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Abstract

Portugal is a country historically linked to the sea with fishing being a very important
activities for the Portuguese economy. On the other hand, tax fraud is present on fish-
ery as well as in other economic activity and it is a harmful phenomenon for Portugal.
For that reason there is a need to create ways to inspect this activity more efficiently.
With the motivation to contribute to the resolution of this problem, the objectives of
this dissertation are to analyze the data in order to derive patterns, which, when com-
pared to real data can generate alerts for the existence of unusual activities. Concretely,
the first objective seeks to infer when the vessels are fishing, and when they fish in an
area other than the usual one, this using only velocity and location data. The second
objective consists in classify the fishing license by taking into account the VMS data,
more precisely velocity and position data. There are several studies developed in this
area. What separates my work from the other studies found is the use of only data
created by a device on board, in which there is no human interference. In the current
developed solution the data is produced by the system MONICAP, a BLUEBOX sys-
tem, mandatory for vessels over 12 meters in the European Union. This system records
velocity, heading and location data. Concerning the first objective, a machine learning
system, using velocity data, will be used to identify whether the vessel is fishing. The
methodology used is based in clustering algorithms, to identify whether the fishing
zone is usual or not. In addition the Hill Climbing algorithm and the Kernel density
estimator are used to classify data as fishing or not.

This system is designed so that it can be integrated into MONICAP itself. For the
second objective, we will use data mining methods, as Random Forests, Neural Net-
works an others, to analyze possible associations between the data provided by MON-
ICAP and the type of fishing license. The models were tested and evaluated using
well-established data mining techniques following the procedures in Cross Industry
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Standard Process for Data Mining. The second solution allowed to show that it is pos-
sible to classify the fishing license by taking into account the VMS data, more precisely
velocity and position data.

The use of velocity and location turns out to be enough to create systems capable of
satisfying the proposed objectives, so goals are all achieved.

Keywords: Vessel Monitoring System, Data Mining, Fishing



Resumo

Portugal é um país historicamente ligado ao mar, sendo a pesca uma atividade muito
importante para a economia portuguesa. Por outro lado, a fraude fiscal está presente
tanto na pesca como noutra atividade económica e é um fenómeno nocivo para Por-
tugal. Por isso, é necessário criar formas de fiscalizar esta atividade de forma mais
eficiente. Com a motivação de contribuir para a resolução deste problema, os objeti-
vos desta dissertação são analisar os dados de forma a derivar padrões que, quando
comparados com dados reais, podem gerar alertas para a existência de atividades inu-
sitadas. Concretamente, o primeiro objetivo visa inferir quando as embarcações estão
a pescar e quando pescam numa zona diferente da habitual, utilizando apenas dados
de velocidade e localização. O segundo objetivo consiste em classificar a licença de
pesca tendo em conta os dados VMS, mais precisamente os dados de velocidade e po-
sição. Existem vários estudos desenvolvidos nesta área. O que separa o meu trabalho
de outros estudos que encontrei é o uso de apenas dados criados por um dispositivo de
bordo, no qual não há interferência humana. Nesta solução os dados são produzidos
pelo sistema MONICAP, um sistema bluebox, obrigatório para embarcações com mais
de 12 metros na União Europeia. Este sistema regista dados de velocidade, direção e
localização. Em relação ao primeiro objetivo, será utilizado um sistema de aprendi-
zagem automática, utilizando dados de velocidade, para identificar se a embarcação
está a pescar. A metodologia utilizada baseia-se em algoritmos de agrupamento, para
identificar se a zona de pesca é habitual ou não. Além disso, o algoritmo Hill Climbing
e o estimador de densidade do Kernel são usados para classificar os dados como pesca
ou não.

Este sistema foi projetado de forma que possa ser integrado no próprio MONICAP.
Para o segundo objetivo, usaremos métodos de mineração de dados, como Random
Forests, Neural Networks e outros, para analisar possíveis associações entre os dados
fornecidos pelo MONICAP e a licença de pesca do navio. Os modelos foram testados
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e avaliados usando técnicas de mineração de dados bem estabelecidas, seguindo os
procedimentos do Processo Padrão de Cross Industry para Data Mining. A segunda
solução permitiu mostrar que é possível classificar a licença de pesca tendo em conta
os dados VMS, mais precisamente dados de velocidade e posição.

O uso da velocidade e localização acaba por ser suficiente para criar sistemas capazes
de satisfazer os objetivos propostos, concluindo-se que os objectivos propostos foram
alcançados.

Palavras-chave: Sistema de monitorizaação de embarcações, Mineração de dados,
Pescas
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1
Introduction

This chapter introduces the motivation, context and goals of this work. Additionally,
the formulation of the problem and the respective purposed solution is briefly de-
scribed. For this purpose, a block diagram is used to illustrate the purposed solution,
identifying the input data and the results to be obtained by the applications. Finally,
the structure of the work is presented, describing exactly the content of each chapter.

1.1 Motivation

The increased fishing activities mankind imposed on the marine ecosystems is a threat
for the future sea economy and for the marine ecosystem’s integrity [2].
Fisheries mapping is needed for implementing better ecosystem management and to
secure a healthy marine population [3]. The fishing activity represents an important ac-
tivity for the Portuguese economy. In the European Union, Portugal is the country that
has the highest consumption of fish per person and the third worldwide needing 55,6
kg (per capita/year), [37]. Portugal is a country connected to the sea by its large coast,
all along with its continental territory, almost all the coastal villages have a fishing
community. An important issue of concern to the authorities is the occurrence of tax
evasion that continues to cause damage to the Portuguese economy. In Portugal, the
estimated tax evasion in all economic activities represents 21,9% of it’s Gross Domestic
Product (GDP) [6]. The use of statistical pattern recognition techniques to analyze the
data makes possible to identify who operates in the margin of the law more rapidly

1



1. INTRODUCTION 1.2. Goals

and methodically [32]. Reducing tax evasion will allow strong gains and potentially
will develop the economy, making the fishing activity more fair for everyone involved
in this activity.

MONICAP [42] is a monitoring system for the inspection of fishing using the Global
Positioning System (GPS) for vessel location and Inmarsat-C [41] technology for satel-
lite communications between ships and a ground control center, these devices com-
monly referred to as BLUEBOX. MONICAP was successfully introduced on the mar-
ket by Xsealence [49]) and is currently installed or currently being installed on about
800 fishing vessels operating under the control of the authorities of Portugal, Spain,
France, Ireland, and Angola. Within the scope of this Master’s thesis, it is purposed
to use Portuguese fishing data from the Vessel Monitoring Systems (VMS) to extract
patterns of behavior related to the fishing zones, times, velocity’s, and directions of the
course performed by the ships. The descriptive statistical analysis of these makes it
possible to identify patterns of fishing activity that can be used for different purposes
such as sustainable fishing, models for fuel efficiency, and models to detect illegal ac-
tivities.

VMS provides a unique and independent method to derive patterns of spatially and
temporally explicit fisheries activity. Such information may feed into ecosystem man-
agement plans seeking to achieve sustainable fisheries while minimizing potential risk
to non-target species (e.g. cetaceans, seabirds, and elasmobranchs) and habitats of
conservation concern. With multilateral collaboration, VMS technologies may offer an
essential solution to quantifying and managing ecosystem disturbance, particularly on
the high-seas.

1.2 Goals

Objective 1: Local tool
The first goal is to develop an application to be installed in the MONICAP, which al-
lows better describing the fishing zones. At each one of the vessels, this application will
work in real-time with the data from the fishing activity of each vessel. This tool will
be local and will use unsupervised techniques of machine learning [30]. The derived
application should be able to identify patterns in two strands:

• Velocity: identify if the vessel is in fishing activity or not;

• Location: identify the usual fishing spots. These spots knowledge to cross-check
in real-time if the current location of fishing is new to the vessel.

2



1. INTRODUCTION 1.3. Data

Objective 2: Centralized tool
Using VMS data and information on fishing licenses per vessel, our goal is to design
models that are capable of classifying vessels by type of fishing only using VMS data.
These models could be used to classify vessels by fishing activity, allowing crossing
this classification with the information corresponding to the vessel license.

1.3 Data

1.3.1 VMS Records

VMS Data provided by the Xsealence [49] enterprise contains data generated by the
MONICAP [42] "BLUEBOX". Information about the localization, direction, and veloc-
ity of the vessel, every 10 minutes is saved in a local database. VMS datasets contain a
vessel identification code, a timestamp, the latitude and longitude positions, the veloc-
ity and the direction. In this dataset, there are 769930 entries from thirty-eight vessels,
between 2008-10-30 and 2016-11-04 Coordinated Universal Time (UTC). These data are
from vessels operating in the Portuguese shore. This dataset is created automatically
by the MONICAP system and follows the concept of integrity and confidentiality.

The variables registered in the dataset are:

• VesselID: Vessel identification;

• Utc: Date time of the log;

• Gps-id: identification of the GPS in use (0 = GPS with European Geostationary
Navigation Overlay Service (EGNOS), 1 = MiniCs GPS);

• Fix/fix2: types of fix in the GPS:

– 0 = invalid,

– 1 = standard: valid, without integrity (without EGNOS),

– 2 = differential: valid, with integrity (with EGNOS),

– 3 = integrity: valid with integrity (with EGNOS);

• Lat/Lat2: latitude of GPS primary/secondary (in decimal);

• Lon/Lon2: longitude of GPS primary/secondary (in decimal);

3



1. INTRODUCTION 1.3. Data

• Course Over Ground (COG): Varies from 0 to 360 clockwise, being 0, facing north;

• Speed Over Ground (SOG): Velocity in knots;

Table 1.1 presents information, for each vessel, on the number of occurrences(Count)
and the time range to which the records correspond.

Table 1.1: VMS Records per vessel

VesselID Count Time laps VesselID Count Time laps

1 4767 2009-08-06 to 2016-12-04 20 6470 2014-07-06 to 2014-08-26

2 53465 2012-11-06 to 2014-12-09 21 3607 2009-10-26 to 2009-11-20

3 18887 2009-04-20 to 2009-09-13 22 65535 2014-02-21 to 2015-02-09

4 27970 2009-10-28 to 2010-09-24 23 46908 2015-05-28 to 2016-10-07

5 47870 2009-02-13 to 2014-10-14 24 2587 2012-08-24 to 2012-11-20

6 9071 2012-02-09 to 2012-04-22 25 23403 2013-10-09 to 2016-03-07

7 2050 2014-06-12 to 2015-07-31 26 23054 2012-04-11 to 2012-09-05

8 7192 2014-08-25 to 2014-10-06 27 1218 2011-05-27 to 2011-06-27

9 7577 2013-12-15 to 2014-06-02 28 29424 2008-10-30 to 2009-10-14

10 65530 2014-04-15 to 2015-02-09 29 6496 2013-04-26 to 2013-08-23

11 18949 2009-02-13 to 2010-11-23 30 41352 2012-09-25 to 2015-03-12

12 4367 2010-04-25 to 2010-06-01 31 51357 2015-01-27 to 2016-11-04

13 44476 2009-04-01 to 2010-10-04 32 4403 2015-10-08 to 2016-11-04

14 973 2010-02-15 to 2010-03-06 33 15722 2014-12-09 to 2015-07-15

15 3315 2010-04-09 to 2010-09-04 34 10315 2015-08-19 to 2016-06-02

16 290 2013-03-20 to 2013-04-08 35 17090 2016-06-05 to 2016-09-15

17 2632 2015-03-24 to 2015-04-13 36 16048 2015-04-27 to 2015-07-15

18 25516 2014-08-01 to 2015-02-09 37 3421 2015-11-30 to 2016-04-01

19 4441 2012-11-15 to 2013-02-20 38 52182 2015-02-08 to 2016-07-11

Table 1.2 presents a descriptive summary of VMS records, considering all the vessels.
Some cells of the table are empty due to some measures that do not apply to qualitative
data. The P25 stands for the 1st Quartile, P75 stands for the 3rd Quartile and SD stands
for Standard deviation.
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Table 1.2: VMS Records

Minimum Maximum Average P25 Median P75 SD

Lon -52.706 35.965 -4.493 -9.811 -9.115 -7.986 21.156

Lat -35.243 76.064 25.933 33.038 38.423 40.21 25.916

Sog 0 42 4.183 1.634 3.012 7.399 3.211

Cog 0 360 166.31 68.89 173.125 255.69 108.64

utc 2008-10-30 2016-11-04 - - - - -

gps_ id 0 1 - - - - -

fix 1 3 - - - - -

Fix2 0 2 - - - - -

Lon2 -52.706 155.977 -3.702 -9.726 -8.991 0 20.933

Lat2 -35.24 76.064 23.663 0 37.595 40.191 26.383

VesselId 1 38 - - - - -

1 P25 stands for 1st Quartile.
2 P75 stands for the 3rd Quartile.
3 SD stands for Standard deviation.

1.3.2 VMS Vessels

The VMS records, as mentioned in subsection 1.3.1, include observations from 38 ves-
sels. The VMS vessels data comprises a total of 56 vessels. In order to enable an in-
tegrated analysis and also in accordance with the objectives of the present work, the
common 38 vessels are considered in both registers.

VMS Vessels data is the vessel information that goes along with the VMS Records.
These data contain information about vessels and fishing activities for which they are
licensed. These data are created by the competent authority that process fisheries li-
censing.
The variables registered in the dataset are:

• ID: Vessel identification (VesselID/VMSRecords, foreign key);

• Name: Name of the vessel;

• Loa: Length Overall;

• GT: Gross Tonnage;

• HP: Vessel power Horse Power (HP);

• kW: Vessel power Kilowatt-hour (kW);
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• License: Registration of the vessel’s licenses;

• PriGearCode: FOA code of the principal fishery device;

• SecGearCode: FOA code of the secondary fishery device.

In Table 1.3 we can see the summary of the data regarding the vessels in the table VMS
Records. Some cells of the table are empty due to some measures that do not apply to
qualitative data.

Table 1.3: VMS Vessels

Minimum Maximum Average P25 Median P75 SD

ID 1 38 - - - - -

Name - - - - - - -

Loa 11.95 84.94 23.48 16.93 19.35 23.70 15.49

GT 22251 18.99 200.28 27.98 57.15 110.34 473.78

HP 3600 130 539 230 350 497 689.56

KW 2684.50 95.62 396.52 172.84 259.21 367.91 498.54

License - - - - - - -

PriGC - - - - - - -

SecGC - - - - - - -

1 P25 stands for 1st Quartile.
2 P75 stands for the 3rd Quartile.
3 SD stands for Standard deviation.

With regard to licensing for fishing, this data set considers the following fishing li-
censes:

Siege: The purse seine used on the mainland is characterized by the use of a catch at
the bottom of the net - this allows the net to be closed like a bag in order to retain the
catch.

Dragging:

• Drag of Doors: A bottom-trawl net towed by a single vessel, the horizontal open-
ing of which is ensured by relatively heavy trawl doors, which may be fitted with
a steel shoe designed to withstand a contact with the bottom.

• Pole drag: Rod trawling is characterized as a medium-sized trawl art where the
mouth, devoid of wings, is held open by the action of two rods or a horizontal
rod and rigid lateral structures.
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• Dredge: Small and medium-sized trawling art in which the mouth is composed
of a rigid structure and the bag is mesh or made up of a metal grid.

Gillnets and Trammel nets: Fishing method using a rectangular net with one, two or
three rafts held upright by floatation cables and cables of used ballast insulated or in
hunting.

Fishhook: A fishing method that uses lines and, in general, one or more hooks, ballasts
and buoys. It can be practiced with gear that is integrated in the following groups: troll,
cane and hand line, longline, tone and fishing nipple.

Traps:

• Cage Traps: Fishing method by which the prey is attracted or referred to a device
that prevents leakage.

• Shelter Traps: Fishing method by which the prey is attracted or referred to a
device, in this case the pots.

Sliding Enclosures: Fishing method that uses a net structure with pouch and large
lateral wings that drag and/or simultaneously, wrap or surround.

Catch: Uses several simple utensils. It can be practiced by an individual, using or not
a support vessel and apnea diving equipment.

This data is available in https://www.dgrm.mm.gov.pt [36].

1.4 Problem Formulation and Solutions

1.4.1 Standalone Fishery Analysis

The purposed solution to meet objective 1 consists of a system that after receiving the
VMS data from the BLUEBOX returns information that indicates whether the vessel is
fishing or not and if so, it also indicates that the vessel is fishing in a geographical area
usual or in a new area. This system integrates an algorithm based on the adjustment
of a probabilistic model to the observed data, using density estimates based on Kernel
methods, hill climbing algorithm and Density Based Cluster.

In Figure 1.1 is presented the solution block diagram for the first purpose. We will call
this solution Standalone Fishery Analysis (SFA).
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Figure 1.1: Block Diagram of solution to goal 1.

1.4.2 Joined Fishery Analysis

The purposed solution to objective 2 is the development of a model that can be used in
a system that receives data from various vessels and classifies that data by the type of
fishing license. The objective is to understand whether the result of the classification
algorithm is compatible or not with the vessel’s fishing license. In this classification
problem, different methodologies are used, such as, Decision Trees, Random Forests,
Neural Networks and Support Vector Machines algorithms. In Figure 1.2 is presented
the solution blocks diagram for the second goal. We will call this solution Joined Fish-
ery Analysis (JFA).

Figure 1.2: Block Diagram of solution to goal 2.

1.5 Thesis Structure

The remainder of this document is organized into five main chapters. Chapter 2 gives
an overview of the State of the Art. It is presented the methods, approaches and tools of
the state of the art and their main results and functionality. Reference articles are pre-
sented and the main basic methodologies used in each case are explained. In Chapter
3 we present two different methodologies to classify the data in real-time, only using
the available data by the BLUEBOX:

• Using velocity data, to classify if the vessel is fishing;

• Using location data, to classify if the vessel is in activity in a new area.

For the solution the purposed approaches are presented in the form of an algorithm,
clearly explaining the input and output parameters. All the actions of the applied
techniques are described and presented, so that they can be reproduced by others. In
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chapter 4 we present an approach to answer the second objective: using the data from
all the vessels, how to identify fishing activities that are not under the vessel’s fishing
license. Different data mining methods will be used to derive predictive models. Cor-
responding results are compared through correct classification performance measures.
Chapter 5 is presented with the results of the validation of the models and methods
presented to answer the purposed objectives. Chapter 6 contains the conclusions ob-
tained during the elaboration of this work.
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2
State of the Art

There exists a desire amongst the world’s fisheries managers to coordinate their
efforts so that the world’s fish stocks - which recognize no national or regional
boundaries - can be saved. (Food and Agriculture Organization of the United
Nations, Rome, 1998)

Chapter 2 identifies some of the studies carried out and published in the literature,
within the scope of the fisheries theme and the implementation of the vessel monitor-
ing system.
Section 2.1 identifies some of the studies carried out with VMS data, although some
with different objectives than those presented in this work.
Section 2.2 is dedicated to the presentation of data analysis methodologies that will be
used in this work and section 2.3 presents the main data mining methodologies that
will also be used in the modeling of VMS data.

2.1 Literature Review

2.1.1 Previous Work

2.1.1.1 U. C. report to the final project of course

My undergraduate final-year project entitled "Análise de Padrões para Encontrar Fraude
nas Pescas" was developed in the same data analysis context. In that work I tried to
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solve an analogous problem with data coming from the VMS file, but with a different
approach.
FPC work was focused on abnormalities regarding the declaration of fish caught, by
quantities and type of fish. It was used the data provided by the Capitan with quanti-
ties caught per type of fish and used VMS Records data to consider standards, as the
time of the year and fishing positions.

2.1.1.2 Published Paper

Fishing Monitor System Data: A Naïve Bayes Approach
Authors: Serge Lage, Iola Pinto, João Ferreira, Nuno Antunes
Book: Springer, Advances in Intelligent Systems and Computing volume 557
Date: 23 February 2017
DOI: 10.1007/978–3–319–43480–0—57
https://link.springer.com/chapter/10.1007/978–3–319–53480–0—57

In the paper we observed that it is possible to find patterns in the fishing data VMS
and logbooks, to find outliers. The knowledge obtained about the VMS data will be
used in this present work.

2.1.2 Work in Literature

There exists a desire amongst the world’s fisheries managers to co-ordinate their efforts
so that the world’s fish stocks, which recognize no national or regional boundaries, can
be saved. In order to do so, there must have to be an agreement concerning the proce-
dures for implementing VMS. For example, when a South America fisheries manager
agrees with a fisheries manager in Europe on VMS performance, security and data for-
mats, it will be possible for a vessel to operate under the management of both, moving
from one fishery to another, within legally and a maximum of transparency. Further-
more, only within such a context, can the two fisheries managers share data on vessel
movements and activities, to improve operations on an international scale [14].
VMS is nowadays a standard tool of fisheries monitoring and control worldwide, but
it was the European Union (EU) that led the way, becoming the first part of the world
to introduce compulsory VMS tracking for all the larger boats in its fleet. The EU legis-
lation requires that all coastal EU countries should set up systems that are compatible
with each other so that countries can share data and the Commission can monitor the
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respect of the rules. EU funding is available for the Member States to acquire state-of-
the-art equipment and to train their people to use it [40]. If an international standard
exists, the fisheries managers from all regions of the world would be able to set a com-
mon goal. However, there exists some consensus on VMS implementation, providing
some welcome, but it will be temporary. This may not be enough to keep everyone on
the same track but could be enough to keep them moving in the same direction.

There is some work being done using VMS data to reach very different objectives like:

• Illegal fishing- "Fishing Gear Recognition from VMS data to Identify Illegal Fish-
ing Activities in Indonesia", [24]. The main purpose of this study is to evaluate
a novel method for the recognition of the fishing vessel gear type from VMS tra-
jectories as a mean of detecting abnormal uses of undeclared fishing gear. The
fishing gear list was trawl, longline, pole and line, purse seine. They reported
mean correct recognition rates around 94.59%, which demonstrates the relevance
of the purposed approach.;

• Illegal fishing- "Fishing Gear Identification From Vessel-Monitoring-System-Based
Fishing Vessel Trajectories" [16]. The purposed approach combines the extraction
of new VMS-derived features, issued from the nonsupervised identification and
characterization of gear-specific movement patterns, and supervised machine
learning, namely, random forest and support vector machine. They reach recog-
nition performance greater than 97% for the considered Indonesian fisheries.

• Fuel efficiency- "Effects of fishing effort allocation scenarios on energy efficiency
and profitability: An individual-based model applied to Danish fisheries",[5]. Us-
ing VMS data and data from logbooks create models to evaluate three scenarios.
(A) preferring nearby fishing grounds rather than distant grounds with poten-
tially larger catches and higher values, (B) shifting to other fisheries targeting
resources located closer to the harbour, and (C) allocating effort towards optimis-
ing the expected area-specific profit per trip. The outcomes of scenarios A and
B indicate a trade-off between fuel savings and energy efficiency improvements
when effort is displaced closer to the harbour compared to reductions in total
landing amounts and profit. Scenario C indicates that historic effort allocation
has actually been sub-optimal because increased profits from decreased fuel con-
sumption and larger landings could have been obtained by applying a different
spatial effort allocation.;

• Sustainable fishing- "The importance of scale for fishing impact estimations",[26].
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This study focused in the impact of a bottom trawl fishery on fish or benthos.
This study shows the implication is that to determine the fishing-induced mor-
tality of a particular species, the trawling frequency needs to be determined at
those spatio-temporal scales that are appropriate considering the species’ spatial
processes (e.g., dispersion) or temporal processes described by life history char-
acteristics.;

In terms of tools developed to analyze VMS data, we have two applications (VMStools
and VMSbase).

• VMStools: is a package of open-source software, build using the freeware envi-
ronment R, specifically developed for the processing, analysis, and visualization
of landings (logbooks with information of the caught fish) and vessel location
data (VMS) from commercial fisheries. Embedded functionality handles erro-
neous data point detection and removal, linking logbook and VMS data together
to distinguish fishing from other activities, provide high-resolution maps of both
fishing effort and landings, interpolate vessel tracks, calculate indicators of fish-
ing impact as listed under the Data Collection Framework at different Spatio-
temporal scales [12].

• VMSbase: is a R package derived to manage, process, and visualize information
about fishing vessel activity (provided by the vessel monitoring system - VMS)
and catches/landings (as reported in the logbooks). Standard analysis comprise:
1) tier identification (using a modified CLARA clustering approach on Logbook
data or Artificial Neural Networks on VMS data); 2) linkage between VMS and
Logbook records, with the former organized into fishing trips; 3)discrimination
between steaming and fishing points; 4) computation of spatial effort concern-
ing user-selected grids; 5) calculation of standard fishing effort indicators within
Data Collection Framework; 6) a variety of mapping tools, including an interface
for Google viewer; 7) estimation of trawled area [29].

The main difference between the present work, and those previously mentioned is
that they combine VMS data with the logbooks (data of the type of fish captured and
quantity) or the number of fishing licenses considered. In this work, we will use only
VMS data. The main advantage is that VMS data is less subject to malicious changes
than logbooks, taking into account that logbooks are filled by the ship owner. So, they
are subject to misrepresentation of the truth. VMS data is generated automatically in
a closed system like a black box. In addition, another difference between the present
work and those already mentioned is that the first objective -to derive an application to
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be installed in the MONICAP, which allows better describing the fishing zones is not a
topic addressed in the literature.

2.2 Data Analysis Methodologies

2.2.1 Distribution Fitting algorithms

2.2.1.1 Kernel density estimation

A density estimator is an algorithm which takes a D-dimensional dataset and produces
an estimate of the D-dimensional probability distribution which that data is drawn
from. A possible approach could be the Gaussian mixture models (GMM). This algo-
rithm accomplishes representing the density as a weighted sum of Gaussian distribu-
tions.

Particularly, Kernel Density Estimation (KDE) is in some senses an algorithm which
takes the mixture-of-Gaussians idea to its logical extreme: it uses a mixture consist-
ing of one Gaussian component per point, resulting in an essentially non-parametric
estimator of density. The free parameters of kernel density estimation are the kernel,
which specifies the shape of the distribution placed at each point, and the kernel band-
width, which controls the size of the kernel at each point. In practice, there are many
kernels to use for a kernel density estimation: in particular, the Scikit-Learn KDE im-
plementation supports one of six kernels, which you can read about in Scikit-Learn’s
Density Estimation documentation [18].

2.2.2 Clustering algorithms

2.2.2.1 K-means clustering algorithm

K-means clustering algorithm [17] is a method of cluster analysis which aims the parti-
tion of n observations into n clusters, in which each observation belongs to the cluster
with the nearest mean. This results in a partitioning of the data space. K-means (Mac-
queen, 1967) is one of the simplest unsupervised learning algorithms that solves the
well-known clustering problem. The procedure follows a simple and easy way to clas-
sify a given data set through a certain number of clusters (assuming n clusters) fixed
a priori. The main idea is to define n centroids, one for each cluster. These centroids
should be placed carefully because of different location causes a different result. So,
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the best choice is to place them as much as possible, far away from each other. The
next step is to take each point belonging to a given data set and associate it to the near-
est centroid. When no point is pending, the first step is completed, and an early group
is done. At this point, we need to recalculate n new centroids as bar centers of the
clusters resulting from the previous step. After we have these n new centroids, a new
binding must be done between the same data set points and the nearest new centroid.
A loop has been generated. As a result of this loop, we may notice that the n centroids
change their location, step by step, until no more changes are done.

2.2.2.2 Density-based clustering algorithms

Density-Based Clustering refers to unsupervised learning methods that identify dis-
tinctive groups/clusters in the data, based on the idea that a cluster in a data space is
a contiguous region of high point density, separated from other such clusters by con-
tiguous regions of low point density. The data points in the separating regions of low
point density are typically considered noise/outliers. It can find arbitrarily shaped
clusters, and handles noises, and yet is a one-scan algorithm that needs to examine
the raw data only once. In density-based clustering algorithms, dense areas of ob-
jects in the data space are considered as clusters, which are segregated by low-density
area (noise). The basic idea of density-based clustering is that clusters are dense re-
gions in the data space, separated by regions of lower object density. The key idea of
density-based clustering is that for each instance of a cluster, the neighborhood of a
given radius (Eps) must contain at least a minimum number of instances (Min Pts).

2.2.2.3 DBSCAN clustering algorithms

DBSCAN (for density-based spatial clustering of applications with noise) is a data clus-
tering algorithm purposed by Martin Ester, Hans-Peter Kriegel, Jorge Sander and Xi-
aowei Xu in 1996. It is a density-based clustering algorithm because it finds several
clusters starting from the estimated density distribution of corresponding nodes. DB-
SCAN [19] is one of the most common clustering algorithms and most cited in the
scientific literature.

2.2.3 Optimal number of clusters

Using partitioning clustering like K-means clustering metods implies determining the
optimal number of clusters. These methods requires the user to specify the number of
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clusters k to be generated. The optimal number of clusters is subjective and depends on
the method used for measuring similarities and the parameters used for partitioning.

A direct approach consists of optimizing a criterion, such as the within cluster sums of
squares or the average silhouette. The corresponding methods are named elbow and
silhouette methods, respectively. Another approach consists in using statistical testing
methods. In this case the user compares evidence against null hypothesis. An example
is the use of gap statistic [35]. This method can be applied to any clustering method.
The gap statistic compares the total within intra-cluster variation for different values of
k with their expected values under null reference distribution of the data. The estimate
of the optimal clusters will be the value that maximize the gap statistic (i.e, that yields
the largest gap statistic). This means that the clustering structure should be far away
from the random uniform distribution of the points.

2.2.3.1 Elbow method

The Elbow method [20] looks at the total within clusters sum of squares as a function
of the number of clusters: one should choose a number of clusters so that adding an-
other cluster doesn’t improve much better the total within clusters sum of squares. The
within-cluster sum of squares refers to the distance between the vectors in each cluster
are from their respective centroid. The goal is to get this number as small as possible.
One approach to handle such an objective is to run the K-means clustering multiple
times, raising the number of the clusters each time. Then, it is possible to compare
the within-cluster sum of squares each time, stopping when the rate of improvement
drops off. The best case corresponds to find a low withins while still keeping the num-
ber of clusters as small as possible.

The elbow method is visual. The idea is to start with K=2 and keep increasing it in each
step by one unit, calculating the clusters and the cost that comes with the training. At
some value for K, the cost drops dramatically, and after that, it reaches a plateau when
you increase it further. At this moment, the value of K we are looking for is reached.
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2.2.3.2 The Silhouette Coefficient

The Silhouette Coefficient is a metric based on the separation and compacting of the
groups, starting this procedure by calculating the Silhouette index for the i th observa-
tion as in equation 2.1.

spiq “
bpiq ´ spiq

maxtapiq, bpiqu
(2.1)

where s(i) is the silhouette Coefficient, (i) is the average distance between ith observa-
tion and all other observations within the same group. For the calculation of b (i) a
distance is first calculated between the observation i and the observations belonging
to a group in which i is not inserted. After this calculation, such an average is carried
out in those distances. An identical calculation is made for all groups to which the ob-
servation does not belong. At the final, b (i) represents the minimum distance between
the calculated average distances [27].

The denominator of equality 2.1 only serves to normalize the result, so the values s
(i) are represented between [-1,1], where -1 or negative values refers to observations
wrong placed in the group, whereas for coefficients with a value of 1 or positive rep-
resent observations well placed in the group [27]. To obtain the performance index
for a given number of groups in each indicated group, the average of all indexes of
Silhouette is calculated as equation 2.2.

S WC “
1
N

N
ÿ

j“1

sp jq (2.2)

Where N is the number of groups.

Finally, in order to decide which is the optimal number of groups to use, depending
on the data, the criterion of choice favors the scenario that corresponds to the highest
average value of the Silhouette coefficient [27].

2.3 Data Mining techniques

Data mining is the process of discovering interesting and useful patterns and relation-
ships in large volumes of data. The field combines tools from statistics and artificial in-
telligence (such as neural networks and machine learning) with database management
to analyze extensive digital collections, known as data sets. Data mining is widely
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used in business (insurance, banking, retail), science research (astronomy, medicine),
and government security (detection of criminals and terrorists) [25].

2.3.1 CRISP-DM

In this work, it will be used the CRISP-DM (Cross Industry Standard Process for Data
Mining) methodology [9]. The CRISP-DM project purposed a comprehensive process
model for carrying out data mining projects. The process model is independent of both
the industry sector and the technology used [9]. The CRISP-DM reference model for
data mining provides an overview of the life cycle of a data mining project. It contains
the phases of a project, their respective tasks, and their outputs. The life cycle of a data
mining project is broken down into six phases, which are shown in Figure 2.1. The
sequence of the phases is not strict. The arrows indicate only the most important and
frequent dependencies between phases, but in a particular project, it depends on the
outcome of each phase, which phase, or which particular task of a phase, has to be
performed next.
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Figure 2.1: The complete CRISP-DM Approach [38].

In the following, we outline each phase briefly:

1. Business Understanding
This initial phase focuses on understanding the project objectives and require-
ments from a business perspective, and then converting this knowledge into
a data mining problem definition, thus a preliminary project plan designed to
achieve the objectives are drown.

2. Data Understanding
The data understanding phase starts with an initial data collection and proceeds
with activities to get familiar with the data, to identify data quality problems, to
discover first insights into the data, or to detect interesting subsets to form hy-
potheses for hidden information. There is a close link between Business Under-
standing and Data Understanding. The formulation of the data mining problem
and the project plan require at least some understanding of the available data.
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3. Data Preparation
The data preparation phase covers all activities to construct the final dataset (data
that will be fed into the modeling tool(s)) from the initial raw data. Data prepa-
ration tasks are likely to be performed multiple times, and not in any prescribed
order. Tasks include a table, record, and attribute selection, data cleaning, con-
struction of new attributes, and transformation of data for modeling tools.

4. Modeling
Various modeling techniques are selected and applied, and their parameters are
calibrated to optimal values. Typically, there are several techniques for the same
data mining problem type. Some techniques require specific data formats. There
is a close link between Data Preparation and Modeling. Often, one realizes data
problems while modeling, or one gets ideas for constructing new data.

5. Evaluation
At this stage in the project, you have built one or more models that appear to
have high quality, from a data analysis perspective. Before proceeding to the final
deployment of the model, it is essential to more thoroughly evaluate the model,
and review the steps executed to construct the model, to be sure it accurately
achieves the business objectives. A key objective is to determine if there is some
critical business issue that has not been sufficiently considered. At the end of this
phase, a decision on the use of the data mining results should be reached.

6. Deployment
The creation of the model is generally not the end of the project. Usually, the
knowledge gained will need to be organized and presented in a way that the
customer can use it. Depending on the requirements, the deployment phase can
be as simple as generating a report or as complex as implementing a repeatable
data mining process. In many cases, it will be the user, not the data analyst, who
will carry out the deployment steps. In any case, it is important to understand
upfront what actions will need to be carried out to make use of the developed
models.

2.3.2 Data Mining Classification Algorithms

2.3.2.1 Decision Trees

While in data mining, a decision tree is a predictive model that can be used to repre-
sent both classifiers and regression models. In operations research decision trees refer
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to a hierarchical model of decisions and their consequences[28]. The decision-maker
employs decision trees to identify the strategy which will most likely reach its goal.
When a decision tree is used for classification tasks, it is most commonly referred to as
a classification tree. When it is used for regression tasks, it is called a regression tree
[28]. Algorithms for constructing decision trees usually work top-down, by choosing
a variable at each step that best splits the set of items [4].
Thus, when the target variable is a discrete set of values the model is called a classi-
fication tree; In the tree structure, leaves represent class labels and branches represent
features conditions corresponding to those class labels. Tree models where the target
variable assumes continuous values are called regression trees. ID3,CART and C4.5
are basically most common decision tree algorithms in data mining. They use different
splitting criteria for splitting the node at each level to form a homogeneous node. In
this work, it will be used to measure the quality of a split "gini" Equation 2.3 for the Gini
impurity (CART)[13] and "entropy" Equation 2.4 for the information gain (C4.5)[13].

Gini “ 1´
n

ÿ

i“1

pPiq
2 (2.3)

Where Pi denotes the probability of an element being classified for a distinct class.

Entropy “
n

ÿ

i“1

´pilog2ppiq (2.4)

Where p denotes the probability.

2.3.2.2 Random Forests

Random forests are a combination of tree predictors such that each tree depends on the
values of a random vector sampled independently and with the same distribution for
all trees in the forest[7]. The generalization error for forests converges a.s. To a limit
as the number of trees in the forest becomes large. The generalization error of a forest
of tree classifiers depends on the strength of the individual trees in the forest and the
correlation between them. A random forest is a classifier consisting of a collection of
tree-structured classifiers thpx, θkq, k “ 1, ...uwhere the tθku are independent identically
distributed random vectors and each tree casts a unit vote for the most popular class at
input x[7]. The number of trees in the forest are called estimators, which the algorithm
builds before taking the maximum voting or taking the averages of predictions. In
general, a higher number of trees increases the performance and makes the predictions
more stable, but it also slows down the computation.
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2.3.2.3 Neural Network

Neural networks are a bio-inspired mechanism of data processing that enables com-
puters to learn technically similar to a brain and even generalize once solutions to
enough problem instances are tough [21]. An artificial neural network consists of sim-
ple processing units, the neurons, and directed, weighted connections between those
neurons. A neural network is a sorted triple pN,V, $q with two sets N, V and a func-
tion $, where N is the set of neurons and V a set tpi, jqi, j P Nu whose elements are
called connections between neuron i and neuron j. The function $ : V Ñ R defines
the weights, where $pi, jq, the weight of the connection between neuron i and neuron
j, is shortened to $ i,j . Depending on the point of view, it is either undefined or 0 for
connections that do not exist in the network [21].
In this work, we will train models with different hidden layer sizes. The solver for
weight optimization used is BFGS[11] and Adam[1] for large sizes of hidden layers.

2.3.2.4 Support Vector Machine

The folklore view of SVM is that they find an optimal hyperplane as the solution to
the learning problem. The simplest formulation of SVM is the linear one, where the
hyperplane lies in the space of the input data x. In this case, the hypothesis space is a
subset of all hyperplanes of the form: f pxq “ w¨ x ` b. In their most general formula-
tion, SVM finds a hyperplane in a space different from that of the input data x. It is a
hyperplane in a feature space induced by a kernel K (the kernel defines a dot product
in that space)[33].
In this work, we will create models using the following kernel algorithms: Linear[34],
Polynomial[34], and RBF[34].

2.3.3 Path Search Algorithm

2.3.3.1 Hill-Climbing algorithm

Hill Climbing is a heuristic search used for mathematical optimization problems in the
field of Artificial Intelligence. Given a large set of inputs and a good heuristic function,
the algorithm tries to find the best possible solution to the problem in the most reason-
able time period. This solution may not be the absolute best (global optimal maximum)
but it is sufficiently good considering the allocated time[22].

The definition above implies that hill-climbing solves the problems where we need to
maximize or minimize a given real function by selecting values from the given inputs.
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3
Standalone Fishery Analysis

This chapter explains the approach used to reach the first goal of this work. It describes
an application that implements the work done in this chapter with respect to its func-
tionality, architecture, implementation details and usage.
In Section 3.1 we learn how we can obtain the fishing velocity patterns.
In Section 3.2 we learn how we can obtain the fishing spots patterns.
In Section 3.3 we demonstrate an approach to address goal 1.

The first objective is to develop a locally implemented tool that registers whether the
vessel is engaged in fishing, and if so, whether the fishing area is new or is habitual.
This solution must be implemented by the vessel. Therefore each vessel will only have
access to its data. That is, each vessel only will know its own data. This data consists
of VMS data described in Section 1.3.1 VMS Records.

The solution developed to meet this objective consists of a machine learning applica-
tion to analyze data in real-time. Doing this analysis by vessel allows avoiding bias in
the results, since each vessel has a different power, size and its suitable for a specific
fishing activity.
This solution could be implemented and used as a library by the MONICAP [42] sys-
tem shown in Figure 3.1.
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Figure 3.1: MONICAP BLUEBOX.

As MONICAP systems are installed on ships, they can, in real-time, send alerts to the
authorities whenever an abnormal change is detected concerning the standard.

3.1 Fishing Velocity Patterns

To know whether a vessel is fishing, we can use its velocity patterns, given that the
speed of the vessel differs when it is traveling or when it is fishing. We can verify
this fact in the histogram shown in Figure 3.2, corresponding to the distribution of the
vessel velocity.

In Figure 3.2, the histogram allows us to recognize two different velocity patterns, iden-
tified by two distinct distributions. They are visible when we graphically represent the
velocity’s data of each of the vessels. The distribution characterized by lower average
speeds corresponds to fishing activity, and the other speed distribution corresponds to
the movement of the vessel between the port and the fishing sites [23].
So, it is needed to isolate the first distribution’s range to be able to classify the upcom-
ing future velocity’s as being fishing associated or not.
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Figure 3.2: SOG Histogram vessel 2.

For the purpose of isolating the first distribution we considered and analyzed the po-
tential of two different procedures:

• Kernel Density Estimation: Method explained in Sub Section 2.2.1.1.

The implementation used was KernelEstimator from the WEKA library [48].

• Filter: Use a Hill-Climbing algorithm explained in Sub Section 2.3.3.1. With this
algorithm, the first maximum is found, and then the algorithm identifies the next
minimum. Then remove all the velocity occurrences that happen to be less than
10 % of the maximum occurrence and isolating the occurrences that are followed.
A clean distribution of the fishery speed for each vessel is derived. With this, the
minimum and the maximum values of this distribution are used to classify the
new inputs.

After the experiment and the study of all these different methods, the chosen procedure
can be described in two steps: it starts by using the method based on the Filter to isolate
the fishery speed occurrences from the remaining ones. Then, the Kernel distribution
method was applied.

1. Filter: In the first step, it retrieves all velocity data from the database to create a
histogram like it is shown in Figure 3.3.

In the next step, all observations corresponding to zero velocities were removed,
because we do not want to consider when the vessel is completely stopped. Then
it uses the hill-climbing algorithm to get the minimum and the maximum value
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Figure 3.3: Velocity histogram in nautical knots

of the first distribution. The implementation of the hill climbing algorithm used
consisted of identifying the maximum, then continuing the search, to determine
the distribution limit. To obtain this solution, the algorithm searches for the first
local maximum that has not have a higher value in the following three points, as
shown in Figure 3.4.

In this way, we can find the maximum value of the fishing speed range.
To find the end point of the fishing speed range, the algorithm continues to sweep
the histogram until the next three points are not lower than the current point as
is shown in Figure 3.5.

This way, we can end up with a histogram of the intended distribution, as can be
observe in Figure 3.6.

2. Kernel method : It was applied a kernel distribution method in the filtered his-
togram to have the distribution represented in orange on Figure 3.7. Then, it was
created a dictionary with the velocities and the cumulative percentage of velocity.
This way, we end up with a representation like the one presented in Figure 3.8.
Then, a range across quantiles is defined for some probability. Considering this
last distribution, a confidence area is defined through a probability. The speeds
within this area correspond to fishing activity. Thus, two-speed limits are identi-
fied and used to classify the new data. For the example in Figure 3.9, the output
corresponds to the following values: minimum= 0.6, maximum= 3.5.
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Figure 3.4: Hill climbing algorithm step to find maximum
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Figure 3.5: Hill climbing algorithm step to find minimum

29



3. STANDALONE FISHERY ANALYSIS 3.1. Fishing Velocity Patterns

Figure 3.6: Speed distribution after removing traveling occurrences

Figure 3.7: Estimated Kernel Density function
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Figure 3.8: Estimated Cumulative Kernel distribution
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Figure 3.9: Set margin and get limits

Now, we can compare the new data with the established limits. If the new data is
within limits, we classify as fishing, and if not, we classify as not fishing.
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3.2 Fishing Spots

To discover whether the vessel is fishing in its fishing zone, or in a new location, the
history of GPS locations by vessel was used. Fishing in a new zone may mean that the
vessel has changed its type of fishing or is engaging in an activity that is not licensed.

Figure 3.10: Vessel 2 geographic coordinates

In Figure 3.10, we can see the geographic coordinates points for the vessel 2. Using
methods based on clustering, it is possible to identify, by vessel, several areas that are
the standard fishing zones of this vessel. When the vessel is outside that standard zone,
a flag should occur.

Using the fishing velocity range encountered in the previous section, we get the GPS
points of the vessel within that range, so we can work only with the positions where
the vessel was fishing. The next step is to use a clustering algorithm to define the
fishing areas so that we can compare it with the new GPS points.

For this purpose, several data mining algorithms were performed in order to choose
the best results:

• K-Means: Method explained in Sub Section 2.2.2.1. The implementation used
was SimpleKMeans from WEKA library.

• Density Based Cluster: Method explained in Sub Section 2.2.2.2. The implemen-
tation used was MakeDensityBasedClusterer from WEKA library.
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• DBSCAN: Method explained in Sub Section 2.2.2.3. The implementation used
was DBSCAN from WEKA library.

After some tests, it was decided that Density-Based Cluster is the best approach for
this case. It was excluded DBSCAN, because as we can observe in Table 3.1, this model
needs much processing power to estimate the clusters. These values were retrieved
using a computer with an Intel i5 (2.5 GHz) processor and 8 GB of RAM. Considering
that the BLUEBOX has a lot less processing power, it was decided that this model is
not a good solution for this problem.

Table 3.1: Time of processing in miliseconds per model

K-Means Density Based Cluster DBSCAN
Initializing 862 923 25848
New data 25 45 35

The choice between K-Means and Density-Based Cluster algorithms was based on the
fact that Density-Based Cluster represents a great advantage because it estimates the
probability of the new geographic coordinates belonging to a cluster-based in the spe-
cific cluster probabilistic distribution. This way, the user can choose the most suitable
configuration. The resulting clusters themselves are equal when K-Means or Density-
Based Cluster were applied since Density-Based Cluster uses K-Means to define the
centroids, so they only differ by adding a layer to define the area of density per cluster.

One of the important steps when performing the cluster analysis is the determination
of the number groups. To fix the number of groups we can use some indicators such
as: coefficient of Silhouette as seen in Sub Section 2.2.3.2 and the Elbow method as seen
in Sub Section 2.2.3.1.

In Figure 3.11 is presented the value of the within sum of squares as function of the
number of clusters, using the geographic coordinates data for vessel 2. As we can
observe, six clusters seems to be a good number as the error is not decreasing much as
the number of clusters increases.

The average value of the Silhouette coefficient for vessel 2 is as described in Table 3.2
with nine and six having good values.
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Figure 3.11: Sum of squared error as function of the number of clusters

Table 3.2: The average value of the Silhouette coefficient for vessel 2

Number of clusters Average silhouette coefficient
2 0.5933
3 0.5950
4 0.5510
5 0.6233
6 0.6635
7 0.6319
8 0.6514
9 0.6907

Considering the two methods I chose six as the number of clusters for the vessel 2.

In Appendix A there is clustering analysis for other vessels.
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3.3 SFA Library

It was created a software application called SFALib for (Standalone Fishery Analysis
Library) that can be found in a online repository [31]. In this application, were devel-
oped the solutions described in this chapter to help with the elaboration and tests for
this project. For a market solution, this library could be used by the main application
of a BLUEBOX, to send alerts to support decision making or to simply classify each
VMS data entry into two categories:

1. Is fishing (yes/no).

2. Is fishing in a new area (yes/no).

3.3.1 Functionality

This application allows to:

• Test new data
Send and receive VMS data, if it is considered to be fishing and if it is in a new
area.

• Test new velocity
Send SOG data and receive true if it is considered to be fishing.

• Test new location
Send GPS data and receive true if it is in a new area.

• Restart models
Request to create new models. It can be used if the objective is running for a long
time and want to renew models with new data.

• Get limits
Request the velocity limits. Receive a tuple with two doubles (item1 = low-speed
limit, item2 = high-speed limit). It can be used for analysis like described in
Chapter 4.

To make this possible, it is necessary to configure the data access layer to get the VMS
data from the local data repository. The data repository used in this work to save and
access VMS data was a database but could be other type like text files. The type of
data repository used by MONICAP was not revealed to me. Currently, the application
supports connection to SQL Server [47] and PostgreSQL [44].
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3.3.2 Architecture and Implementation

To develop the software, it was decided to use Java 8 [43] because it is a powerful, full
object-oriented, and cross-platform programming language. MONICAP uses Linux, so
using a JRE (Java Runtime Environment) application is a good choice. The architecture
is depicted in Figure 3.12. In this architecture, it is possible to distinguish three main
modules: One that is the core of the SFALib, create the modules and use them. Another
one is WEKA [48] that creates the cluster modules for locations and implements the
Kernel density estimation for velocity. The last one is the data access layer that is
responsible for getting the VMS data from the local repository so SFALib can create the
modules.

Blue Box

SFALib

Core

<<Interface>>

SFAInterface

WEKA

MakeDensityBasedClusterer

KernelEstimator

DAL

<<Interface>>

ImportData

ImportDataPostgresSQL

ImportDataSQLServer

<<Abstract>>

DataSource

<<access>>

<<access>>

SFA

ProcessNewArea ProcessVelocity

<<import>>

<<import>>

<<import>><<import>>

Figure 3.12: Representation of the SFALib architecture.

Core module
The core module is responsible for initializing the models and using them the way de-
scribed in this chapter. The procedure starts with the creation of an instance, called
"ProcessVelocity", whose objective is to use the historical speed data of the ship to
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classify whether or not it is fishing. After that, is created another instance called, "Pro-
cessNewArea", whose objective is to identify if a new data (geographic coordinates) is
or is not in a usual fishing location for that vessel, using for that purpose the history of
the vessel’s GPS locations.

WEKA module
WEKA is a collection of machine learning algorithms for data mining tasks. It con-
tains tools for data preparation, classification, regression, clustering, association rules
mining, and visualization. In this application, WEKA is used as a tool to create the
modules.

DAL module
The data access module was implemented in a way not only to get data but also to
filter data in the database engine. Filtering data (where) is optimized on the database
engine, and so we gain some performance.

The application starts by initializing two objects:

1. ProcessVelocity: This object is responsible for doing the process explained in sec-
tion 4.2 of this document. It will request to the static class ImportData to retrieve
all SOG (Speed Over Ground) data from the database. Then, the process will end
with the limits (minimum speed of fishing and the maximum speed of fishing).

2. ProcessNewArea: This object is responsible for doing the process explained in
section 4.3 of this document. This object is only initialized after ProcessVelocity
because it needs the velocity fishing limits necessary to create the clusters of the
fishing areas. With these limits, the object requests to the ImportData instance
to obtain the latitude and longitude values where the vessel was in between the
velocity limits. With this, the object ends up with the clusters of the fishing areas.

3.3.3 Deployment

We start by initializing SFALib with the doubles limitVelocity and limitArea and with
integer nClusters:

• limitVelocity- used to get the maximum and minimum speed by reducing the
speed range. This limit will reduce the maximum speed and increase the min-
imum speed by setting the maximum velocity as the velocity that as (1-limit)
percentage of the cumulative kernel distribution and the minimum velocity as
the velocity that has a (limit) percentage of the cumulative kernel distribution.
Range between 0 and 1.
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• limitArea- used to compare with the probability to belong in a cluster given to
the new points. If the limit is smaller than the given probability, then the vessel
is classified as fishing in a new area. Range between 0 and 1.

• nClusters- used to set the number of clusters to be used in the clustering model.

These limits could be defined by the user. This possibility allows to configure the ap-
plication according to the preference in obtaining more false positive or false negative
classifications. A false positive (type I error) is when the classifier rejects a true hypoth-
esis. A false negative (type II error) is when the classifier accepts a false hypothesis.

After the SFALib is ready, we need to send a new velocity data and GPS coordinates to
receive an object with an "isFishing" as true if the vessel is fishing. "isNewArea" as true
if the vessel is in an area that is not a usual fishing area and it’s in a fishing velocity.

The methods that can be used are:

• newData- method that receives VMS data and returns isFishing(boolean) and
isNewArea(boolean).

• isFishing- method with SOG (double) as input and a boolean as output with, True
= is fishing, False = not fishing.

• isNewArea- method with geographic coordinates (double longitude, double lati-
tude) as input and a boolean as output with, True = is fishing in a new area, False
= not fishing in a new area.

• restart: this method restarts the models. It can be used to create models with new
data.

• GetLimit- the method used to get SOG limits used by the SFALib to classify ve-
locity. Returns SOG limits as doubles.
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Joined Fishery Analysis

This chapter explains the approach used to reach the second goal of this work.

In Section 4.1 we implement the methodology described in Section 2.3.1, used to an-
swer the second goal of this work.

4.1 Business Understanding

In the fishing sector, vessels operating in the various fishing techniques must be li-
censed. A common problem is that there is a likelihood that vessels will be fishing for
which they are not licensed. The objective is to obtain a predictive model, capable of
receiving VMS data and proceed to its classification in order to predict which type of
fishing is being carried out by the vessel. In this way, it will be possible to ascertain
whether or not a given vessel is carrying out a legal fishing activity, that is, according
to the license it has.

4.2 Data Understanding

To answer this goal, the data used as input are the same VMS Records as used in
Chapter 3, initially presented in Chapter 1, Section 1.3.1 and VMS Vessels presented in
Chapter 1, Section 1.3.2. The output variable is nominal whose categories correspond
to the labels of the different fishing licenses.
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4.3 Data Preparation

To use data mining models, a first step is to build a dataset with all the data needed to
feed the models. So, it was created a dataset from VMS Vessels and VMS Records to
end with Table 4.1. The correlation between the license and the HP data (vessel power),
Loa (Boat length), Gt (vessel weight) are quite significant. This is expected as different
fishing activities require specific types of vessels. This does not mean that the type of
vessel is only capable of entering a type of fishing activity. For these reasons, we will
not use these variables in the model so as not to create a problem with bias.

Table 4.1: VMS Dataset

Name Description From Why
ID Key Native Identify the row

VesselID Vessel Identifier VMS Records Identify the vessel
UTC Date Time VMS Records Identify the time of the entry
LAT Latitude VMS Records Discriminated by fishing areas
LON Longitude VMS Records Discriminated by fishing areas
COG Direction VMS Records Course Over Ground
SOG Velocity VMS Records Discriminated by fishing velocity

License Vessel’s Linceses VMS Vessels Objective

When analyzing the velocity distribution by license, we can observe in Figure 4.1 that
there is no obvious difference between licenses. For example, the value 1 of SOG can
be assigned to any license.
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Figure 4.2: SOG minimum per license

Nautical Knots

C
la

ss
es

Figure 4.1: SOG per license

In order to improve the results obtained from the predictive model, after doing several
experiences, we conclude the need of some pre-processing. A simple and effective
way is to group data by vessel and activity day. Then apply the SFA to the data to
have, per day, per vessel, the minimum fishing velocity, maximum fishing velocity
and also remove the average velocity. With these three variables, it is possible to better
distinguish the behavior of vessels by license through velocity.
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Figure 4.3: SOG average per license
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Figure 4.4: SOG maximum per license
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The method used to transform the data consists of the following steps:

• Create a dataset in which data are grouped per day, per vessel.

• Use DSALib to get the minimum and maximum velocity’s of fishing per vessel.
From this data, apply a filter to obtain observations for which the velocity varies
between its minimum and maximum value.

Regarding location data, clustering techniques to discretize the data were used. First,
the best number of clusters is determined. For that, we used the same techniques as
in Section 4.3, resulting the Figure 4.5 for the elbow method and for Silhouette method
Table 4.2 and Figures 4.6, 4.7 and 4.8. In Table 4.2 we can see that the smaller the num-
ber of clusters the bigger is the silhouette coefficient. The data used was the dataset
filtered, so we have only the positions of fishing. For this case the chosen number of
clusters was six.

Figure 4.5: The elbow method showing the optimal k

Now, is possible to create data mining models based on the location and on the velocity
patterns.
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Figure 4.6: Silhouette analysis with 4 clusters

Figure 4.7: Silhouette analysis with 5 clusters

Figure 4.8: Silhouette analysis with 6 clusters
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Table 4.2: The average value of the Silhouette coefficient for all vessels

Number of clusters Average silhouette coefficient
2 0.8997
3 0.8301
4 0.8276
5 0.8078
6 0.7528
7 0.7527
8 0.7502
9 0.6947

4.4 Modeling

In order to classify a new type of license using VMS data, several data mining algo-
rithms were tested, which we now list:

• KMeans- This model was used to organize GPS data in clusters to improve the
result of the data mining algorithms. The operating mode of this algorithm has al-
ready been covered in the Section 2.2.2.1. The implementation used was KMeans
from the sklearn library [46].

• Decision Trees- This model was used to classify the fishing license from VMS
data. The operating mode of this algorithm has already been covered in the
Section 2.3.2.1. The implementation used was DecisionTreeClassifier from the
sklearn library.

• Random Forests- This model was used to classify the fishing license from VMS
data. The operating mode of this algorithm has already been covered in the
Section 2.3.2.2. The implementation used was RandomForestClassifier from the
sklearn library.

• Neural Network- This model was used to classify the fishing license from VMS
data. The operating mode of this algorithm has already been covered in the Sec-
tion 2.3.2.3. The implementation used was MLPClassifier from the sklearn li-
brary.

• Support Vector Machine- This model was used to classify the fishing license
from VMS data. The operating mode of this algorithm has already been covered
in the Section 2.3.2.4. The implementation used was SVC from the sklearn library.
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4.5 Evaluation

Cross –validation [10] provides a simple and effective method for both model selection
and performance evaluation, widely employed by the machine learning community.
Under f –fold cross –validation, the data are randomly partitioned to form f disjoint
subsets of approximately equal size. In the ith fold of the cross-validation procedure,
the ith subset is used to estimate the generalization performance of a model trained
on the remaining f –1 subset. The average of the generalization performance observed
overall f folds provides an estimate (with a slightly pessimistic bias) of the generaliza-
tion performance of a model trained on the entire sample. To evaluate these models a
10-fold, f=10, cross - validation was performed.
To evaluate the classification results customized with the different algorithms, a con-
fusion matrix, as described in table 4.3 were created and interpreted according ours
goals.

Table 4.3: Confusion matrix for a two-class classifier

Predicted
Positive Negative

A
ct

ua
l Positive True Positive(TP) False Negative(FN)

Negative False Positive(FP) True Negative(TN)

In addition, the following performance indicators were used:
Precision, also called as positive predictive value attempts to identify what proportion
of positive identifications was actually correct, is given by 4.1, being f the index corre-
sponding the folds.

f ´1
ÿ

n“0

T P
T P` FP

(4.1)

Recall, also called as sensitivity attempts to identify what proportion of actual positives
was identified correctly 4.2, being f the index corresponding the folds.

f ´1
ÿ

n“0

T P
T P` FN

(4.2)
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A confusion matrix [8] illustrates the accuracy of the solution to a classification prob-
lem. Given n classes, a confusion matrix has general element Ci,j corresponding to the
number of tuples from D that were assigned to class Ci,j, but where the correct class
is Ci. The best solution will have only zero values outside the diagonal. A confusion
matrix contains information about actual and predicted classifications done by a clas-
sification system. The performance of such systems is commonly evaluated using the
data in the matrix. Table 4.3 shows the confusion matrix for a two-class classifier.

For the purpose of this work, the classes corresponding to the different types of licenses
are:

0 Armadilhas / De abrigo / Alcatruzes
1 Arrasto / De fundo de portas
2 Arrasto / De fundo de portas / Crustáceos
3 Arrasto / Pelágico / Com portas
4 Cerco / para bordo / Tipo americano
5 Emalhar de 1 pano / De deriva / Grandes Pelágicos
6 Emalhar de 1 pano / De fundo
7 Pesca à linha / Cana e linha de mão
8 Pesca à linha / Palangre de fundo / Espécies demersais
9 Pesca à linha / Palangre de Fundo + Cana e linha de mão
10 Pesca à linha / Palangre de superfície / Grandes Migradores

The model’s test results are:
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• Decision Trees:

We can observe in Table 4.4 the usage of velocity parameters (SogMin, SogAVG,
and SogMax) and location (clustering result of K-Means) having the best result.
The algorithm with the best result is Entropy(C4.5), with a precision of 0.8142 and
an recall of 0.8142. In Figure 4.4 the confusion matrix shows that only the classes
0 and 7 have a low prediction rate. The max depth of the trees was tested as 200,
300, and 400, with 300 giving the best results.

Table 4.4: Cross-Validation results for Decision Trees models

Splitting criteria Velocity and locations Velocity
Precision Recall Precision Recall

Gini 0.8047 0.8047 0.7479 0.7479
Entropy 0.8142 0.8142 0.7659 0.7659

Figure 4.9: Confusion Matrix for Decision Tree using Entropy splitting criterion(C4.5)
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• Random Forest: Concerning Random forest use, the model was trained again
considering Giny impurity and Entropy Information Gain as splitting criteria.
The results mentioned in this document for Random Forest models are using
Entropy(C4.5) as the algorithm to measure the quality of a split. The max depth
of the trees was tested with the values of 200, 300, and 400, being the best results
attained with the max depth value of 300. Table 4.5, describes the cross-validation
results obtained with the number of estimators at 200. In Figure 4.5 is shown the
confusion matrix corresponding to the Random forest classifier. The results are
satisfactory given that only the classes 0 and 7 have a lower correct prediction
rate.

Table 4.5: Cross-Validation results for Random Forest models

No. of estimators Velocity and locations Velocity
Precision Recall Precision Recall

50 0.8389 0.8389 0.8 0.8
100 0.8398 0.8398 0.7896 0.7896
200 0.8474 0.8474 0.7953 0.7953
300 0.8445 0.8445 0.7943 0.7943

Figure 4.10: Confusion Matrix for Random Forest using 200 estimators
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4. JOINED FISHERY ANALYSIS 4.5. Evaluation

• Neural Network:
For these models, it was trained in various configurations of hidden layers. It
was used from 1 to 8 hidden layers with 11, 100, 250, 500, and 750 neurons. Some
of the results are in Table 4.6. The best result, as we can observe in Table 4.6
correspond to the case with six layers with 500 neurons for which the confusion
matrix is presented in Figure 4.11. For some models, it was used the Adam solver
and BFGS, but with BFGS having better results. So all reported results are using
BFGS solver. As in Decision Trees models, the usage of locations has a good
impact on the results of the Neural Network models.

Table 4.6: Cross-Validation results for Neural Network models

Hidden Layers Velocity and locations Velocity
Precision Recall Precision Recall

100 0.7507 0.7507 0.70426 0.7043
4 (500) 0.7536 0.7536 0.7715 0.7715
5 (500) 0.7479 0.7479 0.7659 0.7659
6 (500) 0.7867 0.7867 0.7583 0.7583

Figure 4.11: Confusion Matrix for Neural Network using 5x500 hidden layers
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4. JOINED FISHERY ANALYSIS 4.5. Evaluation

• Support Vector Machine:
For the built of support vector machine models, it was used the type of kernel of
Polynomial, RBF, and linear. With the best result as we can observe in Table 4.7
is the Polynomial, with its confusion matrix represented in Figure 4.12.

Table 4.7: Cross-Validation results for Support Vector Machine models

Kernel coefficient Velocity and locations Velocity
Precision Recall Precision Recall

Polynomial 0.7422 0.7422 0.672 0.672
RBF 0.7374 0.7374 0.6986 0.6986

Linear 0.6569 0.6568 0.545 0.545

Figure 4.12: Confusion Matrix for Support Vector Machine using Polynomial kernel
coefficient
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4. JOINED FISHERY ANALYSIS 4.6. Deployment

The model with the best result corresponds to the use of a random forest method,
with the configuration of 200 estimators. For this model it was obtained a precision
of 84.74%. With this, we can determine that it is possible to create a good model to
classify the VMS data as the fishing license.
As seen in Figure 4.10, the classes 0 and 7 have a low true positive rate. The usage
of more data and data that are certified that the VMS data of a vessel is only for the
purpose of the fishing license can improve the precision of the model.

4.6 Deployment

To use the trained model, we separated JFA into 4 steps:

1. Receive VMS data and register in a BD. JFA needs to be able to receive VMS
data so it can classify it, but it is also important to persist the data in a way that
we can update the model with more recent data.

2. Pre process the data. If SFA is installed in the BLUEBOX that is filling the VMS
data, the data entries can be already classified as fishing or not fishing. If not, JFA
needs to collect data and run its local SFA for each vessel that does not have SFA.
If the data is received in one time when the vessel arrives at the port, convert all
the data received, as explained in Subsection 4.3. If the BLUEBOX is broadcasting
data when the vessel is on activity, we can classify the data as fishing or not (if
SFA not installed in the BLUEBOX) and have a subsystem that detects when a
vessel fails to send data or have stopped fishing for more than some defined
time. This will allow time as the competent authorities will prepare an inspection
as marked vessels even before reaching the port.

3. Use the model to classify. With the data obtained in the last step, use the model
tested chosen in Subsection 4.5.

4. Validate vessel license comparison, send an alert. Compare the class attributed
by the model with the license of the vessel and, if different, register and send a
message to the designated authority.

To keep the model up to date, it is essential to train a new model with recent data from
time to time. If possible, to know that data is verified by a competent authority, when
training the model gives more relevance to this verified data. This is important because
the training data that is not verified, can be given by vessels that are not respecting their
fishing license and this way corrupting the model.
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5
Experimental Evaluation

This chapter describes the process used to evaluate the work done in this thesis.

5.1 Validation of Standalone Fishery Analysis

The VMS data are not classified, for the validation and evaluation of SFALib presented
in Chapter 3. The first step consists in the classification of the data.

The classification is realized using three categories, as follows:

• Class 0 = Fishing in a known area;

• Class 1 = Not Fishing;

• Class 2 = Fishing in a new area.

It was chosen the vessel with id two because it has the most entries in the database
provided to this work. In Figure 5.2, the circles represent locations given by the VMS
data to vessel two, and the diameter of the circle, the velocity. This analysis was done
using Windows Power Bi [45].
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5. EXPERIMENTAL EVALUATION 5.1. Validation of Standalone Fishery Analysis
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Figure 5.1: Representation of all VMS coordinates for vessel 2

To get data to test SFALib, we need to classify data into three classes.

• Class 0 (Fishing in a known area): To get data to classify as fishing in an area, the
data was filtered with a SOG between 0 and 4. Number 4 was chosen because of
the analysis made in Section 3.3, which concludes that the fishing activity done
by this vessel is at velocity’s below four nautical miles. With this, we end up
with the data represented in Figure 5.2. To extract the text data, it was chosen the
fishing spot near the island of Flores represented in Figure 5.3. 500 random VMS
entries were collected at this location without velocity restriction. This means
that we may have collected travel data, but no velocity bias was passed to this
test data.

• Class 1 (Not fishing): For this class, it was extracted 500 random VMS entries
with the location near Terceira island represented in figure 5.4. It was chosen this
spot because most points appear to be on a well-defined trajectory. This pattern
contrasts with the random-looking and under-lapping points in Figure 5.3.

• Class 2 (Fishing in a new area): To have data from this class, it was created new
data. So 500 new VMS entries were created. The data was created using the data
from class 0 but changing to a location near mainland Portugal that is placed with
no entries for that vessel.
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5. EXPERIMENTAL EVALUATION 5.1. Validation of Standalone Fishery Analysis
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Figure 5.2: Representation of VMS coordinates for vessel 2 with velocity’s inferior to 4
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Figure 5.3: Representation of VMS coordinates for vessel 2, near Flores island, with
velocity’s lower than 4
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Figure 5.4: Representation of VMS coordinates for vessel 2 near Terceira island

5.1.1 Validation and evaluation

To evaluate the classification accuracy of SFALib, it was used precision and recall mea-
sures.

Precision: In table 5.1 we can see that the lower the configuration value for velocity,
the better are the results. This can mean that the gap in velocity’s between fishing and
traveling is big. The configuration value for velocity is the parameter limitVelocity
explained in Section 4.6.

The best result has an average precision of 0.9.

Table 5.1: Precision per class and configuration

Configuration for velocity Class 0 Class 1 Class 2
0.1 0.67 1 0.67
0.05 0.738 1 0.738
0.01 0.838 1 0.838

0.001 0.85 1 0.85
0 0.85 1 0.85

Recall: In Table 5.2 we can confirm that, like in precision, the recall is better with lower
configuration values for velocity.

The best result has an average recall of 0.9231.
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5. EXPERIMENTAL EVALUATION 5.2. Validation Joined Fishery Analysis

Table 5.2: Recall per class and configuration

Configuration for velocity Class 0 Class 1 Class 2
0.1 1 0.6024 1
0.05 1 0.6562 1
0.01 1 0.7553 1

0.001 1 0.7692 1
0 1 0.7692 1

In Table 5.3, we can see that some fishing data(Class 0 and Class 2) was classified as not
fishing(Class 1). However, considering that the classified data can have some errors
in classification, we cannot assure that the predicted not fishing(Class 1) of fishing
classes(Class 0 and Class 2) is not actually, not fishing(Class 1).

Table 5.3: Confusion matrix for configuration with 0.001 for velocity

Real/Prediction Class 0 Class 1 Class 2
Class 0 0.85 0.15 0
Class 1 0 1 0
Class 2 0 0.15 0.85

5.2 Validation Joined Fishery Analysis

The model used for Joined Fishery Analysis decided in subsection 4.5 as being the Ran-
dom Forest, was validated and to evaluated using the same data used in the subsection
4.5.

In subsection 4.5 we use cross-validation [10] that trains the model with approximately
the same percentage of samples of each target class as the complete set. In this vali-
dation, it was only used one vessel of each license for the train and all of the tests. In
this case, we will train the model with 11 vessels but test with 30. This model will
have a strong bias to these 11 vessels, but we will see the degradation of the results
when testing with these unknown vessels by the model. This is useful to understand
the importance of having the model up to date and how badly it performs with new
vessels.
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5. EXPERIMENTAL EVALUATION 5.2. Validation Joined Fishery Analysis

5.2.1 Validation and evaluation

To evaluate the classification accuracy of Joined Fishery Analysis model it was used a
confusion matrix and the model precision and recall.

In figure 5.5 we can observe that this model is less accurate than the model tested in
Figure 4.10. The precision in this model is 0.6727, and the recall is 0.6379.

This means that different vessels in the same license can operate at different velocity’s,
and so for the model to work without differentiation of vessel power, length, or gross
tonnage, it requires that the training dataset is varied in the type of vessels. The other
solution is to create different models by categorizing vessels by vessel information
(Gross tonnage, length, and power). This way, the models can be specific and achieve
better results.

Figure 5.5: Confusion Matrix for Joined Fishery Analysis validation
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6
Conclusions

This chapter presents the conclusion of this research, starting with an overview of the
work covered in this document and concluding with a set of possible routes for future
work.

6.1 Overview

There is great concern about fisheries fraud as demonstrated by the Food and Agricul-
ture Organization of the United Nations [15]. In the European Union through Directorate-
General for Maritime Affairs and Fisheries in the European commission, studies are
being done and discussing the best way to act on this illegal action using new tech-
nologies like VMS [39].

The objective of this dissertation was to find ways to detect tax fraud in fishing activity
efficiently and quickly to be able to detect when a vessel had an operation with abnor-
mal behavior, to be able to notify the authorities while the vessel is still unloading the
fish at the dock.

We were able to demonstrate two ways to classify and validate VMS data. The im-
portance of being able to evaluate this type of data will be a great weapon against the
tax fraud that occurs in the fishing sector. Another potential return from this work
was the possibility to understand the fishing patterns, to be able to create plans for
environmental protection.
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6. CONCLUSIONS 6.1. Overview

For this work, it was used real VMS data from Portuguese fisheries.

All the objectives proposed in this document have been achieved.

6.1.1 Conclusions about Standalone Fishery Analysis

In SFA, we were able to demonstrate that it is possible to classify in real-time two cru-
cial aspects. If the vessel is fishing and if it is fishing in a new area.
Considering the work done we conclude that classifying if the vessel is fishing at a
given moment, taking into account the historic of its velocity, it is possible since we
demonstrate that the velocity of each vessel has well defined the distribution of fishing
velocity, thanks to the fact that the boats spend much of their time fishing. With this
information and using clustering algorithms, it is also possible to define fishing areas.

This type of classification is advantageous to understand the fishing patterns in a given
area. Another impressive result is the possibility of over the years understand if there
are variations in the level of hours of fishing and fishing zones, trying to understand
the temporal evolution of the fishing and by consequence of its raw material. With
this to understand if the boats spend more time or less inactivity by each time, they
leave (it can mean that it is becoming easier or more difficult to catch fish) if there
is a movement of the activity by type of license (can infer if certain types of fish are
disappearing in certain areas and emerging in new areas).

The main weakness of SFA is the lack of classified VMS data. Since it is not possible
to test the SFA results with data classified on the ship, it is not possible to measure the
real accuracy of the classifier. With classified data, it would also be possible to adjust
the classification parameters of the SFA better.

6.1.2 Conclusions about Joined Fishery Analysis

In the second solution, we want to show that it is possible to classify the fishing license
by taking into account the VMS data, more precisely velocity and position data. The
treatment of the data was rewarding since it was possible to find correlations between
the type of fishing and the actions of the vessels in fishing activity.

It still takes much work to have variables of enough quality to create a good classifica-
tion model. We created different types of data mining algorithms to determine which
best fits this problem.
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6. CONCLUSIONS

The main weakness of JFA is the prospect of having fraudulent data used in training
the model. This could be resolved by training the model with data on which the on-
board inspection took place or giving this data more weight in the model than the
un-inspected.

6.2 Future Work

In future work, it is imperative to create classified VMS data to analyze the SFA ac-
curacy in a better way. Also, to have data from fisheries activity that was inspected
by a competent authority, to test the models better and if with enough data, to train
them with only inspected data or giving more weight to this data so we can have more
accurate models. The SFA lacks the functionality to choose the best number of clusters
automatically.
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A
Appendix A

The purpose of this appendix is to show more clustering analysis made for different
vessels.

A.1 Clustering analysis for vessel 1

In Figure A.1 is presented the value of the within sum of squares as function of the
number of clusters, using the geographic coordinates data for vessel 1. As we can
observe, three or six clusters seems to be a good number as the error is not decreasing
much as the number of clusters increases.

The average value of the Silhouette coefficient for vessel 1 is as described in Table A.1
with three having good values.
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Figure A.1: Sum of squared error as function of the number of clusters

Table A.1: The average value of the Silhouette coefficient for vessel 1

Number of clusters Average silhouette coefficient
2 0.6337
3 0.6542
4 0.5784
5 0.5731
6 0.5658
7 0.5819
8 0.598
9 0.5657

Considering the two methods I chose three as the number of clusters for the vessel 1.

A.2 Clustering analysis for vessel 3

In Figure A.2 is presented the value of the within sum of squares as function of the
number of clusters, using the geographic coordinates data for vessel 3. As we can
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Figure A.2: Sum of squared error as function of the number of clusters

observe, five clusters seems to be a good number as the error is not decreasing much
as the number of clusters increases.

The average value of the Silhouette coefficient for vessel 3 is as described in Table A.2
with seven and nine having good values.

Table A.2: The average value of the Silhouette coefficient for vessel 3

Number of clusters Average silhouette coefficient
2 0.4751
3 0.5629
4 0.5616
5 0.6063
6 0.6532
7 0.6629
8 0.6607
9 0.6647

Considering the two methods I chose seven as the number of clusters for the vessel 3.
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Figure A.3: Sum of squared error as function of the number of clusters

A.3 Clustering analysis for vessel 4

In Figure A.3 is presented the value of the within sum of squares as function of the
number of clusters, using the geographic coordinates data for vessel 4. As we can
observe, four clusters seems to be a good number as the error is not decreasing much
as the number of clusters increases.

The average value of the Silhouette coefficient for vessel 4 is as described in Table A.3
with two having good values.
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Table A.3: The average value of the Silhouette coefficient for vessel 4

Number of clusters Average silhouette coefficient
2 0.675
3 0.5767
4 0.5595
5 0.5726
6 0.5437
7 0.5149
8 0.5039
9 0.4925

Considering the two methods I chose tree as the number of clusters for the vessel 4.

A.4 Clustering analysis for vessel 6

In Figure A.4 is presented the value of the within sum of squares as function of the
number of clusters, using the geographic coordinates data for vessel 6. As we can
observe, three clusters seems to be a good number as the error is not decreasing much
as the number of clusters increases.

The average value of the Silhouette coefficient for vessel 6 is as described in Table A.3
with three having good values.

Table A.4: The average value of the Silhouette coefficient for vessel 6

Number of clusters Average silhouette coefficient
2 0.572
3 0.684
4 0.6531
5 0.5638
6 0.5115
7 0.5154
8 0.5202
9 0.5083
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Figure A.4: Sum of squared error as function of the number of clusters

Considering the two methods I chose three as the number of clusters for the vessel 6.

A.5 Clustering analysis for vessel 7

In Figure A.5 is presented the value of the within sum of squares as function of the
number of clusters, using the geographic coordinates data for vessel 7. As we can
observe, tree clusters seems to be a good number as the error is not decreasing much
as the number of clusters increases.

The average value of the Silhouette coefficient for vessel 7 is as described in Table A.5
with tree having good values.
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Figure A.5: Sum of squared error as function of the number of clusters

Table A.5: The average value of the Silhouette coefficient for vessel 7

Number of clusters Average silhouette coefficient
2 0.6803
3 0.7508
4 0.7475
5 0.6499
6 0.5815
7 0.5906
8 0.5877
9 0.5914

Considering the two methods I chose tree as the number of clusters for the vessel 7.

vii




	Contents
	List of Figures
	List of Tables
	Acronyms
	Introduction
	Motivation
	Goals
	Data
	VMS Records
	VMS Vessels

	Problem Formulation and Solutions
	Standalone Fishery Analysis
	Joined Fishery Analysis

	Thesis Structure

	State of the Art
	Literature Review
	Previous Work
	U. C. report to the final project of course
	Published Paper

	Work in Literature

	Data Analysis Methodologies
	Distribution Fitting algorithms
	Kernel density estimation

	Clustering algorithms
	K-means clustering algorithm
	Density-based clustering algorithms
	DBSCAN clustering algorithms

	Optimal number of clusters
	Elbow method
	The Silhouette Coefficient


	Data Mining techniques
	CRISP-DM
	Data Mining Classification Algorithms
	Decision Trees
	Random Forests
	Neural Network
	Support Vector Machine

	Path Search Algorithm
	Hill-Climbing algorithm



	Standalone Fishery Analysis
	Fishing Velocity Patterns
	Fishing Spots
	SFA Library
	Functionality
	Architecture and Implementation
	Deployment


	Joined Fishery Analysis
	Business Understanding
	Data Understanding
	Data Preparation
	Modeling
	Evaluation
	Deployment

	Experimental Evaluation
	Validation of Standalone Fishery Analysis
	Validation and evaluation

	Validation Joined Fishery Analysis
	Validation and evaluation


	Conclusions
	Overview
	Conclusions about Standalone Fishery Analysis
	Conclusions about Joined Fishery Analysis

	Future Work

	References
	Appendix A
	Clustering analysis for vessel 1
	Clustering analysis for vessel 3
	Clustering analysis for vessel 4
	Clustering analysis for vessel 6
	Clustering analysis for vessel 7


