variables we selected included: seasonal precipitation (max and min), seasonal air tempera-
ture(maxandmin), seasonalseasurfacetemperature(maxandmin), seasonalsoil moisture(max
and min), seasonal salinity (max and min), seasonal Coastal Zone Color Scanner [CZCS] (max
and min), average annual runoff, an annual evaporation proxy, average wave height, standard
deviationof elevation,andatidal mixing proxy. Precipitationandair temperatureinformationare
from [9], the remaining variables are from the LOICZ typology data set [11]. For the Australasia
coast we modiÞed the LOICZ typology data by interpolating it to cover locations with no data.
For the most part this meant taking land cell variables and interpolating them onto adjacent
coastal cells, and taking sea cell variables and interpolating them onto adjacent coastal cells--a
coastal cell is deÞned as a cell that contains both land and sea.

The evaporation proxy is a combination of wind speed and vapor pressure. The proxy variable is
theproductof thetwo multipliedby 10(vaporpressureis watervaporpressuremultipliedby 10).
The vapor pressure variable came from [9] and the wind speed from [11].

Thetidal mixing proxy is acombinationof atidal form variable[semidiurnal,mixed,diurnal]and
tidal range. The tidal mixing proxy is tidal range multiplied by tidal frequency, where tidal fre-
quency is [semidiurnal= 2, mixed= 1.5,anddiurnal= 1]. Thetwo basevariablescamefrom [11].

3.2 Determine an appropriate 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. Figure 2 shows the plot of error and description
length versus number of clusters. From this graph, the appropriate number of clusters is between
10 and 15. We selected 12 classes in this example.

3.3 Cluster the data
We used the VQ algorithm using the average scaled Euclidean distance measure to generate a set
of representativeclasses.To getagoodsetof classesweranit tentimesandtook thelowesterror
result. This provided us with a reasonable set of representative classes for the data.

Figure 3(a) shows 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) shows a



visualization of the same clustering result, but with the class colors selected using the algorithm
from section 2.7 to show the relationships between classes. Note that three distinct classes exist,
while the others merge into more of a continuum in the color similarity presentation (see Table 1
for class identiÞcations).

3.4 Apply semantic labels to each class
Thenext stepin thetypologydevelopmentprocessinvolveslookingat thevariableaveragesin the
class Þle generated by the previous step. The class Þles contain the average values for each vari-
ablein eachclass.By lookingat theseaveragevalueswecanseetheir typicalgeophysicalcharac-
teristics. Based on these characteristics we can not only give them semantic labels, but also see
what differentiates two classes for which many variables have similar values.

A summary of the clusters and their labels is given in Table 1. The labels were assigned based
upontheaveragevaluesof eachvariablefor eachclass,usingterminologyconsistentwith theear-
lier, independent expert typology [19].

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 reßect the similarity of the classes



3.5 Comparison to expert judgement
We can compare the classes identiÞed in the unsupervised clustering of Australasia with a pre-
existing expert typology to see how well the process compares. Figure 4 visually compares our
12-class typology with a typology developed in [19]. Despite the difference in variables used for
the two typologies, the general form of the different classes is similar, with our data-driven typol-
ogy showing more detail in terms of local phenomena such as the Alpine region of New Zealand
and the special characteristics of bays.

Table 1 shows a direct comparison of the semantic labels for the data-driven and expert typolo-
gies,showing agoodmatchbetweenthetwo. Thebiggestdifferenceis thatanumberof thelocal-
ized classes in the data-driven typology do not show up in the coarser expert typology.

Clearly this Òerror analysisÓ is based upon visual matching of two images: one produced by a
clusteranalysis,oneby atop-down experttypology. Wecouldobtainaquantitativeestimateof the
match between the two typologies by labeling each geographic cell according to the expert typol-
ogy and looking at the percent overlap between the clusters. It is important to realize, however,
that typologies in the absence of ground truth or an application are difÞcult to evaluate quantita-
tively. Thus, our analysis in this paper is based on qualitative expert judgements and qualitative

Table 1  Semantic labels, key variables, and comparison to expert typology for the 12-class
typology of Australasia using average scaled Euclidean distance measure (Figure 3(a)).

Color Class label Expert class Key variables

white Wet temperate I Wet temperate soil moisture/runoff (low)

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

lighter green Dry tropical Dry tropical/subtropical precipitation (low)
temperature (high)

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

yellow Wet temperate II Wet temperate soil moisture/runoff (high)

purple Moist temperate Mediterranean precipitation (medium)
high waves

orange Wet/dry tropical I Wet/dry tropical
(border on wet trop.)

minimum moisture variables (higher)

cyan Dry temperate Dry temperate precipitation/runoff (very low)

pink Alpine n/a runoff (very high)
elevation variance (very high)
precipitation (high)

dark green Wet/dry
tropical/subtropical

Wet/dry
tropical/subtropical

minimum precipitation (medium)
temperatures (medium)

light purple Wet/dry tropical bay Wet/dry tropical elevation variance (low)
maximum precipitation (high)

brown Wet/dry tropical II Wet/dry tropical minimum moisture variables (very low)



comparison with expert typologies. This is appropriate in the case of the Australia example since
we are comparing typologies that were generated using different data sets and approaches.

3.6 Comparison of average scaled Euclidean distance to the MSD distance
We can undertake the same process of typology development using the alternative MSD distance
measure.Figure5 compares12-classclusteringsusingtheaveragescaledEuclideandistanceand
the Hausdorff distance.

Note the similarities and differences between the two results. The biggest differences occurs on
the southern and northern coasts of Australia where the southern coast apparently has fewer
extreme differences (but higher average differences) than the northern coast. Thus, the MSD dis-
tancedoesnotdivide thesoutherncoastinto two sectionsin a12-classclustering,but theaverage
scaled Euclidean distance does.

Beforemakingconclusionsabouttheutility of theMSD distancebasedonthisÞgure,however, it
important to note that using the different distance measure also causes the representational error
to change. This, in turn, causes the description length to have a different minimum--in this case
one that is much larger. The MDL analysis (see section 2.4) says that instead of 12 classes, there

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.

(a) (b)



shouldbemorelike24-40.In otherwords,whenyouarelookingatextremesratherthanaverages,
there are more extremes to be considered.

Figure6(a)showsanexampleof a24classclusteringresultusingtheASEdistancemeasure.Fig-
ure6(b)showsa24classclusteringresultusingtheMSD distancemeasure.In theMSD plot, the
placesthatsigniÞcantlyincreasedin complexity werethesoutherncoast(oneclassbecamefour),
New Zealand (3 classes became 6), and the grassy bay cluster (one became three). These three
regions account for 8 of the 12 new classes, and highlight where signiÞcant localized changes in
geographic variables are taking place.

The other subtle difference between the two plots is that the MSD appears to generate more con-
tiguous regions and pick up on more details than the ASE.

3.7 Segmentation and merging to generate class descriptions
As aÞnalcomparison,weappliedtheregiongrowing andmergingtechniqueto thesamedataset.
For thelocalparameterthreshold--how similaraneighboringpointmustbe--weused1.0standard
deviation. For the global parameter threshold--how similar a point must be to the original seed
point--weused1.22standarddeviations.Pointshadto bewithin two degreesof oneanotherto be
considered adjacent, and the distance measure was the average scaled Euclidean distance.

The resulting segmentation contained 170 different contiguous regions: three signiÞcant regions
and 167 1-3 point regions. Applying the merge technique to this set of regions, the graph of
descriptionlengthversusnumberof clustersgivesusaguideasto whento stopmerging.Figure7
shows this graph, which bottoms out between 16-28 classes. In Figure 8 we show the 28 class
result,whichappearsto highlightanumberof localizedphenomena,similar to theMSD distance.
Note that the localized phenomena each tend to occupy a different class, however, since the seg-
mentation process requires data points to be contiguous.

4 Discussion and Future Directions

TheÞrstquestionweneedto answeris whetherthetypologydevelopmentprocessoutlinedabove
givesussomethinguseful.FromtheAustralasiaexample,theanswerseemsto bethatit doespro-
duceareasonablesetof classes.Theresultsshow broadagreementwith thepreviousexperttypol-

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

(a) (b)



ogy. Furthermore, they highlight localized phenomena that do not show up in the expert version,
but nevertheless exist in the data. Note that we obtained these results despite heterogeneous vari-
ables with some missing data, indicating that the distance measures we used are appropriate for
the task.

The primary real beneÞt of the data-driven methodology is that it gives us a quantitative, consis-
tent,andobjectivewayto compareclassesacrossbothspaceandtime.Thus,thisapproachcanbe
used not only to compare coastlines across the world within a temporally Þxed data set, but can
also be used to compare how coastlines change based on actual or predicted climate change.

A second real beneÞt of using the bottom-up expert guided approach is in the time saving aspect
of theprocess.A groupof expertsthatincludedtheauthorswasableto developthecompleteAus-
tralasiatypologywith thespanof anhour. Thiswaslargelybecauseof thetoolswedevelopedfor
automating the process--MDL analysis, clustering, and visualization.

A third real beneÞt of this approach is its utility for integration of data and communication about
resultsacrossdisciplinaryboundaries.Humandimensionvariablesandphysicalvariablesthatare
bothenvironmentalforcingfunctionscanbeeffectively combined,eventhoughtheirmechanisms
of operationareverydifferent.Thevisualpresentationof results,andthespeciÞcationof relation-

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

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

(a) (b)



ships among the clusters, makes it a tool that can be used by for calibration by a variety of
experts--and therefore a tool for integrating their individual judgments.

Looking at the distance measures in detail, it appears that the MSD distance measure gives us
slightly different classes than the ASE distance measure when applied to the same problem. The
MSD appears to more readily identify local phenomena, while overall similarity drives the ASE.
It will be up to the experts driving the process to decide which approach they want to emphasize.

In comparing both the average scaled Euclidean and MSD clustering results to the local segmen-
tation, we have to ask whether the latter gives us any more or different information. When com-
pared to the 24 class ASE or MSD results, the primary difference is the existence of longer
stretches of similar coastline in the segmentation/merging result. This occurred because the long
southern coastline was a single group to start with, which meant it never split during the process.

Whether the segmentation/merging offers any new insights is unclear from the single example.
Weneedto undertakemoreexperimentationbeforedecidingwhetherto pursueit any furtherasa
potential typology development tool.

5 Conclusion and Summary

Thispaperpresentsasetof methodsthatpermitclustering,classiÞcation,andcomparisonof envi-
ronments at regional and global scales. Clustering of high-dimensionality data sets can be based
onscaledEuclidiandistancesin waysthatpermittheuseof datasetsthatareincomplete,notnor-
mally distributed, or otherwise unsuitable for more traditional statistical analysis. Two different
distancecriteria-- theaveragescaledEuclideandistanceandthemaximumscaleddistance-- pro-
vide alternative ways to explore the nature of environmental similarities and differences.

Thepaperalsopresentsancillarytechniquesthatexpandtheapplicabilityandeaseof useof these
methods. Use of a minimum description length algorithm makes it possible to estimate objec-
tively the optimum number of clusters for a given data set, and a novel color-similarity approach
permits visualization of the similarities of spatially distributed clusters. Methods of cluster merg-
ing provideameansof establishinghierarchicalrelationshipsamongtheclusters,andof aggregat-
ing smaller clusters into larger groups.

We have demonstrated these techniques on a 17-variable coastal data set for Australia and neigh-
boring regions. The results are highly consistent with an independent expert-judgement coastal
typology, andthedifferencesandsimilaritiesbetweenthevariousapproachesto clusterdeÞnition
are intuitively understandable in terms of the variables and techniques used.

The methods provide a novel and potentially powerful set of tools for classifying environments
andfor upscalingenvironmentalfunctions,eitheronapurelydata-drivenbasisor asacomponent
in anexpert-drivenexaminationof selectedandweightedvariables.Our initial applicationof this
methodologywill beto regionalizationandglobalizationof coastalC, N, Pbudgetsaspartof the
LOICZ projects. However, the techniques are further applicable to issues of global and regional
changeby comparisonof clustersbasedonpresentdata,historicalrecords,andfuturescenariosor
modelpredictions.Thiswill permitspace-for-time trade-offs in analysisby identifyinga regionÕs
potential trajectory between clusters over time.
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