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Wave models are used for simulating wave climates and providing wave forecasts
for maritime traffic. Wind forcing quality has been recognised as a main factor
affecting the accuracy of wave modelling results. An error in wind speed or
direction may result in an error in the spatial distribution of wave parameters or
the shape of the wave field. In the Baltic Sea this effect may be emphasized due
to the small size and complex shape of the sea area. Moreover, climate change is
expected to change the wind conditions in the Baltic Sea area in the next decades.

This thesis introduces a method for classifying wave fields by their shape. A
10 year wave hindcast of the Baltic Sea is analysed by means of spatial cluster
analysis. In order to reduce data and computational complexity, contour polygons
for a fixed significant wave height level are used as a generalised representation of
the wave fields. Distance is then calculated between each pair of contour polygons
and a density based clustering algorithm is applied for finding groups of similar
polygons. The obtained classification is used for comparing wave model results
and satellite altimeter wave observations. The challenges of polygon clustering
compared to more common point clustering are discussed.

The method works as intended in one part of the study area, the Bothnian Sea.
In other areas the chosen contour level was either too low or too high relative to
the wave climate of the area. Cluster evaluation with satellite altimeter observa-
tions remains at a concept level because of too few samples. With the suggested
improvements to the current method a useful and physically meaningful classifi-
cation could potentially be obtained.

Keywords: Baltic Sea, classification, clustering, DBSCAN, Hausdorff dis-
tance, satellite altimetry, spatial data analysis, wave mod-
elling

Language: English
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Aaltomalleja käytetään aaltoilmastojen tutkimiseen ja niillä tuotetaan aaltoen-
nusteita merenkulun käyttöön. Aaltomalliin syötetyn tuulipakotteen laatu vaikut-
taa merkittävästi mallin antamien tulosten tarkkuuteen. Verrattaen pienellä ja
monimutkaisen muotoisella Itämerellä virheellinen tuulen suunta tai voimakkuus
voi huomattavasti vääristää mallinnetun aaltokentän muotoa. Ilmastonmuutok-
sen myötä Itämeren tuuli- ja siten aalto-olosuhteiden odotetaan lisäksi muuttuvan
tulevina vuosikymmeninä.

Tässä diplomityössä esitetään menetelmä aaltokenttien luokitteluun niiden muo-
don perusteella. Menetelmässä sovelletaan klusterianalyysiä tutkimusaineistona
olevaan kymmenen vuoden aallokkosimulaatioon Itämerellä. Aaltomallin tuotta-
mista aaltokentistä erotetaan valitun merkitsevän aallonkorkeuden arvon tasa-
arvokäyrien muodostamat polygonit ja jokaisen polygoniparin välille lasketaan
etäisyys valituilla etäisyysmitoilla. Tämän jälkeen käytetään tiheysperusteista
DBSCAN-klusterointialgoritmia samanlaisten polygonien ryhmittelyyn. Saatua
luokitusta käytetään aaltomallin tulosten ja satelliittialtimetrilla mitattujen mer-
kitsevän aallonkorkeuden arvojen vertailuun. Kirjallisuuskatsauksessa esitellään
aiempia polygoniklusteroinnin sovelluksia ja käsitellään polygonien klusteroinnin
haasteita verrattuna pistemäisen paikkatiedon klusterointiin.

Klusterianalyysillä saatujen tulosten perusteella työssä kehitetty menetelmä toi-
mii toivotusti Selkämerellä. Muilla Itämeren alueilla valittu kiinteä merkitsevän
aallonkorkeuden arvo on joko liian pieni tai suuri verrattuna alueen aaltoil-
mastoon. Menetelmään ehdotetaan luokituksen käyttökelpoisuutta ja fysikaalista
merkitsevyyttä parantavia muutoksia.

Asiasanat: aaltomallinnus, etäisyysmitta, Itämeri, klusterointi, luokitte-
lu, paikkatietoanalyysi, satelliittialtimetri
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Chapter 1

Introduction

Wave modelling is a feasible tool for studying past, present and future wave
conditions of sea areas. Two of the major challenges for wave modelling in the
Baltic Sea are related to quality of the atmospheric forcing and incomplete in
situ measurement validation datasets. Wave models are most often validated
with wave buoy data. Measurements given by wave buoys are accurate but
only represent wave conditions in the vicinity of the observation site. In the
Baltic Sea, the buoy network is therefore relatively sparse considering the
spatial variability of the wave conditions. [1] Furthermore, there are currently
no operational wave buoy measurements available from the Eastern Gotland
Basin and in the northern part of the Baltic Sea the measurement period is
limited due to the seasonal ice cover.

Quality of the atmospheric forcing is uncertain due to the lack of direct
wind measurements from open sea. Wind measurements from coastal weather
stations may not represent the winds in open sea sufficiently to assure the
quality of the reanalysed atmospheric datasets [2]. In principle, an error in
wind direction or speed translates to an error in the predicted wave field.
The effect of erroneous wind direction may be emphasized in the relatively
small and complex shape Baltic Sea, where wave growth is often limited by
the distance over which the wind blows.

While wave buoy data is well suited for wave model validation in the buoy
location, it is usually not possible to discover errors in the spatial distribution
of wave parameters with the sparse buoy network. Satellite altimeters in
turn provide continuous and homogeneous lines of wave observations [3].
The spatial coverage of altimeter data is more complete than that of in situ
measurements. In open ocean, altimeters can measure the significant wave
height fairly accurately [4, 5]. In vicinity of coast, archipelago or sea ice
and with low wave heights, the altimeter radar instrument is more likely to
give unreliable measurements, which may be the reason why altimeter data
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CHAPTER 1. INTRODUCTION 8

has been used for wave model validation in the Baltic Sea only few times
[1, 6, 7]. The studies agree that on average, the altimeter data has good
correspondence with model data and with buoy measurements. However,
a closer inspection and comparison of wave fields and altimeter passes has
revealed some occasions, when the significant wave height gradient of the
altimeter pass would suggest an error in the wind forcing direction.

In order to uncover and characterise possible bias in modelled wave fields
caused by errors in wind forcing or possibly other phenomena, this thesis
attempts to develop a classification method for wind wave fields in the Baltic
Sea and utilise the classification for characterising differences between satel-
lite altimeter wave observations and wave model data. The objectives of this
thesis are twofold: to explore patterns in the wave fields and wave model -
satellite altimeter correspondence and to find the pitfalls of applying cluster
analysis on geo-spatial polygons.

Inspired by circulation pattern classification methods used in meteorol-
ogy, clustering is adopted as an appropriate method for the current task
[8, 9]. It has been proposed to use the contour lines of geopotential field
for circulation pattern classification [10]. The motivation for using contour
lines instead of the full grid is improved computation efficiency. Data object
density contour lines have been used for clustering also in [11]. This the-
sis is going to take a similar approach and represent wave fields by contour
polygons.

The basic problem related to polygon clustering is described in [12]. An
obvious solution for calculating distance between polygons, would be to ap-
proximate the polygons with representative points, e.g. the centroids and
then calculate the distance between the points. However, this approach often
fails with polygons of varying shapes and areas as too much of the informa-
tion content is lost. On the other hand, if the separation of pairs of polygons
is calculated by all vertices, the computation becomes significantly heavier.
The above article therefore suggests calculating the separation between iso-
thetic rectangles i.e. minimum bounding rectangles with edges parallel to
coordinate axes. However, if the polygons intersect or touch each other, the
separation distance becomes zero. Therefore, separation distance is not a
suitable distance measure for every application.

A general framework for polygon clustering is elaborated in [13, 14]. The
Polygon Distance Function (PDF) is formulated as the weighted linear com-
bination of the non-spatial and spatial attributes. Spatial attributes are
further divided to intrinsic and extrinsic attributes representing the location
and geometry, and spatial relations of the objects respectively. The concept
is evaluated with two datasets: watershed areas and census blocks. These
datasets differ from the data analysed in this thesis in that the polygons
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do not overlap, but are adjacent to each other and there is no temporal
dimension in the data.

The PDF-function and clustering algorithm from [12] have been applied
for example in a flood analysis in [15]. Other examples of recent polygon
clustering analyses can be found in [16, 17]. Especially the analysis of atmo-
spheric ozone concentrations in the Houston metropolitan area presented in
[17] is relevant for this thesis. The study presents a distance function suitable
for overlapping polygons that is reproduced in this thesis.

The remainder of this thesis is organised as follows: Chapter 2 describes
the phenomenon studied: wind waves in the Baltic Sea and principles of wave
modelling and satellite altimetry. Chapter 3 explains the relevant theory
related to spatial data and clustering. The wave modelling and satellite
altimetry datasets analysed in this theis and the exact method applied in
the analysis is described in chapter 4 followed by results, discussion and
conclusions in chapters 5 and 6.



Chapter 2

Wind wave modelling and obser-
vations

Wind waves are the oscillating motion of water in the interface between the
atmosphere and the ocean. They form when energy is transmitted from wind
to water. Waves have a major impact on various human activities including
maritime traffic [18], coastal and offshore constructing [19], energy produc-
tion [20, 21], fishing and aquaculture [22]. Waves also affect geomorphic [23]
and ecological processes [24] and are a significant component in the Earth’s
complicated climate system [25]. Main focus of wave research is to be able
to forecast wave fields and predict how they interact with the natural and
man-made environment. [26] In this thesis, only wind generated waves are
addressed.

This chapter will give basic insight into the physical mechanisms of wind
wave evolution, how they are incorporated into wave modelling and what
equipment are available for measuring waves. State of the art wave model
WAM is described in general terms in section 2.2. Section 2.3 will talk
about wave observations by satellite borne radar altimeters and section 2.4
introduces the wave climate of the Baltic Sea, which is the study area for
this thesis.

2.1 Introduction to wind wave theory

Wind waves grow as a function of wind speed, wind duration and the distance
between opposite shores in the direction of the wind, ie. fetch. Wave growth
on a calm sea surface begins with ripples, small capillary waves with high
frequency. Ripples make the sea surface more rough and promote the varying
normal and shear stress forces induced by the wind on the sea surface to gen-
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CHAPTER 2. WIND WAVE MODELLING AND OBSERVATIONS 11

erate waves. Wave growth involves energy transfer from high frequency waves
to lower frequencies through non-linear interactions. A newly developed sea
will feature steep waves with a high ratio of wave height to wavelength. In a
more mature sea, the peak of the wave energy spectrum is shifted to longer
wavelengths. Wave propagation speed increases with increasing wavelength.
When wave speed reaches wind speed, wave growth is at an equilibrium and
the sea is said to be fully developed. If wind speed decreases before the equi-
librium, wave growth is said to be duration limited, provided that it is not
fetch limited. For this reason, larger water areas generally have higher waves
than small water areas. [26]

Wave growth progresses gradually because of the mechanical properties of
the fluid media. If a wave grows too steep, it will become unstable and break,
a process referred to as white cap dissipation. Other two phenomena that
consume wave energy and lead to wave dissipation are related to bathymetry
or water depth. As a rule of thumb, wave motion affects water particles
to the depth of half the wavelength. Bottom friction causes wave energy
dissipation, when wave motion reaches the bottom. When waves propagate to
an area with shallow water, they are forced to grow in height - a phenomenon
commonly observed at beach and referred to as shoaling. Waves may also
break in similar conditions, a process referred to as depth-induced breaking.
[26]

Due to the complicated, non-linear processes governing wave evolution,
waves observed in oceans and other water areas exhibit stochastic behaviour.
Therefore sea states are best described by wave spectra. Wave spectrum gives
the distribution of wave energy among different wavelengths. Significant wave
height (SWH, Hs) is defined as:

Hs = 4

√∫ ∞
0

S(ω)dω (2.1)

where S is the wave spectrum as a function of the angular velocity ω.
Significant wave height is a statistical measure than is used to describe the
sea state and used in weather reports and wave forecasts. The historical
definition of SWH (average wave height of the highest third of waves) was
formulated to correlate well with the wave height estimates of experienced
seafarers. Significant wave length is the wavelength corresponding to signifi-
cant wave height. [26]
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2.2 Wave modelling

Wave model development is a central task in wave research. Understanding
of the physics of the phenomenon, computing performance and quality of in-
put weather data reflect to the goodness of the modelling results. Modelling
can provide more comprehensive spatio-temporal coverage than wave mea-
surements and it can be used for forecasting future wave conditions as well
as simulating past wave conditions i.e. hindcasting. These clear advantages
have made wave modelling popular. In this thesis, a hindcast dataset pro-
duced with the wave model WAM is analysed. WAM is operatively employed
at the Finnish Meteorological Institute and it has been shown to give good
results for the Baltic Sea [1, 27]. Description of the dataset is given in the
next section while the remainder of this section briefly describes the model
itself.

WAM is a third generation wave model, meaning that it has no ad hoc
parameters for restricting the spectra as the early wave models did. The
model was first introduced in 1988 by the WAMDI group [28].

The model solves the energy balance equation given in (2.2). The left-
hand side of the equation describes the wave kinematics, including shoaling
and refraction.

∂

∂t
N + (cosφ)−1

∂

∂φ
(φ̇ cosφN) +

∂

∂λ
(λ̇N) +

∂

∂ω
(ω̇N) +

∂

∂θ
(θ̇N) = S (2.2)

where t is time, ω is the angular velocity, θ is the wave propagation
direction, φ is the latitude and λ is the longitude. N is the action density,
which is the energy spectrum divided by the so-called intrinsic frequency σ.

Right-hand side of the equation is the sum S of all source terms (2.3).
Source terms are parametrised representations of energy that comes into
the system, transfers between frequencies or transforms into thermal energy
through dissipation.

S = Sin+ Sds+ Snl + Sbt+ Swbr (2.3)

Sin = wind forcing

Sds = white cap dissipation

Snl = four wave interaction

Sbt = dissipation of waves due to bottom friction

Swbr = depth induced wave breaking
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2.3 Wave observations by satellite altimetry

Satellite altimetry is a remote sensing technique for measuring sea surface
height and its variations. The altimeter instrument carried by the satellite
is a microwave radar. Sea surface height is calculated from the signal travel
time from emit to return. This information is used for studying currents
and ocean circulation. Significant wave height and wind speed data can be
determined from the strength and shape of the returning signal. When sea
surface is roughened by waves, part of the signal reflects from the wave crests
and returns to the satellite earlier than signal reflected from wave troughs.
This causes a slope to the leading edge of the return signal and SWH can be
determined from the steepness of the slope. [26]

The size of the altimeter footprint ranges from 2 km to 10 km depending
on the altimeter and the significant wave height. [29] The footprint is of
circular shape and less clearly defined than the footprint of optical satellite
instruments due to radar antennae operating at larger wavelengths [30]. Land
and sea ice within the footprint area affect the measurement results and
spatial variability in SWH smaller than the footprint size may not be easy
to detect and therefore the applicability of altimeter data may be limited in
areas with high spatial variability in SWH values. Furthermore, wave peak
period and direction or wind direction are not obtained with altimetry. [26]

In high seas altimeters can measure the significant wave height fairly
accurately [4, 5]. In vicinity of coast, archipelago or sea ice and with low wave
heights, the altimeter radar instrument may give unreliable measurements.
An increase in bias and standard deviation of altimeter data compared to
model data occurs already within 30 km to 70 km of the coast [6].

A complete cross-validation of the different altimeters with each others
and with echosounder and buoy data has been presented in [3]. The study
shows that altimeter measurements correspond well with in situ measure-
ments but temporal drift was observed among some of the altimeter missions.
They also suggest that in the Baltic Sea measurements within 0.2◦ or approx-
imately 22 km of the coast should be discarded from further analyses. Based
on the cross-validated altimeter dataset, a description of spatial variations of
Baltic Sea wave climate is presented in [31].

Altimeter measurements have been compared with wave model results
in the Baltic Sea in [6] for Jason-1 for a 1 year period (2005), in [7] for
Topex/Poseidon for 4 years (1996-1999) and in [1] for all available altimeter
data for 2002-2007. Bias between model and altimeter results is highest for
small significant wave heights and the highest wave heights are underesti-
mated by the altimeter compared to the model [1]. Spatially the differences
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in altimeter and model values are largest in the Archipelago sea, Kvarken
and northernmost Bay of Bothnia [6]. The studies indicate, that on average,
the altimeter data has good correspondence with model data.

The accuracy of altimeter SWH measurements compared to in situ mea-
surements is within tens of centimetres. In the Baltic Sea the accuracy is
±0.23 m [3]. SWH values of less than 0.5 m as measured by altimeter cannot
be considered reliable [32].

2.4 Baltic Sea wave climate

The Baltic Sea, the study area of this thesis, is a semi-enclosed water body in
the northern part of Europe. It is relatively small (377 000 km2) and shallow,
with an average depth of 54 m and deepest depth of c.a. 450 m in the Gotland
Basin. The sea has an elongated shape with two major bays, Bay of Bothnia
and Gulf on Finland. Coastline is typically very irregular and the archipelago
areas between Finland and Sweden are extensive.

Baltic Sea wave climate is characterised by high spatio-temporal variabil-
ity [1, 33, 34]. Wave statistics calculated from the wave model data used
in this thesis (Figure 4.1) show that the mean significant wave height value
for the whole area is under 1.4 m while the maximum modelled wave height
exceeds 10 m. At the Northern Baltic Proper wave buoy, a significant wave
height of 8 m or higher has been recorded twice in the measurement history
[27]. Baltic Sea weather is affected by the mid level low pressures. Typical
wind direction is from the south-west.

The extent of seasonal ice coverage varies greatly. When the winter is
mild, largest extent of sea ice may be under 100 000 km2 covering only Bay
of Bothnia and the head of Gulf of Finland. On a harder winter, ice may
reach as south as the Gotland island and sometimes the entire Baltic Sea has
frozen. [35]

Due to climate change, winds in the Baltic Sea are expected to get
stronger and shift more to the west and the extent of seasonal ice cover
is expected to diminish. These changes would lead to overall higher signifi-
cant wave heights and possibly an increase in the most extreme wave events
during the next decades [36].



Chapter 3

Cluster analysis of geospatial poly-
gons

The term geo-spatial data refers, in this thesis and generally in geoinformat-
ics literature, to all data that can be referred to a location at or near the
Earth’s surface. Georeferencing can be explicit, e.g. geographic coordinates
or implicit for example with place names. Spatial data usually has two or
three spatial dimensions and optionally time as the third or fourth dimen-
sion, in which case the data may be referred to as spatio-temporal data. A
space in the thus defined subset of all mathematical spaces may be referred
to as a geo-space. In a geo-space, the concepts of metric and topology apply.
This means that between each pair of locations, a shortest distance can be
calculated and that the spatial relations can be determined. The concept
of distance is introduced in section 3.2 and spatial relations are discussed in
section 3.3. In addition to spatial dimensions, an arbitrary number of other
non-spatial attributes can be assigned to the data. These dimensions of the
data are different from the spatial and temporal dimensions in that it may
not necessarily be possible to calculate a distance between them. Non-spatial
attributes of a house for example could be it’s selling price and colour, but
a distance calculated between the numerical representations of a price and a
colour may not have any useful significance in real world applications. [37]

Spatial data can be numerically and visually represented either as discrete
objects or as fields [38]. Spatial data objects include point, line and polygon
data models. Higher dimension data objects may be represented by lower
dimension objects, for example a line may be reduced to a set of points
selected with some method. This process may be referred to as generalisation,
which is touched in section 3.3. Spatial data fields can be represented with
mathematical equations or as raster data. Raster data consists of regularly
organised cells. [37]

15



CHAPTER 3. CLUSTER ANALYSIS OF GEOSPATIAL POLYGONS 16

Spatial data is always a sample of the real world and the data model is
often dictated by the data capture method. Many in situ data capture meth-
ods of natural phenomena produce point type data, while remote sensing
methods often provide continuous lines of or even a field of measurements.
For data concerning human populations, it is common that the data is col-
lected by arbitrarily shaped and sized polygons defined by administrative
areas or for example postal code areas. In this context, numerical modelling
may also be viewed as data capture. Data model largely dictates what kind
of variations and patterns can be detected by analysing the data. [37]

An empirically observed regularity about spatial data is that it is often
spatially autocorrelated. Tobler’s first law of geography states that all things
are related but near things are more closely related than distant things [39].
Because of spatial autocorrelation, conventional data analysis methods of-
ten need to be modified to obtain meaningful results with spatial data [40].
Another aspect about spatial datasets is that they can easily become very
large.

3.1 Spatial cluster analysis

Clustering is a data mining technique that attempts to partition a dataset
into meaningful groups in order to reveal intrinsic patterns of the underlying
phenomenon. Objects within one cluster are more similar to each other
than to objects in other clusters as measured by a distance function in the
multidimensional attribute space. [41] When cluster analysis is performed on
spatial data, spatial relations and location are incorporated to the distance
measure in order to take into account spatial autocorrelation.

The general workflow of a data mining process involving cluster analysis
includes the following phases (retold from [42]). The clustering process is
typically not linear, but involves multiple reiterations of the different phases.

1. Domain understanding. Defining project goals and translating them
to into clustering goals. Selecting clustering algorithms and initial pa-
rameter settings.

2. Data familiarisation. Collecting the data and verifying its complete-
ness.

3. Data preparation. Preparation of the final dataset to be fed to the
clustering algorithm. Includes data and feature selection, cleaning,
construction of new features and data transformations.
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4. Clustering. Application of the selected clustering algorithm to the pre-
pared dataset, adjusting parameter settings and pruning results accord-
ing to the goals set in the domain understanding phase.

5. Evaluation. Validating the results numerically and subjectively by a
domain expert.

6. Presenting and interpreting the discovered knowledge

3.2 Distance function

Distance function or metric is a generalisation of physical distance. It mea-
sures the similarity of spatial data objects in a multidimensional space spun
by a set of features. By definition, the distance should have a positive value,
be symmetric and get zero value if the objects are identical. The distance
between two points via a third point is equal or greater than the direct dis-
tance between the first two points. When these conditions apply, a function
may be titled distance function. [43]

Formally, for all x, y, z ∈ X, distance function d : X ×X → [0,∞), with
the following conditions:

1. d(x, y) ≥ 0

2. d(x, y) = 0⇔ x = y

3. d(x, y) = d(y, x)

4. d(x, z) ≤ d(x, y) + d(y, z)

The most common distance function is the straight line or Euclidean dis-
tance. Another common distance function is the taxicab or Manhattan dis-
tance, where the distance is the sum of absolute differences of the Cartesian
coordinates. Euclidean distance and Manhattan distance are both special
cases of Minkowski distance. Minkowski distance of order p for two (1 × n)
vectors u, v ∈ Rn is defined as

‖u− v‖p = (
∑
|(ui − vi)|p)1/p (3.1)

Minkowski distance is a metric when p ≥ 1. For p = 2 it becomes the
classical Euclidean distance and for p = 1 it is the Manhattan distance.
When p → ∞, the distance is known as Chebyshev or chessboard distance.
Chebyshev distance is the greatest distance between two points along any
coordinate dimension. [44]
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Minkowski distance is a metric in the normed vector space. Other types
of distance functions include for example discrete metric (if u = v then
d(u, v) = 0, else d(u, v) = 1. Many other distance functions exist, but with
spatial data it is common to use variants of Minkowski distance, because
spatial data often is in a normed vector space.

3.3 Polygon feature extraction

Feature extraction is a sub-task in cluster analysis that generates or selects
relevant, non-redundant representations from the initial set of measured data
[40, 45]. The objective of feature extraction is to facilitate the subsequent
clustering step by reducing data and thus computational complexity and to
ease human interpretation of the clustering results [46].

According to Joshi [13, 14], features to be used in clustering of spatial
data can be derived from the intrinsic and extrinsic properties of spatial data
objects. Intrinsic spatial properties are related to the location and geome-
try of the object itself and represent it’s spatial structure. Intrinsic spatial
properties include location, size and shape. Extrinsic spatial properties of an
object exist in relation to other objects. They represent the organisation of a
set of spatial objects among themselves and relative to other geographic ob-
jects that may act as barriers for the phenomenon studied. These are more
commonly referred to as spatial relations and include distance, directional
and topological relations. Spatial data objects may also have non-spatial
properties, that are independent of location, e.g. number of wave buoys or
average depth of a sea area. [14] For obtaining relevant results with cluster
analysis, the features should be chosen carefully as optimal indicatives of the
underlying phenomenon.

3.3.1 Intrinsic spatial features of polygons

Location is an important feature of any spatial object. Polygon location
is defined by its border points. Location of a polygon is often reduced to
a point for distance calculations. Several methods exist for choosing the
point, either along its edge, within or even outside the polygon. Centroid is
a common choice, although often not effective, as with concave polygons it
may fall outside the polygon and within another polygon. [14] Sometimes a
so-called reference point is just selected so that it is somewhere in the centre
and always inside the polygon.

Area Calculating the area of a polygon is seemingly straightforward, but
in practice problems may arise that need to be accounted for in the data
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Figure 3.1: (a) original contour and (b) the area function of (a) [48]

preparation phase [47].
Shape is probably the most difficult feature to quantify. A common

approach is to devise indices that relate the shape of the studied polygon
to that of a simple geometrical shape, such as a circle or a square. Various
measurements, such as the perimeter, longest or second longest axis and area
may be used for constructing an index. An example of this approach is the
compactness index, which is the ratio of the area of a polygon to the area of
a circle having the same perimeter length as the polygon. The ratio equals
1 when the polygon is a circle. [47]

Another approach to quantifying the shape of a polygon is to track some
property of the polygon boundary and produce a 2D graph of it. Examples
of this approach include: centroid distance function, boundary curvature
function and area function, where the area of a triangular segment defined
by the centroid and two successive border points is calculated as illustrated
in figure 3.1. A thorough overview of shape feature extraction techniques is
provided by Yang et al. [48].

3.3.2 Distance functions for polygons

A list of distance functions that may be and have been used with spatial
polygons can be found in [14] and is summarised below. Most of the distances
presented use Minkowski metric.

• Centroid distance: distance between the centre points of two polygons.
Note that the centroid may lie outside the polygon and that very dif-
ferent size and shape polygons may share the same centroid point.

• Minimum bounding rectangle distance: polygon shape and orienta-
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tion is generalised by a rectangle that encloses the polygon and dis-
tance is calculated between the centre points of the rectangles. This
method may be computationally less heavy than the previous method,
but many of the same problems remain.

• Separation distance is the minimum distance between the edges of two
polygons. If the polygons intersect or share any point, the separation
distance is zero.

• Hausdorff distance: Minimum of longest distances between edges of
two polygons.

• Fréchet distance: Dog in a leash. Minimum length of the leash for a
person walking the dog and the dog to walk around the polygon edge

3.4 Clustering algorithms

Copious clustering algorithms have been published [49] (and many are read-
ily implemented in open source tools, such as Python and R.) As stated by
Fahad et al. [50], there is some confusion among cluster analysis practition-
ers about the categorisation of the different methods. Broadly, clustering
algorithms may be classified by the clustering structure they produce (flat
or hierarchical), cluster model (connectivity, centroid, distribution or density
based) or by whether the algorithm is hard or fuzzy. A commonly adopted
general categorisation [40, 50, 51] is: partitional, hierarchical, density based,
grid based and model based clustering.

Partitional clustering methods are flat and produce one level of segmen-
tation. Data objects are promptly divided to exclusive groups, the number
of which often needs to be decided a priori. A typical example of partitional
clustering methods is k-means [52], which is also a centroid based method.
K-means initially selects k objects from the dataset and then calculates the
distance from each object to these initial centroids and assigns each point to
the nearest cluster. The second step is to update the centroids by calculat-
ing the mean of the objects in each cluster. Assignment and update -steps
are iterated, until the assignments no longer change. By definition, clusters
in k-means are convex and the method does not operate well on arbitrary
shaped clusters [50].

Hierarchical methods produce a nested, tree-like structure of clusters.
Hierarchical clustering can be agglomerative (bottom-up) or divisive (top-
down). Merging or splitting is continued until a stopping criterion, for ex-
ample a certain number of clusters, is met. A key issue with hierarchical
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clustering is deciding which linkage metric to use, for example nearest neigh-
bour, farthest neighbour, average link or centroid distance. [51]

Grid based clustering operates on raster data. Regional statistical values
are collected for each grid cell, which leads to a smaller dataset than the
original and consequently faster processing time. Model based methods
try to optimize the fit between a dataset and some mathematical model.
Statistical and neural network clustering approaches belong to this category.
[50]

Density based clustering is based on the notion of density and produces
arbitrarily shaped clusters that are dense areas separated by sparse areas.
This method of clustering is applied in this study and section 3.4.1 presents
the clustering algorithm DBSCAN and some of its variants.

3.4.1 DBSCAN

DBSCAN [53] clustering algorithm is intended for class identification in large
spatial datasets with noise. Unlike in the partitional method k-means, num-
ber of clusters is not required as a priori information. DBSCAN also detects
clusters of arbitrary shape, whereas some other methods depend on spheri-
cal shape clusters. Furthermore, DBSCAN is suitable for large datasets, and
outperforms e.g. hierarchical methods. DBSCAN is based on a density based
notion of a cluster: A cluster is a contiguous area where data object density
is above a chosen level. Clusters are separated by areas of sparse data object
density. Data objects in the sparse areas are classified as outliers or noise.
[54]

The DBSCAN algorithm takes two parameters as input from the user:
ε is the search radius around each data point and MinPts is the number
of points that is required within the ε radius of a point for the point to be
labelled as a core point. Points that are within the ε neighbourhood of a core-
point are said to be directly density reachable from that point. A point that
is directly density reachable from a core point, but not a core point itself, is a
border point. Direct density reachability is an asymmetric relation between
two points: A border point is directly density reachable from a core point,
but no point is density reachable from a border point. When direct density
reachability is applied to a chain of points where each consecutive pair of
points is directly density reachable from each other (i.e. both are core points)
the beginning and end points are said to be density reachable from each other.
Density connectedness applies to two points that are density reachable from
a mutual point. Density connectedness is a symmetric relation. [53]

The above three definitions of direct and indirect density reachability and
density connectedness are needed for the DBSCAN definition of a cluster. In
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O

B
C

Figure 3.2: In this example, MinPts = 4. Point C and other red points are
core points because their ε-neighborhood contains at least 4 points including
the point itself. Point B and the other yellow point are border points, because
they are within a core points ε-neighborhood, but their own neighbourhood
only has 2 points. Point O is an outlier, because it is not reachable from any
other point.
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Figure 3.3: Example of sorted k-nearest neighbor graph for a single k value.
Redrawn after [53]

DBSCAN, a cluster includes all points that are density reachable from a point
belonging to that cluster and all points in a cluster are density connected to
each other. Points that do not belong to any cluster are outliers. DBSCAN is
not completely deterministic in that a border point may be a border point in
more than one cluster. In such event, the point can end up in either cluster.
[53] A visual explanation of DBSCAN is given in figure 3.2.

Determining the ε and MinPts parameters requires domain expertise
and good understanding of the dataset. Intuitively, Minpts is the minimum
desired size of a clusters. This is, however, not always true as border points
may swap clusters for the reason explained above. Hence, clusters with fewer
than MinPts objects are sometimes found. For a chosen value of MinPts,
the choice of ε can be aided with an sorted k-nearest neighbour graph (k-
NNG). The k-NNG is a plot of the distances in descending order from each
point to its kth nearest neighbour. Ideally, the graph should have an elbow
indicating a good value for ε. The figure 3.3 shows a schematic example of a
k-NNG.

The main problem areas with DBSCAN are variable density clusters in
real-world data (see figure 3.4) and the difficulty of deciding values for clus-
tering parameters. Several attempts to improve DBSCAN in these respects
have been published and the remainder of this section will introduce them
briefly.
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Figure 3.4: A problematic dataset for density based clustering with three
different densities and a single link bridge connecting the two densest clusters.

DBSCAN* is a slight modification of DBSCAN that includes only core
points in clusters. Border points are labelled as noise and the issue with
border points swapping clusters is avoided.

VDBSCAN (variable DBSCAN) addresses the problem of detecting
clusters with varying density. A number of different density ranges is de-
cided and corresponding number of ε and MinPts parameter values are cho-
sen. DBSCAN clustering is then run to first find the densest clusters. Points
belonging to the densest clusters are removed from the dataset and clustering
is continued with the next pair of parameters. [55]

OPTICS creates an ordering of a dataset with respect to its density
based clustering structure. The user decides a maximum value for ε and
a fixed value for Minpts. The algorithm operates similarly to DBSCAN,
but instead of a flat, 1-level clustering, it produces a nested, hierarchical
cluster structure. It searches denser clusters within previously found clusters
by decreasing the value of ε and produces a dendogram representing the
clustering structure. [56] A later improvement of OPTICS is HDBSCAN
(Hierarchical DBSCAN) [57].

GDBSCAN is a generalisation of DBSCAN that can cluster spatially
extended objects with respect to both non-spatial and spatial attributes. The
notion of neighborhood is generalised from a distance based ε-neighborhood
to any neighborhood predicate, eg. intersection of spatial polygons. MinPts
is replaced by a cardinality function and a chosen cardinality threshold to
represent the ”density” within the neighborhood. [58]
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3.5 Cluster validation

Clustering is an unsupervised learning method. Input data is unlabelled and
therefore assessing the validity of the output segmentation and the perfor-
mance of the selected method is not a trivial task. Validation methods can
be divided to internal, external and relative methods. [42] Internal methods
measure the compactness and separation of clusters [59]. An example of a
internal validity index is the silhouette coefficient s, which is calculated from
two scores: a - the mean distance between a sample i and all other objects
in the same cluster, and b - the mean distance between a sample i and all
other objects in the next nearest cluster [60].

s =
1

n

n∑
i=1

bi − ai
max (ai, bi)

(3.2)

Silhouette coefficient values are between -1 and +1. Small values indicate
incorrect clustering and high values dense and well separated clusters. Values
around 0 indicate overlapping clusters. Silhouette coefficient and other inter-
nal cluster validity measures are biased toward certain clustering algorithms.
Silhouette coefficient for example relies on a distance based notion of clus-
ter and therefore does not work well with arbitrary shape clusters produced
by DBSCAN. Therefore internal validity measures are often not practical
for comparing performance of different types of clustering algorithms. They
can, however be useful for comparing results of different runs by the same
algorithm, but they are sensitive to the number of clusters found. [61]

External cluster validity assessment methods compare the obtained seg-
mentation to an a priori structure often provided by a domain expert [42].
Synthetic data is generated from known benchmarks and statistical testing
is used to study weather the objects in the dataset are randomly structured
[59, 61]. Relative methods also involve statistical testing and compare the
relative performance of two segmentations [42].

The use of computational and statistical validity assessment methods
presented above may prove problematic in practical data mining applications.
It has been suggested that the subjective view of an expert evaluator should
be preferred over optimising the numerical measures [42]. Geographic data
is also not random, but autocorrelated and the use of statistical methods
intended to be used on randomly distributed data is somewhat questionable
[62].
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Materials and methods

For the purpose of classifying wave fields in the Baltic Sea, a polygon clus-
tering method was developed. The method takes wave model hindcast raster
data and generalises them by means of extracting contours or isolines for
selected SWH threshold value. Two distance functions and a third distance
function combining the two were evaluated. The method employs the density
based clustering algorithm DBSCAN. Finally, clusters were experimentally
evaluated by colocating satellite altimeter data.

The method was implemented in Python, using the following modules:
Numpy for array operations and Pandas for efficient tabular data structures
and plotting along with Matplotlib and Basemap. Matplotlib. cntr was
used for contour extraction and Shapely for manipulating geometrical ob-
jects. Finally, Scipy spatial was used for distance computations and Scikit
learn for the actual DBSCAN clustering.

4.1 Wave model and satellite altimetry data

This section describes the wave model hindcast and satellite altimeter wave
observation datasets analysed in this thesis.

4.1.1 WAM hindcast 2006-2015

Wave hindcast data analysed in this thesis extends over a period of 10 years,
from January 2006 to December 2015. The wave hindcasts were made by
Olga Vähä-Piikkiö (FMI) [63]. Model grid covers the Baltic Sea with 2 NM
(ca. 3.7 km) horizontal resolution, yielding 391 x 331 (lat, lon) grid points.
Temporal resolution of the stored wave parameters is 1 hour. For this thesis,
significant wave height was selected as the only parameter to be analysed.

26
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The data is stored in daily netCDF files and the total size of the dataset is
approximately 45 GiB. General description of the data and Baltic Sea wave
climate is shown in figure 4.1.

Details of the model configuration used are listed below:

• WAM cycle 4.5.4

• Model spectra had directional resolution of 10◦ and 35 frequencies log-
arithmically spaced.

• Wind forcing comes from FMI’s operational numerical weather predic-
tion system HIRLAM

• Ice cover data is from FMI’s Ice Service. Ice conditions were updated
daily, except in the beginning of the ice season, when the update was
given twice a week. Wave model grid points with ice concentration
exceeding 30 % were excluded from calculation.

4.1.2 Altimeter wave observation data

The satellite altimeter SWH data used in this thesis was obtained from the
French Research Institute for Exploitation of the Sea (IFREMER). A nearly
continuous time series is available from 1991 onwards and combines data from
10 satellite missions. This thesis uses data from 7 altimeter missions from
1.1.2006 to 31.12.2015. Satellite mission names and corresponding indices
are listed in table 4.1 along with dates of data availability. Three of the
missions were ongoing at the time of data retrieval. Figure 4.2 shows the
spatial coverage of data from each altimeter mission.

The original satellite data products have been collected from space agen-
cies and processed by IFREMER in order to facilitate the access to the
long time series of SWH measurements. The SWH data processing includes
screening, i.e. discarding erroneous data as specified by quality flags in the
original products, applying a land and ice mask and applying correction
factors to the SWH values. [64] [5] The corrected data has been shown
to be consistent and homogeneous both time-wise and for different satel-
lites [5]. The SWH dataset along with documentation is available online,
through the IFREMER ftp-service: ftp://ftp.ifremer.fr/ifremer/cersat/

products/swath/altimeters/waves/

The data is distributed in netCDF format, one file for each day. In
addition to time (UTC) and coordinates (WGS84) the following parameters
were used: Ku-band Significant Wave Height corrected, satellite altimeter
index, cycle number and pass number (relative orbit number within a cycle).

ftp://ftp.ifremer.fr/ifremer/cersat/products/swath/altimeters/waves/
ftp://ftp.ifremer.fr/ifremer/cersat/products/swath/altimeters/waves/
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(a) (b)

(c)

Figure 4.1: Hindcast (a) mean and (b) maximum values of significant wave
height and (c) number of days per year with over 30 % ice concentration in
the Baltic Sea in 2006-2015.
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Figure 4.2: Satellite altimeter tracks in the Baltic Sea for 2006-2015. For
clarity, only every 8th point is plotted.

Table 4.1: Satellite altimetry missions operational in 2005-2016 [64]
Satellite Time Period Index

ERS 2 15-05-1995 to 04-07-2011 2
ENVISAT 14-05-2002 to 08-04-2012 3
TOPEX, Poseidon 25-09-1992 to 08-10-2005 4, 5
Jason-1 15-01-2002 to 21-06-2013 6
Jason-2 04-07-2008 to 17-01-2017 8
GEOSAT FO 07-01-2000 to 07-09-2008 7
Cryosat-2 14-07-2010 to 17-01-2017 9
SARAL 14-03-2013 to 17-01-2017 10
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4.2 Data generalisation and feature extrac-

tion

As a preprocessing step for clustering, wave field data was generalised by
extracting isolines for a chosen value of significant wave height. Raster data
was thus transformed to area objects, within which significant wave height
equals to or exceeds the chosen level.

The main objective for generalisation was to reduce data while keeping
the necessary information content [46]. An assumption was made that if
a sufficiently high value for threshold level was chosen, the shape, size and
location of the resulting area objects would correspond the concurrent wave
fields. The small size and complex shape of the Baltic Sea spatially restricts
the the occurrence of higher waves more significantly than lower waves. The
SWH threshold for this study was set at 4 meters. At this value, it is more
probable that there is only one local maximum in each basin at a time and
hence this one area object would give a simplified representation of the entire
wave field.

From the resulting approximately 12 000 contour polygons, those covering
less than 112 grid cells or approximately 400 km2 were excluded from further
analysis. Thus the number of polygons was reduced to a more convenient
8460. Each polygon represents a 1 hour event, when SWH exceeded the
chosen threshold value. Two or more polygons may exist simultaneously,
but they are treated separately.

The area objects were extracted as closed polylines in vector format us-
ing linear interpolation between model grid points. Undocumented mat-
plotlib. cntr -module was used for the task https://github.com/matplotlib/

matplotlib/blob/master/src/cntr.c.

4.3 Dissimilarity function

A dissimilarity function to measure the dissimilarity of the polygons was
defined as the linear combination of two distance functions: overlap distance
and Hausdorff distance.

4.3.1 Overlap distance

Overlap distance for two polygons A and B is the ratio of the area of their
intersection and union subtracted from one. For identical polygons, overlap
distance is 0. For intersecting polygons overlap distance is between 0 and 1.

https://github.com/matplotlib/matplotlib/blob/master/src/cntr.c
https://github.com/matplotlib/matplotlib/blob/master/src/cntr.c
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Figure 4.3: Distance measures

If polygons do not intersect, DO = 1. Overlap distance distinguishes between
different size nested polygons.

DO(A,B) = 1− AA∩B

AA∪B
(4.1)

Overlap distance was calculated in Cartesian coordinate system and cur-
vature of the Earth’s surface was not taken into account. Polygon areas cal-
culated in the Cartesian coordinate system are increasingly distorted towards
the north, appearing larger than in reality. The distortion was disregarded
for overlap distance measure, because while the length of the study area in
north-south direction is around 12 degrees, maximum north-south extent of
the polygons is only 5 degrees in the Baltic Proper and most polygons are
less than 2 degrees long.

4.3.2 Hausdorff distance

Hausdorff distance is a measure for closeness of the edges of two polygons.
Two polygons are close, if every point of their edges is close to to a point
on the edge of the other polygon. It is the maximum of maximum shortest
distances from polygon A to polygon B or B to A. It measures both dis-
similarity of shape and spatial separation. For nested polygons location of
the geometric centres affects Hausdorff distance. Concentric polygons have
smaller DH than non concentric.

DH(A,B) = max(maxa∈A,minb∈Bd(a, b),maxb∈Bmina∈Ad(a, b)) (4.2)
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Hausdoff distance is dependent on units. Therefore, it was divided by
a scaling factor z as shown in equation (4.3). Scaling factor z is chosen
according to the unit size used and the physics of the phenomenon. It is the
longest distance as measured by the Hausdorff distance at which two polygons
are related. It forces the Hausdorff distances below the selected boundary
between 0 and 1 thus making it comparable with the overlay distance which
is by definition between 0 and 1.

DHs(A,B) =
DH(A,B)

z
(4.3)

Hausdorff distance was initially calculated using Cartesian coordinates.
Hausdorff-function from the Scipy spatial distance -module was used. Func-
tion uses algorithm developed by Taha and Hanbury [65]. It returns both the
Hausdorff distance and the two points between which the distance is mea-
sured. To avoid distortion of the distances caused by inaccurate choice of
coordinate system, instead of using the Hausdorff distance returned directly
by the function, great-circle distance along a sphere was instead calculated
between the points. Haversine formula given in (4.4) was used for calculating
the great-circle distances. The mean difference between Hausdorff distances
calculated in Cartesian coordinate system and with Haversine formula for
the dataset used in this study was 7 %.

d = 2r arcsin

(√
sin2(

φ2 − φ1

2
) + cos(φ1) cos(φ2) sin2(

λ2 − λ1
2

)

)
(4.4)

where φ is latitude, λ is longitude and r is radius of the sphere.

4.3.3 Combined dissimilarity function

The two distance measures were combined as shown in eq (4.5). Here, w ∈
[0, 1] is a weight factor for adjusting the relative weight of the two distance
measures and z is the scaling factor for Hausdorff distance.

D = wDO(A,B) + (1− w)
DH(A,B)

z
, w ∈ [0, 1] (4.5)

The dissimilarity of each polygon to every other polygon was calculated
using the above defined Hausdorff and overlap distance functions. Dissimi-
larity matrix is a N x N square matrix, where N is the number of polygons.
The matrix is symmetric and values on the diagonal are 0 and therefore
it is sufficient to calculate either the upper or lower triangle. Two arrays
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with the indices of the upper triangle were generated and used to select the
appropriate two polygons from the 1D array containing them.

4.4 Cluster evaluation with satellite altime-

ter data

Altimeter measurement points were colocated (paired) with the nearest WAM
grid point. Colocated poins are thus less than one grid cell apart. With the
one hour model timestep, the time difference between each altimeter mea-
surement and the corresponding modelled value is maximum 30 minutes. A
more elaborate method would have involved interpolation of the grid points,
but was deemed unnecessary considering the relatively dense model grid and
the footprint size of the altimeter. 50 km and 30 minutes are generally
accepted colocation criteria in validating altimeter observations with buoy
measurements. [32]

In practice, the following processing was done to find intersecting altime-
ter passes and SWH polygons. To begin with, negative altimeter SWH values
were omitted. Then, altimeter points for each satellite were grouped by cy-
cle and pass numbers to separate individual passes over the study area. The
lines representing individual passes were split where the distance between
consecutive points was more than 0.3 degrees, approximately 33 km. Thus,
for instance a north-west directed pass crossing first Gulf of Finland, then
Finnish mainland and then Bay of Bothnia will instead of one pass count as
two line objects stretching from shore to shore but not over land.

The time it takes for a satellite to pass over Baltic Sea is only a few min-
utes and therefore the first timestamp for each pass was selected to represent
the whole pass. These timestamps were further rounded to the nearest hour
to enable matching them with model data. The two tables containing al-
timeter lines and WAM polygons were joined into one based on the 1 hour
precision time values. Then, geographical intersection of the simultaneously
occurring lines an polygons was checked and the non intersecting pairs were
omitted from the table.

Next, residuals were calculated for the colocated altimeter and model
points as the remainder of modelled SWH minus corrected altimeter SWH.
To get a single number to represent the difference between these values root
mean square error (RMSE) was calculated for each line.

RMSE =

√∑n
i=1(SWHWAM − SWHsat)2

n
(4.6)
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Results and discussion

This chapter will discuss the cluster analysis results both in terms of feasi-
bility of the method and with respect to the underlying wave phenomenon.

5.1 Parameter selection

Regular DBSCAN algorithm was used with several sets of distance function
and clustering parameter values. Clustering results showed high variability
with even small changes of parameter values, indicating that several different
cluster densities may be present in the data. Furthermore, parameters were
discovered not to be independent of each other, which complicates the choice
of parameters and the interpretation of the results. The following two sections
will explain how the choice of distance function parameters and clustering
parameters affects the results. Explanation is illustrated with figures showing
examples of results. Appropriate values for the parameters were found to be
somewhere in the following ranges: ε: 0.17 - 0.19, MinPts: 30-40, w: ca 0.7
and z: ca 220.

5.1.1 Distance function parameters

Weight factor w determines the weight of each of the two distance mea-
sures: overlap distance and Hausdorff distance. With a value of 0, distance
is measured solely by Hausdorff distance and with value 1 the only distance
measure is overlap distance. Figure 5.1 shows clustering results with both
distance measures. When Hausdorff distance is employed exclusively, major-
ity of polygons will be assigned to clusters but polygons in the same cluster
often do not intersect and may have very different areas. With only overlap
most polygons are labelled outliers.

34
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(a) (b)

Figure 5.1: Clustering results with only Hausdorff-distance (a) and overlap
(b). Legend shows number of polygons in each cluster. Thick line shows the
most similar polygon to every other polygon in its cluster, thin line most
dissimilar.

The two distances calculated on this dataset have rather different fre-
quency distributions. Figure 5.2 shows the normed cumulative frequency
distribution of Hausdorff- and overlap distances when z = 220 and w = 0.7.
The overlap distance frequency distribution shows that only 25 % of all pairs
of polygons have non-empty intersection. For the remaining 75 % of poly-
gon pairs, overlap distance is 1 and contributes to the combined distance by
1w. Hausdorff distances are distributed more evenly. The scaled Hausdorff
distance maximum value is not 1 but is determined by the ratio of the max-
imum distance and scaling factor z. With scaling factor z set at 220, 35 %
of Hausdorff distances are below 1. K nearest neighbour graphs (Figure 5.3)
also show that the two measures behave differently.

5.1.2 DBSCAN parameters

DBSCAN parameters ε and MinPts together determine the density of the
clusters. MinPts can be thought as a minimum number of polygons in each
cluster. Figure 5.4 (a) shows how the number of individual clusters increases
when MinPts-value decreases. A reasonable number of clusters or classes of
wave fields would be around 10–30 [9]. MinPts-values in the range 15–45
give this kind of number of clusters.

ε-distance is a minimum radius of the cluster measured by the distance
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(a) (b)

(c)

Figure 5.2: Cumulative frequency distributions of (a) Hausdorff, (b) Overlap
and (c) combined distance functions (z = 220, w = 0.7).
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Figure 5.3: K nearest neighbor graphs for (a) overlap and (b) Hausdorff
distances
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(a) (b)

Figure 5.4: Number of clusters (a) and percentage of polygons belonging to
a cluster (b) as a function of ε for different MinPts values

measure. The circular search area around each data point increases by the
square of the ε -radius, which is one reason why the clustering results are
more sensitive to changes in ε than in MinPts. As indicated by figures 5.4
a and b, when ε value exceeds 0.4, 70 %–100 % of polygons are labelled as
members of clusters. Ultimately all polygons fall in a single cluster covering
the whole study area. Judged by the number of clusters, a suitable value
for ε would be about 0.15–0.3, although this leads to 55 %–80 % of polygons
being classified as outliers.

5.2 Expert evaluation

From the observations described in the previous sections 5.1.1 and 5.1.2 it
can be concluded that the data is of variable densities, distance function
and clustering parameters are not independent of each other and as a con-
sequence it is difficult to objectively select a single most appropriate set of
parameters. However, when the different segmentations are visually explored
on a map, some results seem more sensible than others. Two examples of
the more reasonable segmentations were selected for further inspection. The
remainder of this section will describe the clusters found in different parts of
the study area. Case 1 with parameter values z = 220, w = 0.7, ε = 0.186
and MinPts = 35 is presented in figure 5.6. Case 2 uses similar parameters,
except for MinPts, which is given a smaller value of 25 and the results are
shown in figure 5.7.

In both cases, Bothnian Sea features two prominent clusters, numbers 0
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(a) (b)

Figure 5.5: Clustering results with a 0.01 difference in ε value in (a) and (b).
Continuous line: cluster union, thick dotted line: most similar polygon, thin
dotted line: most dissimilar polygon. Legend shows number of polygons in
each cluster.

and 1 (Figure 5.6, Table 5.1 and Figure 5.7). Clusters number 0 correspond
to southerly wind direction while clusters number 1 occurs with northerly
winds. With smaller values of ε, also a third, smaller cluster appears in the
northern part of Bothnian Sea. With the parameters presented in 5.6 the
third cluster is merged with the more northern cluster 0. As shown in table
5.1, cluster 0 consists of fewer polygons that correspondingly occur on fewer
unique days than cluster 1. This is consistent with the fact that in this area
high winds most often blow from the north, although the prevailing wind
direction is from south or south-west [1].

In these examples, no clusters are found in the Bothnian Bay or Gulf of
Finland. With smaller MinPts values (approx. 15), clusters appear also in
these areas. The lack of clusters in these areas is understandable, because
there is less data from these areas due to seasonal ice cover and also because
the overall wave climate is less severe in these sheltered areas (Figure 4.1).

Greatest variation in clusters is found in the Baltic Proper. Case 1 fea-
tures only two clusters, numbers 6 and 9 in this area, whereas the smaller
MinPts value in case 2 produces altogether 10 clusters, some of which also
stretch to parts of Gulf of Finland and Gulf of Riga. Baltic Proper is the
largest sub basin in the study area and 4 m SWH values occur with many
different wind directions, each producing different polygons. It is likely, that
the selected 4 m SWH threshold is too low for this sea area for the method
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Figure 5.6: Case 1: Cluster polygon unions (left) and most similar and most
dissimilar polygons (right). Legend shows cluster labels, see table 5.1

to work in the desired way. Experiments with different threshold values will
be left for a later study.

In case 1, clusters labelled with numbers 2 and 7 surround the island
of Gotland while the island of Bornholm is enclosed within cluster 3. These
clusters are very stable as they appear with most parameter values. They are
also reverse to other clusters because SWH values within them are below the
4 m threshold value. This kind of behavior of the contouring algorithm was
not expected. Reasons for the decrease of wave height close to the islands
are shorter fetch distance and shoaling. Gotland island has two clusters for
different wind directions.

Clusters that are found west of the Danish straits (numbers 4, 5 and 8
in case 1) can be neglected, as the western boundary of the wave model is
closed. With no input from the North Sea, modelling results in this area are
incorrect.

Overall, the clusters seem to expectedly align with previous reports of
the wave climate. However, the segmentations do not constitute a compre-
hensive classification, as with any single set of parameters, vast majority of
the polygons are labelled outliers.
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Table 5.1: Details of the clusters in Figure 5.6
label days polygons polygons/day mean area (km2)
-1 554 6880 12.4 19950
0 25 144 5.8 24320
1 38 220 5.8 18330
2 25 136 5.4 7260
3 29 108 3.7 1890
4 46 270 5.9 9360
5 12 43 3.6 6570
6 80 523 6.5 70680
7 8 40 5.0 8330
8 7 37 5.3 19450
9 12 59 4.9 59060

Figure 5.7: Case 2: Cluster polygon unions (left) and most similar and
most dissimilar polygons (right). Legend shows cluster labels and number of
polygons in each cluster.
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Table 5.2: Altimeter pass and cluster polygon intersections
label mean RMSE (m) count

0 0.67 7
1 0.43 6
4 1.41 4
6 0.91 55
9 0.65 8

5.3 Model and altimeter SWH comparison

by clusters

A method for comparing altimeter and model SWH value differences by wave
field type was presented in section 4.4. This section presents an example of
results that can be obtained with this method. Given the unsatisfactory
clustering results described above, applicability of the current evaluation is
limited.

Figure 5.8 shows intersecting polygons and altimeter pass -lines for clus-
ters with more than one such intersection. Number of intersection events
is given in table 5.2, along with the mean RMSE for the passes. RMSE is
highest for cluster number 4 in the Danish Straits. This is reasonable, as the
western boundary of the wave model is closed and the model is therefore not
expected to function properly in this area. Cluster number 6 in the Baltic
Proper has the highest number of polygons and the highest number of al-
timeter intersections. RMSE for cluster number 6 is higher than for the rest
of the clusters. For the two clusters (no 0 and 1) in the Bothnian Sea and the
smaller Baltic Proper cluster along the east coast (no 9), RMSE is between
0.43 m and 0.67 m, which is two or three times higher than the previously
confirmed 0.23 m [3]. The high error may be because the altimeter points
within 0.2◦ distance from the coast were not eliminated from the dataset as
recommended in [3].

5.4 Method development considerations

Results reported above give guidelines for further development of the method.
First, it would be advisable to redefine and extend the the goals of the clus-
tering for more widely applicable results. Instead of a classification intended
only for the purpose of comparing model and altimeter results, a more general
classification could be developed, where the clusters would represent differ-
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Figure 5.8: Intersecting 4 m SWH polygons (left) and altimeter passes (right)
for clusters with more than one intersection. Legend shows cluster labels.
Number of intersections and mean RMSE along passes for each cluster is
given in Table 5.2.
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ent regimes or persistent anomalies of the wave fields, as defined in [8] for
atmospheric circulation patterns. The classification could then also be com-
pared with atmospheric circulation classifications or climate indices such as
the North Atlantic Oscillation (NAO) index, to verify the physical meaning-
fulness of the classification. In practice, improvements to feature extraction,
distance function, choice of clustering algorithm and tools for interpreting
the results would be required.

The current analysis shows that a fixed contour level does not sufficiently
represent the highly variable wave fields. The chosen 4 m level is exceeded
in the Baltic Sea on average for 3.9 h each month, less than 1 % of the time.
Seasonal variation is also high, with the said 4 m level monthly exceedance
hours varying between an average of 12 in December and less than 1 from
April to August. Several alternative approaches to a fixed contour level
exist that require different alterations to other aspects of the method. One
option would be to extract several contour levels, for example with 0.5 m
or 1 m intervals. However, this would multiply the amount of polygon data
and require altering the distance function accordingly. A better approach
might be to let the contour level be decided adaptively, for example as some
percentage of the maximum value at each time. This approach would likely
mostly produce polygons in the Baltic Proper, again limiting the applicability
of the results. Another approach involving adaptively deciding the contour
level could be to calculate running percentages over, say, 7 days in every
point or a few representative points per each basin and let the contour level
be for example the 95th percentile value.

Combining two distance measures by adding them up proved problematic.
Depending on the data, one distance measure may be more dominant than
the others. To resolve this, it might me useful to use metric learning instead
of a predefined distance function. For example, a metric learning method
involving the user first giving labels to randomly selected query images has
been proposed in [66].

The results also indicate, that the different wave fields occur at differ-
ent frequencies and therefore a flat clustering does not perform optimally.
Instead, a hierarchical clustering would likely allow to better explore the
cluster structures. Hierarchical HDBSCAN could be relatively easily imple-
mented using the DBSCAN module from the Python Scikit learn -package.
Furthermore, with reasonable effort, more advanced visualisation tools could
be incorporated into the analysis workflow that would aid in expert evalu-
ation of the results. Such tools could be for example Datashader, intended
specifically for big data visualisation or Bokeh, that allows the user to create
interactive plots.

To resolve the issues described in this section, it might be worthwhile to
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look more into computer vision, machine learning and related fields. Useful
and more advanced methods could be discovered there that have not yet been
implemented in spatial data analysis. Extending the literature review from
geoinformatics literature mostly cited in this thesis could therefore prove
useful.



Chapter 6

Conclusions

In this Master’s thesis a clustering method for overlapping spatial polygon
objects is developed and applied for classifying wind wave fields in the Baltic
Sea and characterising wave model - satellite altimetry differences.

Contour lines for 4 m SWH are selected as a generalised representation of
wave fields and the analysis is thus limited to situations when SWH exceeds
this level. Similarity of the contour polygons is calculated using a distance
function that combines measures for the degree of overlap of the polygons
and scaled Hausdorff distance between the edges. Density based clustering
algorithm DBSCAN is used.

The classification works as intended in one area, the Bothnian Sea. In
other areas, the chosen 4 m SWH contour level was not optimal. In the
Baltic Proper, the level is likely too low and in the Gulf on Finland and
Bay of Bothnia the level is too high. The results in these areas are not very
useful, but can nevertheless be interpreted and understood based on existing
knowledge of the Baltic Sea wave climate. The behaviour of the clusters with
changing clustering parameters suggest, that the data has several densities.

The thesis also presents a method for comparing wave model results and
satellite altimeter measurements by clusters. This analysis remains at a con-
cept level, because with the current classification design choices, the number
of altimeter pass samples for each cluster is too small for drawing statistically
sound conclusions.

The current method could be improved by more adaptive feature extrac-
tion, changing to a hierarchical clustering method and reconsidering how the
distance measures are combined. As to the implementation of the method,
more interactive and flexible visualisations of the results would aid in expert
evaluation of the results.
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