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Abstract 
The fin whale (Balaenoptera physalus) frequents the Catalan coastline and the Balearic sea to 

feed during the months between February and June. The distribution and behaviour of fin 

whales have been studied by the EDMAKTUB association, throughout the last six years. This 

study has principally focused on the Garraf coast, which is an area of high productivity, located 

between Barcelona and Tarragona, in the North-Western Mediterranean Sea. In order to 

understand and model the fin whale distribution, it is important to know their habitat and 

how they use it. As fin whales come to the North-Western Mediterranean to feed, the 

distribution model has been centred around the oceanographic variables that act as 

indicators of sea productivity.  This is mainly chlorophyll a (CHLA), together with salinity (SAL) 

and sea surface temperature (SST). The oceanographic variables used for modelling this 

distribution have been obtained from satellite data. The final dataset with the sightings and 

oceanographic variables, has been grouped in a period of eight-days. With an eight-day mean 

of the whole area, a Generalized Additive Model (GAM) has been used to predict the seasonal 

distribution of fin whales. For the final model, the oceanographic variables used are: CHLA 

(with a time lag of three weeks), monthly data and SST. Smoothing splines have been used to 

fit all three variables and this explains 88.9 % of the deviance, which is a suiable approach. On 

the other hand, another method has been used for spatial modelling. In this case, Artificial 

Neural Networks (ANN) and Convolutional Neural Networks (CNN). Before fitting the ANN 

and CNN models, a geographic standardization has been added to the data set. For the 

oceanographic data, a 1km2 and 3km2 grid, and for the sightings data, a 3km2 grid.  80% of the 

data has been used to develop and train the model and although the results must be 

improved, the model has learned effectively, allowing reliable prediction for the training data 

but not for the test data. The reason for this is explained in the thesis. Nevertheless, it is a 

beneficial starting point and offers a different approach, that will be valuable for cetacean 

distribution modelling, especially in locations with large sighting datasets. 
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Introduction 
Every year, from February to June, due to their migration path, the fin whale (Balaenoptera 

physlaus) visits the coastline of Catalonia to feed. The fin whale is the second largest whale in 

the world, and it is also the only baleen whale which is likely to be seen in the Mediterranean 

(Aguilar et al. 2018). This whale feeds mainly on krill (Meganyctiphanes norvegica) but also 

on small copepods and fish.  

Since 2014, EDMAKTUB association, which is an NGO dedicated to the research and 

conservation of marine animals, especially cetaceans, has been managing a project called ‘Fin 

Whale Project’ which studies the fin whale in the Garraf Coast between mid-February and 

the beginning of June. The distribution data that was recorded has been used in this thesis. 

Several studies have been conducted to connect the presence of fin whales and the 

oceanographic conditions (Laran and Garnier 2008, Areangeli et al. 2013), mainly the 

chlorophyl a (CHLA), which is found inside all phytoplankton organisms. It is used to estimate 

the biomass of primary production (Wernand et al. 2013), and sea temperature and salinity, 

which are two important variables that determine the stratification of the water column 

which determines the availability and the movements of zooplankton (Li et al. 2012). As it 

seems that fin whales come to the Catalonian coast to eat, therefore it is reasonable to believe 

that there must be a model from which one could predict the presence of fin whales from the 

oceanographic variables that relate to the abundance of krill.  

Due to this fact, three different models are proposed to predict the presence of fin whales on 

the Catalan coast. These models are a Generalized Additive Model (GAM), an Artificial Neural 

Network (ANN) and a Convolutional Neural Network (CNN). 

These models are thought to be used to implement optimal effort tracks in order to maximize 

the sighting/km of effort, so the time studying whales is optimized. These predictions may 

also be used as guidance for the cargo ships and passenger ships that frequent this area so 

they can be able to know in which zones the probability of finding whales is higher and in 

turn, measures can be taken in order to avoid fatal strikes. This point is especially important 

because in the Balearic sea and particularly in the area studied, there is a high traffic of cargo 

ships and passenger ships due to the proximity of harbours at Barcelona and Tarragona. 

Therefore, with the correct model, plans may be developed in order to protect the area at 

least the three to four months, in which fin whales frequent the area to feed.  
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Objectives 

The main goal of this thesis is to find a model that explains the presence of fin whales along 

the Catalan coastline, so research and conservation actions can be undertaken, in order to 

protect these whales and other species in the area. Research on data analysis and 

visualization of GAM and machine learning modelling. 

To achieve this, we have focused on three objectives: 

1. Develop a methodology for the preparation of databases to quickly obtain and process 

information that can be used by the models. 

2. Implementation of a model that predicts the probability of fin whale sightings in the study 

area per week. Therefore, each week, depending on the oceanographic conditions, we will 

know the probability of fin whale sightings. 

3. Use the GAM and machine learning techniques to implement a model using oceanographic 

and sightings databases. A weekly probability map is created with the probability of 

sightings in each of the pixels. 

4. Visualization of a proper probability map that allows researchers to determine the best 

places and paths to follow to find fin whales, so they can optimize the time they spend in 

the sea looking for whales. This will also be useful for marine staff to implement measures 

avoiding possible strikes and disturbances. 

To achieve the first objective, a combination of R code and QGis (QGIS Development Team, 

2018) code has been generated so once the new dataset is downloaded, these codes need to 

be applied and the new dataset ready, to be used in our model. 

To achieve the second and third objectives, diverse GAM, ANN and CNN have been 

implemented and the ones with the best Generalized Approximate Cross Validation (GACV), 

R2 and mean square error (MSE) have been selected. The best models have been compared 

to determine which is better in each of the objectives illustrated. 

To achieve the fourth objective, an Ocean Data View maps has been undertaken to achieve a 

clear and comprehensible map. 
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Thesis Structure 
Chapter 1. Study Area.  

In this chapter you will find an introduction to the characteristics of the study area, putting 

special emphasis on the oceanographic elements and dynamics that took place in the area, 

making it a highly productive area and its importance as an ecological hot spot. The pixel 

segmentation that has been used to create the datasets of the different models will also be 

explained. 

Chapter 2. Fin Whale.   

In this chapter, the presence of fin whales along the Mediterranean and Catalan coasts is 

outlined, revealing their migratory patterns and seasonality in the different areas. It is 

described the methodology followed to obtain the sighting data, an overview of the fin whale 

feeding pattern and feeding prey biology and distribution. 

Chapter 3. Oceanographic Variables. 

In this chapter you will find an introduction of each one of the oceanographic variables used 

in the model, their importance and behaviour in the area and over time. The source of which 

the data has been obtained and its characteristics. 

Chapter 4. Data Processing.  

Before using the variables for the model, the data has been uniformly processed to configure 

and structure it properly for analysis. It mainly consists of three different blocks: the sightings 

data processing, the CHLA processing and the rest of oceanographic variables processing. 

Chapter 5. Statistical models.  

Different models have been used in other to study the fin whale distribution. The main ones 

are the GAM, the ANN and the CNN. In this chapter, all the models are theoretically explained 

similarly, the model applications to the fin whale dataset. 

Chapter 6. Results 

The results of the different models have been exposed and compared in order to get the 

models that better explain the fin whale dataset. 

Chapter 7. Discussion and Conclusions.  

In this chapter the main conclusions of the fin whale distribution modelling are revealed, with 

a discussion of the results comparing them with those obtained from other similar studies. 

Also demonstrated will be the difficulties and problems faced during the analysis and 

modelling and future improvements that will be done. 
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Chapter 1. Study Area 
The Mediterranean Sea is an oligotrophic sea, excluding coastal areas, which has strong 

stratification during Summer. It is a sea with high salinity because the evaporation rate is 

higher than the freshwater contribution of the rivers.  

It is a small sea connected only to the Atlantic Ocean, via the Straits of Gibraltar, where there 

are east-west patterns of some oceanographic variables, such as salinity and temperature 

(Figure 1). 

    

Figure 1. (A) Mediterranean Sea surface salinity mean. (Soukissian et al., 2017, Figure 8)  (B) Mediterranean sea surface 

temperature mean along November of 2020 ©CEAM 2019 (Data source: National Centers for Environmental Information). 

There is one principal Mediterranean current that comes from the Atlantic and covers all the 

African coast until it reaches Tunisia and then goes back to the Atlantic following the northern 

coast, Figure 2 (Razouls et al. 2020). 

 

Figure 2. Principal superficial currents of the Mediterranean Sea. 1. Surface currents of Atlantic origin. 2. Intermediate Eastern 
Waters running to Black Sea and Western Basin, deep northern water flowing to the south of the Western Basin and 
Lusitanian Current West of Gibraltar. 3. Diluted waters (Rhône Outflow, Counter current of Languedoc, Current of North 
Adriatic Water, Nile Outflow, surface outflow of Black Sea). 4. Eastern deep flow. 5. Down-wellings. 6. Zone of divergences. 
7. Areas of accumulation of Atlantic Water.  © copyright 2005-2020 Sorbonne University, CNRS 

The study area of the EDMAKTUB Association, Figure 3, is along the Garraf coast in the 

Balearic Sea, which goes from Castelldefels to Torredembarra and 20 Nm offshore and fills an 

area of 1944 km2.  

A B 

https://www.researchgate.net/profile/Takvor_Soukissian?_sg%5B0%5D=-_sHAIdeSu4AAFWuTkzVpuDp7__GMA8UU58ISiyk5EVnhyhLMxIhSC_F90NwZ0_pyeX6qGM.SkQLDZsQa8Eo3d0_ojEfeBb4VF7ANUfKAO2eJW0vGPcjNvPOUhDHiWVIL1VnWBtLIHO4HTx-kuRIpcHNUI1etA&_sg%5B1%5D=L-NcIBk_Autippoe74FnYQhwEdkfkiemOvxbgA7hyvEaVOYdO4Lk-T5rs31uASielMRH8-s.GI1eDF62MZ5L_kRBGAIY__xUCNw-zir7Dk-ymBvLAo-4Ged-l2bWwPITZFmBSqwToA92-fxCzdaBdOsD7-KOqQ
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Figure 3. Study area. An area from Castelldefels to Torredembarra and 20 Nm offshore. 

This area of the continental shelf extends to a limit of 6 Nm offshore and from there, two 

marine canyons, the Foix canyon and the Cunit canyon, drop down.  As is shown in Figure 2, 

this area is characterized by a current that flows from north-east to south-west. It is also an 

area marked by strong winds and the influence of the Llobregat river (Sabatès et al. 1989).  

The marine canyons act as a preferential conduct for the transport of water from the platform 

to the seabed (Puig et al. 2000). These dynamics and the exchange of water with that which 

is on the ocean floor, makes it an area rich in nutrients and production. The largest is the Foix, 

the principal canyon of the area, that is located in front of Sitges. The Cunit canyon is smaller, 

which together with the Foix canyon, promotes movements of water in the canyons and 

between them, enriches the entire area and makes it highly productive. 

Due to the richness of this area, it is a LIC area (Lloc d’Importància Comunitària), a ZEPA area 

(Zona d’Especial Protecció per Aus), it belongs to Red Natura 2000 and is inside the PEIN (Pla 

d’Espais d’Interés Natural).  

In order to carry out analysis of the data, two pixel grids of 1x1 km2 and 3x3 km2 have been 

created. This generates a pixel resolution of 54x36 and 18x12 respectively. These two pixel 

grids have been used for different analysis. The first is used for the oceanographic variables 

resolution for CNN and the second resolution is for sightings data in the overall analysis and 

for the oceanographic data in GAM and ANN models.  

There are differences in the pixel resolution because some important variables as CHLA and 

sea surface temperature (SST) need a high resolution in order to have more information. On 

the other hand, the sightings data does not require this precision as fin whales cover large 

distances, therefore a lower resolution is a better option. 
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Chapter 2. Fin Whale 
The fin whale (Balaenoptera physalus) is a baleen whale, belonging to the family 

Balaenopteridae. It is the second largest whale and can reach a length between 18 to 20 

meters in the Mediterranean Sea. It reaches 24 to 28 meters in the Atlantic and Pacific 

Oceans. It is a protected species, classified as vulnerable by the IUCN (IUCN 2018). 

The fin whale is a cosmopolitan species, which can be found in all major oceans, usually in 

temperate to polar latitudes and less commonly in the tropics (Kot et al., 2014, Edwards et 

al., 2015). It is also the only baleen whale that is regularly seen in the Mediterranean Sea.  

The fin whale is usually concentrated in coastal and shelf waters, but can also be found in the 

deep sea. They are animals which can be located in different latitudes throughout the year, 

therefore scientists start to doubt the fact that these whales follow a truly migratory pattern 

(Jefferson et al., 2015, Jonzen et al., 2011). It is clear that if they have a migratory pattern, it 

is a complex pattern which seems to be dependent on the favourable feeding conditions 

(Geijer et al., 2016, Notarbartolo di Sciara et al.,2016).  

2.1. Mediterranean distribution of fin whales 
In the Mediterranean there are two populations of fin whales. The resident population lives 

all year in the Mediterranean Sea (Notarbartolo-di-Sciara et al. 2003, Castellote et al. 2012) 

and the Atlantic population is thought to go into the Mediterranean Sea between November 

and January and then goes back to the Atlantic between May to July (Druon et al., 2012; 

Gauffier et al., 2018). It is believed that these animals come through the Mediterranean to 

feed and then go back to their breeding ground in the Atlantic. 

The resident fin whale population is found in the Ligurian Sea in summer (Panigada et al. 2006) 

and in the Eastern Mediterranean in winter, where they have observed feeding around 

Lampedusa island (Canese et al., 2006), and in the Tyrrhenian sea and the Strait of Messina in 

spring and autumn (Aïssi et al., 2008, Nascetti and Notarbartolo di Sciara, 1997). However, 

this distribution per months is changing and fin whales can also be found in the Tyrrhenian 

sea and the Strait of Messina in summer (Arcangeli et al. 2014). As the Mediterranean 

conditions are changing due to climate change and the whales’ distribution depends on the 

favourable feeding areas, their seasonal distribution is fading away. 

On the other hand, the Atlantic population of fin whales come through the Mediterranean 

Sea by the Gibraltar Strait and then it is thought that they go up to the north-western 

Mediterranean, close to the Spanish coast looking for food. For many years, it has been 

assumed that these fin whales, like those that reside in the Mediterranean, go to feed in the 

Ligurian Sea (Notarbartolo di Sciara et al., 2016). However, recent studies suggest (such as 

those carried out by EDMAKTUB), it is more likely for these fin whales to feed on the Catalan 

coast, the Balearic sea and the Gulf of Lion.  
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2.2. The Fin Whale Project 
The fin whale project, carried out by the EDMAKTUB association, has reported the presence 

of fin whales all along the Catalan coast, for seven years. This study has been focusing on the 

Garraf coast (Figure 1), with 260 survey days and 68,514 km recorded on effort, 268 fin whale 

sightings and 370 animals sighted (Figure 4 and Table 1).  In general, one particular fin whale 

is seen in this area, but sometimes, especially in the most productive weeks, there are whales 

aggregated in small groups, ranging from 2 to 8, with a mean group size of 1.38.  

     

Figure 4. Effort and sighting maps. (A) Boat tracks recorded during the fin whale project. (B) Density map of the presence of 

fin whales, sum of the fin whale presence corrected by effort of all the years (2014-2019). 

The methodology followed for the sightings data collection was daily boat surveys in which 

random transects have been followed in the study area, having the Vilanova i la Geltrú 

harbour as a base. During these transects a sighting effort has been completed which consists 

of four observer positions, one on each corner of the investigation catamaran, that cover 360º 

around the boat. In order to maintain the effort, a rotation has been taken every thirty 

minutes with two rest positions, one every two observer positions. This rotation is also used 

to fill in a logbook to control the GPS positions that have been followed. Moreover, the 

weather conditions that can change a lot during the survey, and is relevant to know the 

sighting effort efficiency and the distance that can be covered by the observers. Each time a 

fin whale sighting occurs, the effort is stopped, and some data is recorded. This includes start 

time, end time, geographic position, number of animals, behaviour, distance and angle 

respect to the boat, photo identification pictures and drone videos.  

For the thesis study, the data used is the sighting position, the start and end sighting times, 

distance and angle respect to the boat, the boat tracks, the weather conditions and the on/off 

effort logbook record. With all this information, the boat tracks have been cut by the on/off 

effort record and also by the fin whale presence. The presence absence maps used to train 

the model has been created. A complete explanation of the methodology followed, for the 

map creation, can be found in chapter 4.  

The dataset obtained is an unbalanced dataset with different effort, which means different 

numbers of days per week and different amounts of cover areas, (Table 1). 

A B 
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Table 1. Summary of the fin whale sighting data. Every year, the total amount of animals sighted is recorded and the km2 of 
effort covered area every week (8-days week) from March to May. The numbers in parentheses are the number of animals 
sighted. 

Week 2014 
Sigh.        Km2 

2015 
Sigh.     Km2 

2016 
Sigh.     Km2 

2017 
Sigh.     Km2 

2018 
Sigh.     Km2 

2019 
Sigh.     Km2 

8 - - 3(3) 316 0 165 0 235 - - 0 213 

9 2(2) 830 5(9) 689 8(10) 897 1(1) 818 0 570 1(1) 550 

10 1(1) 1196 3(4) 361 0 608 0 1507 5(7) 803 1(1) 1293 

11 6(6) 791 1(1) 496 2(3) 840 2(2) 1053 11(16) 1354 1(1) 1445 

12 - - 0 703 6(11) 840 13(16) 966 26(46) 1043 0 936 

13 5(5) 332 1(1) 428 8(22) 490 4(4) 715 0 326 0 1554 

14 1(1) 516 5(5) 1083 13(17) 635 0 345 10(11) 1667 0 539 

15 4(4) 815 3(7) 1503 14(22) 1659 10(16) 917 7(8) 1469 0 1389 

16 12(12) 1781 1(2) 1186 4(7) 1287 7(8) 1097 2(2) 2136 0 1054 

17 7(9) 1480 0 1214 3(3) 739 20(22) 1285 8(8) 2468 0 1280 

18 4(5) 704 0 1552 4(5) 1426 8(14) 1591 2(2) 2612 - - 

19 3(7) 1145 0 1213 0 1252 0 611 0 579 0 922 

Total 45(52) 9590 22(32) 10744 62(100) 10838 65(83) 11140 71(100) 15027 3(3) 11175 

 

Fishermen sightings have also been recorded and added to the dataset taking into account 

just the position, the number of animals it’s not always reliable so all their sightings are 

entered as a one animal sighting.  

2.3. Feeding behaviour of fin whales 
While foraging and feeding, fin whales do non-linear transects, mainly zigzags and loops. 

When they feed at, or close to the surface, they increase their breathing frequency, usually 

breathing every 1-5 minutes, while when travelling or foraging deep, they come to the surface 

every 10-15 minutes (Lafortuna et al., 2003). This information, combined with drone footage 

and faeces, all determine the feeding and foraging behaviour in the area (Figure 5). 

 

        

         

Figure 5. Feeding behaviour of fin whales. A. Graph of the feeding behaviour track. B. Graph of non-feeding behaviour track. 

C. Fin whale feeding on Catalan coast. D. Fin whale faeces. 

A 

B 

C 

D 

https://www.linguee.es/ingles-espanol/traduccion/parentheses.html
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Fin whales mainly feed on zooplankton, especially krill. Krill (Meganyctiphanes norvegica) 

(Figure 6) belong to the family Euphausiidae and have an epipelagic distribution. They are 

most abundant in the deep continental shelf, continental slope waters and adjacent oceanic 

waters.  Krill, like many zooplankton species, have vertical migration behaviour, in which they 

stay in depth between 100 and 500 meters during the day, to avoid visual predators, and go 

to the surface at night to feed (Tarling et al., 2010). In relation to their life cycle, they live for 

over two years and have a single breeding period in spring in which females may complete 

several successive reproductive cycles over the course of the breeding season. 

      

Figure 6. Adult Meganyctiphanes norvegica (total body length around 40 mm) indicating the main morphological features 
(Illustration by J. Corley). 
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Chapter 3. Oceanographic Variables 
Some oceanographic variables are useful to know the productivity of the area and 

consequently the probability of being a good feeding area for fin whales. These oceanographic 

variables are chlorophyll a, sea surface temperature, salinity, surface current velocity and sea 

surface height, which has been obtained from the Marine Copernicus satellite database, and 

the bathymetry data, from the European Marine Observation and Data Network (EMODnet 

Bathymetry portal). 

The satellite database is a good way to get complete information of a large area with a 

minimum cost. Even though the temporal and spatial resolution has vastly improved over the 

last ten years, there are some limitations that are hard to solve. These are error values and 

missing data due to the clouds, sea brightness, data accuracy and in some cases, temporal or 

spatial resolution. Data revision and processing need to be done, which will be explained in 

Chapter 4. 

3.1. Chlorophyll a 
Energy enters the ecosystem by sun light, which transforms to chemical energy by the primary 

productors and then to food by other organisms (Barale et al., 2008). The pigment, 

chlorophyll, is needed to carry out this transformation. CHLA contributes 1-2% of the total dry 

weight of plankton algae. As all phytoplankton organisms have CHLA, it has proved a good 

parameter to estimate the biomass of phytoplankton and know the primary production 

(Wernand et al., 2013). The spatial distribution of pelagic ecosystems can consequently be 

characterised.  

Chlorophyll a absorbs blue and red visible light (400-500nm and 600-700 nm respectively) and 

reflects green light (500-600 nm). This is used to calculate the concentration of CHLA, even if 

it is done with a spectrophotometer in the laboratory, with filtered samples or for getting 

satellite data.  

Satellite data records the irradiance that has not been absorbed by the sea surface and with 

this information, calculates the sea surface concentration of CHLA. This is approximately the 

CHLA found in the first fifth of the depth of the photic zone. Therefore, the satellite gives an 

adjusted CHLA maximum concentration when the water column is mixed, not stratified, so 

the maximum CHLA concentration is found close to the sea surface. When the water column 

is stratified, the maximum amount of CHLA drops to the limit of the photic zone to get 

nutrients. As phytoplankton is found in deeper waters, the satellite cannot detect them, 

therefore the satellite data is no longer useful for the proposal of primary production 

estimation. 

The CHLA concentration is linked to the nutrients and sunlight availability, both of which 

fluctuate in time, just like the CHLA concentration. The CHLA follows an oscillation pattern 

with two principal blooms, one in spring and the other one in autumn. The spring bloom in 

the study area tends to be between the beginning and mid-March. Figure 7A demonstrates a 

principal bloom but also other smaller blooms, which must also be considered.  
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As the models that are going to be fit are not recurrent, and the CHLA bloom concentration 

can vary a lot, depending on the year, a new variable has been created to indicate the pick 

zone, identifying the point of the oscillation of the CHLA pattern at every moment. This 

variable has been called CHLA rank and consists of four categories. The first category is 

assigned to the values that are small and stable, the second to the increasing values, the third 

to the maximum values and the fourth to the decreasing values.  

  

Figure 7. Chlorophyll a oscillation. (A) CHLA concentration (mg/m3) along the study period for the pixel 1875 in 2018. The 

pixel and the year has been chosen randomly. (B) CHLA classification range depending on the oscillation moment of the 

CHLA concentration. 

3.1.1. Chlorophyll a in the study area 
In the case of the study area, there is a high coastal influence of the Garraf coast and the 

treatment plant, which imports an important nutrient input, as well as an influence of the 

Llobregat river (Figure 8) which are subedited to the rain effect. CHLA in the study area 

therefore closely correlates to the raining episodes on land (Figure 9).  

Combining this with the activity of the canyon and the end of the continental shelf, it 

generates highly productive areas between the coast and the continental shelf, which is 

where the fin whales are usually found. 

 

     

Figure 8. Mean chlorophyll a concentration in the study area in March (A), April (B) and May (C) of 2017. 
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Figure 9. Correlation between weekly CHLA and rain o with a time lag of 1 week (Rain_1), the seasonal dataset was used. It 

is appreciated that each month the correlation changes, mainly with May which has the smaller positive correlation due to 

the decrease of CHLA on the surface.  

3.1.2. Relation between Chlorophyll a and fin whales 
The relation between CHLA and fin whale presence is indirect; the CHLA indicates primary 

production but fin whales feed on krill, which feed on phytoplankton. In this case, this indirect 

correlation implies a time lag of three weeks between the correlation of fin whales and the 

high concentration of CHLA (Littaye et al., 2004) (Figure 10). As the objective of the study is 

to estimate the krill presence to determine the potential feeding grounds of the fin whale in 

the study area, the CHLA is the most important variable of the analysis. 

There is also a positive correlation between the presence of fin whales and rainfall; in this 

case there is a time lag of four weeks. Rainfall will only be present in the first weekly seasonal 

GAM and ANN analysis. 

 

 

Figure 10. Correlation between chlorophyll a and fin whale sightings with 0 (A), 1 (B), 2 (C), 3 (D) weeks of time lag. 
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3.1.3. Satellite Data 
The Marine Copernicus datasets used for this analysis are the following: 

- OCEANCOLOUR_MED_CHL_L3_REP_OBSERVATIONS_009_073 (2014-2018). Derived 

from the processing of satellites MODIS-AQUA, SeaWiFS and VIIRS with some 

correction layers of the satellite data.    

- OCEANCOLOUR_MED_CHL_L3_NRT_OBSERVATIONS_009_040 (2019). Derived from 

the processing of satellites MODIS, VIIRS and Sentinel3-OLCI. 

The difference in processing between both datasets does not imply a significant difference 

that could affect the study; therefore, no special processing is needed. 

These datasets have a L3 processed level, with a spatial resolution of 1 km2 and a daily 

temporal resolution. The units of the CHLA concentration are mg/m3.  

3.2. Sea Surface Temperature  
One property of the water is that it has a high heat capacity. It needs a lot of heat to increase 

one degree in temperature. It is also important to clarify that the water is a bad conductor of 

heat. This means that water takes a long time to warm up but also takes a long time to cool 

down. It also means that if heat comes from the atmosphere, the surface will get warmer 

faster than the layers below. As was previously said, water is a bad conductor of heat, 

therefore a temperature gradient will be created. When there is an abrupt change in 

temperature, it is known as thermocline. Figure 11A demonstrates an example of this effect 

over time. This effect can also be related to the SST, which follows an exponential seasonal 

pattern. There is a slow increase during March and mid-April, then starts to increase 

exponentially, reaching the highest amount in May, which is when thermocline forms and 

stabilizes (Figures 11B and 11C).  

    

Figure 11. ODV section map. (A) CTD Sea Temperature of season 2017. (B) Sea Surface pattern of the pixel 1875 the 2018. 

The pixel and the year has been chosen randomly. 

The thermocline effect is extremely important as it implies a stratification of the water 

column. This produces a density segmentation that does not allow the exchange of nutrients 

between the deep sea (which is rich in nutrients), and the sea surface. When this happens, 

the phytoplankton run out of nutrients and need to go deeper in the water column to get 

these nutrients. With depth, the light exposure decreases as well as productivity.  

In this study, the SST is important as it is one of the most significant indicators of the mixer 

layer depth and the thermocline formation. Moreover, it is necessary to know the presence 

of upwellings because in these zones, the sea surface temperature is lower due to the cold 
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water that emerges from the sea bottom, which is rich in nutrients. Therefore, the upwelling 

areas are by definition highly productive zones. 

The Marine Copernicus datasets used for the analysis are the following: 

- SST_MED_SST_L4_REP_OBSERVATIONS_010_021 (2014-2018). Derived from the data 

of the ESA Climate Change Initiative (CCI) and Copernicus Climate Change Service 

(C3S). The pixel resolution is 0.05 degrees. 

- SST_MED_SST_L4_NRT_OBSERVATIONS_010_004 (2019). Derived from the data of 

the Consiglio Nazionale delle Ricerche - Gruppo di Oceanografia da Satellite (CNR-

GOS). The pixel resolution is 0.01 degrees. 

These datasets have a L4 processed level. The units to measure the sea surface temperature 

are kelvins.  

3.3. Salinity 
The Mediterranean Sea is known to be a sea with a high salinity because the evaporation rate 

is higher than the supply of fresh waters from rivers. It has a gradient from west to east, and 

the east of the Mediterranean Sea has more saline water (Brasseur et al., 1996) (Figure 1A).  

Salinity is important to determine water density, therefore like temperature; it is an indicator 

of the mixed layer depth and the thermocline formation. Salinity also gives information about 

the fresh water supplies from the rivers and land, which in the study area is mainly from the 

Llobregat river, after days of high precipitation on land (Figure 12).  

 

Figure 12. ODV section map. CTD Sea Surface Salinity of season 2017. Moment 2017.25 shows there is a local change of the 

surface salinity that is caused by the Llobregat influence, the superficial fresh water discharged for the river reaches the 

western corner of the study area without being mixed in the water column. 

The Marine Copernicus datasets used for the analysis are the following: 

- MEDSEA_REANALYSIS_PHYS_006_004 (2014-2018). Derived from the mathematic 

procedure of the Nucleous for European Modelling of the Ocean (NEMO). The pixel 

resolution is 0.063 degrees and a daily temporal resolution. 

- MEDSEA_ANALYSIS_FORECAST_PHY_006_013 (2019) Derived from the mathematic 

procedure of the Nucleous for European Modelling of the Ocean (NEMO). The pixel 

resolution is 0.042 degrees and a daily temporal resolution. 

These datasets have a L4 processed level. The units of the salinity concentration are in PSU.  
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3.4. Sea Surface Current Velocity 
The ocean currents transport heat and energy from one region to another and play a major 

role in shaping the climate in many regions on Earth. 

Deep ocean circulation is the result of several factors including temperature and salinity 

variations in water masses, shorelines, subsurface topography, tides, etc. In the case of the 

Mediterranean Sea, the Atlantic current goes in and out of the Mediterranean Sea (Figure 2). 

During this circuit, there is an exchange of energy and nutrients with the currents in 

Mediterranean Sea.  

In the case of sea surface currents (restricted to the upper 400 meters of the water column), 

they are generally wind-driven and are important to mix the water column and determine the 

movement of the nutrient inputs from the rivers and the surface blooms of plankton.  

As there is a time lag of CHLA concentration and fin whale presence, it is vital to know the 

shift that occurs during the time lag weeks, to understand and predict the presence of fin 

whales.  

The Marine Copernicus datasets used for the analysis are: 

- MEDSEA_REANALYSIS_PHYS_006_004 (2014-2018). Derived from the mathematical 

processing of the European Modelling of the Ocean (NEMO).   The pixel resolution is 

0.063 degrees2. 
- MEDSEA_ANALYSIS_FORECAST_PHY_006_013 (2019).  Derived from the 

mathematical processing of the European Modelling of the Ocean (NEMO).  The pixel 

resolution is 0.042 degrees2. 

These datasets have a L4 processed level and the units are in ms-1. There are two components: 

the meridional component, containing the horizontal component that goes northward and 

the zonal component, containing the horizontal component that goes eastward. By combining 

these two components, the tangent vector with the real velocity and direction, is obtained. 

3.5 Sea Surface Height 
It is thought that the ocean surface is flat but this is not true. There are bumps and troughs, 

all due to different physical, oceanographic and atmospherical conditions, such as gravity, 

salinity, currents and temperature. As the ocean bottom is not well known, it is easier to 

measure the sea surface height (SSH), which is an altitude measure calculated by measuring 

the time taken by a radar pulse to go to the surface and back to the satellite. This measure is 

corrected by the tides and atmospheric delays.  This measure is related to a fixed SSH, so the 

variations are analyzed from this reference point. With this information, scientists determine 

ocean circulation, seasonal or interanual variations.  

The SSH is an indication of the thermocline depth (Wilson C. and Adamec D., 2001). As 

previously explained, it is crucial to determine the primary production and where it is located 

in the water column. For this reason, as well as its relation to surface currents and upwellings, 
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this variable plays an important role in understanding the oceanographic dynamics and 

consequently the presence of fin whales. 

The Marine Copernicus datasets used for this analysis are: 

- SEALEVEL_GLO_PHY_L4_NRT_OBSERVATIONS_008_046. It contains the data from 

2014 to 13/5/2019. 

- SEALEVEL_GLO_PHY_L4_REP_OBSERVATIONS_008_047. It contains the data from 

14/5/2019 to the beginning of June 2019. 

These datasets have a L4 processed level, with a pixel resolution of 0.25 degrees2 and a daily 

temporal resolution. Its units are in m. 

3.6 Bathymetry and Slope 
The Bathymetry data has been retrieved from the EMODnet platform, which has high-

resolution bathymetric data, with a pixel resolution of 0.001042 degrees2.  It is obtained from 

a set of surveys merged and gridded together, and the gaps filled by integrating the worldwide 

GEBCO (General Bathymetric Chart of the Ocean) Digital Bathymetric grid information, 

extrapolated from the altimetry measurements for satellite. The units of this dataset are 

meters. 

From this, the slope data has been calculated using QGis. The procedure will be explained in 

Chapter 4.  

In Figure 3, the different depths and slopes that characterize different zones of the study area 

are significant. As seen in Figure 4B, there is a differential distribution on fin whale sightings, 

most of which are concentrated in the shelf break and the Foix canyon head, which has 

intermediate and changing depths and a high slope.  

There is a limit of shallow waters in which whales can feed. This limit is because of the 

availability of krill. Krill live in deep waters and are not found in waters shallower than fifty 

meters. In this case, as the continental slope is quite far, the krill do not reach these depths. 

Therefore, the probability of having a fin whale sighting in depths lower than fifty meters are 

small, despite high CHLA concentration. 
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Chapter 4. Data Processing 
Both oceanographic and fin whale data have been processed to standardise the data 

resolution and treat outliers and missing data. Furthermore, three different datasets have 

been created in order to fit the statistical models. 

An eight-day mean has been implemented in all of the data. The satellites takes eight days to 

do a complete cycle, therefore an eight-day aggregation is used. It is also beneficial as it allows 

us to obtain seasonal and geographic variability in a short period of time, resulting in a more 

accurate study.  

The time taken for the analysis is from February 26th to June 1st, which is a total of 12 weeks. 

The years analysed are from 2014 to 2019, meaning a total of 72 weeks.  

4.1. Fin whale sighting data 
Firstly, the tracks have been downloaded and compared with the fin whale project dataset to 

ensure all the tracks are correct and there is no information missing. Then, the tracks are cut 

to separate the on-effort track, which will become the no-presence data. The tracks with fin 

whale presence, parts that have other sightings or sample collection, have been eliminated.  

Weather conditions have a huge influence on the effort efficiency due to the impact they have 

on visibility. For this reason, the on-effort tracks have been assigned to three categories, 

depending on the weather conditions. This has been done in other studies, such as the one 

by Waggitt et al. (2019). The first group is the high visibility group, with tracks that have a 

Beaufort scale, less than or equal to four, and cloud cover less than or equal to eight. This 

group assigned a detection probability of 100% within 1.5 nm around the boat and 80% until 

2nm. The second group is the regular visibility group, with tracks that have a value equal to 

or less than four on the Beaufort scale, have a cloud cover between eight and ten, and a swell 

between three and four. In this case, assuming 100% sighting probabilities within 1.2 nm and 

80% until 1.5 miles. The third group has bad visibility, with tracks on the Beaufort scale 

between four and six, assuming that 100% detection would occur within 0.9 nm and 80% until 

1.2 nm. No on-effort track has been carried out with a wind greater than six on the Beaufort 

scale and/or a swell greater than four on the Douglas scale. These categorizations have been 

done after analysing the data obtained and the visibility calculated during the surveys in the 

different weather conditions. 

The buffer tracks corresponding to the weather category are created with QGis (QGIS 

Development Team, 2018) and are grouped in eight-day mean weeks and overlapped with 

the 3x3 pixel grid.   

The presence of fin whale tracks directly overlaps with the 3x3 grid, taking into account not 

just their presence, but also the number of animals and the standardized amount of km done 

in each pixel. 

For each eight-day week, two variables have been calculated; one related to the effort area 

covered, which has a range that goes from 0 to 1, an another related to the fin whale presence 

which has a range that goes have values from 0.25 to 5. A +2 has been added to the sighting 

data in order to numerically differentiate the presence and absence data. After that both 
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matrices were overlapped leaving in each cell the higher value, which implies that in the pixels 

were fin whales were sighted the effort data has been omitted. The sighting data has been 

corrected by the effort, so no information is deleted.  

Once the maps are ready, the fisherman sightings have been added. As the information from 

these sightings are usually poor, the sightings are mapped as one animal sighting in the pixels, 

where any sighting was recorded that day. Therefore, it is believed that no-sightings are 

counted twice. 

As random surveys have been taken, the map cover per week differs a lot. In general, there is 

a high percentage of missing values. A different treatment has been carried out depending on 

the data frame (Chapter 4.3). 

Three different formats of sighting data have been performed and compared during the 

statistical analysis.  

- The presence/absence format consist of filling the absence pixels with zero and the 

presence pixels with one, without taking into account the effort nor the number of 

animals.  

- The categorized presence/absence format has been based on the same idea of the 

presence/absence data. In this case, some categories have been added to count the 

effort and the abundance of fin whales in each pixel. The range of the absence data is 

zero or one.  The zero category is assigned to those pixels in which the sampling effort 

has been greater than 0.2 over 1, and the one category is assigned to those pixels in 

which a small effort has been conducted, less or equal than 0.2 over 1. The sightings 

data has been grouped in four categories. With a two, there are the pixels with a ratio 

until two animals per week and a low number of km per pixel. The fisherman sightings 

have been added in this category. Category three contains the sightings of one or two 

whales, with a high number of km per pixel. The pixels with a sightings ratio from two 

to three animals, the fourth category contains the sightings between three and five 

animals per week and with a high number of km per pixel. The fifth category has pixels 

with more than five animals. 

- The continuous presence/absence format contains the real proportions obtained from 

the effort and km calculation.  

The categorization groups and the evaluation of the effort has considered the 

processing of the data and the biological meaning of the fin whales’ aggregation, in 

connection with the feeding activity, which is what will be estimated in the following 

models.  
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4.2. Oceanographic data 
The oceanographic data from Marine Copernicus has been treated with the libraries ncdf4 

(Pierce, 2019), raster (Hijmans, 2020), rgdal (Bivand et al., 2020), ggplot (Wickham, 2016), 

tidyr (Wickham, 2020), lubridate (Grolemund, 2011) and plyr (Wickham, 2011) from 

R/RStudio (R Core Team, 2020) referencia) and QGis programs. 

Firstly, the study area has been selected, and aggregated by the eight-day mean week. Next, 

it has been uploaded to the QGis, where it has been fitted into the 1x1 km2 pixel grid, by the 

weighted mean technique. Consequently, R software has been used to process the missing 

values and the outliers. 

In order to delete outliers, a filter has been done for each variable, with the correct rank. All 

the values outside this rank have been replaced by a NA. 

The missing values have been replaced by the values of the pixel below. Those that are in the 

bottom of the pixel grid, have been filled by the values of the upper pixel. 

There are some variables, such as CHLA, sea surface current and bathymetry, which needed 

an additional processing. 

4.2.1. Chlorophyll a 
As explained in Chapter 3.1, the correlation between fin whales and CHLA, has a three week 

time lag - the fin whales seem to appear three weeks after the CHLA pick. Therefore, in this 

case, the weeks needed are different. February 2nd until May 8th (weeks five to sixteen), are 

needed. 

Due to the importance of CHLA oscillation, the rank variable has been created, computing the 

difference between the CHLA concentration of one week before, and one week after. If this 

difference is close to zero, the value is assigned to the first category. If the value is higher than 

that of the previous week, but lower than the next week value, it has been assigned to the 

second category. The third category has the maximum values. The fourth category has values 

that are smaller regarding the previous week, but higher than the values of the following 

week. This function has been carried out for all the pixels; therefore, the result is a vector 

with the same dimensions as the CHLA columns. 

4.2.2. Interaction between chlorophyll a and sea surface current 
Due to the three weeks’ time lag, there is a geographical difference between where the 

maximum CHLA concentration occurred and where the fin whales are found (Figure 13). This 

difference seems to be related with the sea surface current velocity which displaces the sea 

surface water which contains the nutrients and the plankton organisms which have a small 

mobility and are easily pushed by the currents.  

In order to prove the effect of the sea surface currents on this displacement a correlation 

analysis has been done between the distance of fin whales from the CHLA bloom and the 

current that affects the area the 2 weeks between the time lag period.  

This displacement is one of the principal reasons for applying a CNN to the dataset, because 

as CNN take into account not just the pixel value but also their environment it was think that 

taking long kernels the CNN model should interpret this displacement effect.  
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Figure 13. Visualization of the CHLA concentration (colour map), the sea surface current velocity and direction (the black 

arrows. The greater they are, the stronger the current is) and the fin whale presence (white squares). (A) Corresponds to the 

12 week of 2018, with wing arrows of the week 10 and CHLA of the week 9. (B) Corresponds to the 12 week of 2018, with 

wing arrows of the week 11 and CHLA of the week 9. 

4.2.3. Bathymetry and Slope 
The bathymetric depth layer has been downloaded from the EMODnet website and from it 

the slope has been computed by the QGis slope function.  

In this case, there is no temporal component. These two layers are constant; therefore a 

replication has been done to have 72 layers to fit into the dataframe and to the array.  

4.3. Structure of the input databases  
From the pixel matrix, with all the variables, three different datasets have been developed, 

depending on the study objective and the statistical procedure that is going to be used.  

The seasonal dataset was used in the beginning, for the initial GAM and ANN models, and 

contains the eight-day mean of each of the variables for the whole study area. For this model, 

the total amount of sightings and the number of animals has been added and divided by the 

number of survey days. Therefore, the sightings are standardized with the effort.  

Table 2. Head of the 8-day seasonal dataframe used for fitting the seasonal model. 

 

The geographic dataset was created in a data frame format, in which there are all the variables 

per week and pixel gathered. Each column corresponds to one variable. From this data frame, 

another dataset has been created in an array from the input layers for the CNN. This array is 

four-dimensional, which includes: 

[data size (number of weeks), x-pixel dimension, y-pixel dimension, number of variables] 

In the number of variables, the sighting variable is not included. There is another data frame, 

with the fourth dimension, which equals to one, containing the sighting data.  

For the GAM and ANN models, all the pixels with missing sighting data have been omitted. As 

the CNN considers the data shape, two different treatments have been carried out. The first 
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process consists of cutting the data frame, deleting the border pixels, which accumulate the 

highest amount of missing data, obtaining a final gird of 10x16. The remaining missing data 

has been replaced by one, which is the maximum uncertain of fin whale presence in the scale 

described above. The second data process consists of delimiting a minimum sighting size 

without missing data. In this case 7x5, and cut the whole eight-day week matrix to have this 

grid size. There are some maps with more than one cut. The total amount of maps that its get 

after this process is 100.  

Before the statistical analysis the dataset has been scaled by using the min-max normalization 

which transforms all the data in common range of [0,1] guided by the minimum and maximum 

data. The formula followed is 

𝑧𝑖 =
𝑥𝑖 −min(𝑥)

max(𝑥) − min(𝑥)
 

This scale suffers from outlier sensitivity but as the outlies has been treated before it is 

assumed that this would not be a problem in the dataset. 
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Chapter 5. Statistical Model 
Regression models play an important role in many data analyses, providing prediction and 

classification rules, and data analytic tools for understanding the importance of different 

inputs. 

Although the simple linear model is attractively simple it often fails in real life situations as 

effects are often not linear (Wood S., 2017). Many data in environmental science are better 

described by a wiggly model, also known as GAM models. Also, machine learning can be used 

in regression and in classification problems, being very good in nonlinear data with a large 

number of inputs (). But one of the limitations that have, and which is manifested in this 

thesis, is that machine learning algorithms work best with large amount of data.  

So, GAM and neural network models are going to be fitted with R/RStudio using the mgcv 

(Wood, 2003, 2004, 2011, 2017) package for GAM models and the neuralnet (Fritsch et al., 

2019), tensorflow (Allaire & Tang, 2020) and keras (Allaire & Chollet, 2020) package for the 

neural network models.  

5.1. Generalized Additive Model 
GAMs are one of the main modelling tools for data analysis. GAMs can efficiently combine 

different types of fixed, random and smoothing terms in the linear predictor of a regression 

model to account for different types of effects. Then this linear predictor can be conveniently 

linked to the mean of the observations, that are modelled using a distribution from the 

exponential family (Wood, 2017). 

The GAM is a non-parametric model, similar to the Generalized Linear Models (GLM) but using 

non-linear functions. It is also similar to the generalized nonparametric multi regression 

model, GAM models are less flexible, on the other hand, they are able to overcome the curse 

of dimensionality problem and are more easily interpreted (Hastie et al., 2001).  

Hereunder the forms of the three models are presented. 

The form of the Generalized Linear Model is  

, 

The form of the Generalized Additive Model is 

 

And the form of the Generalized nonparametric multiple regression model is 

 

The main difference between the models is the calculation of the parameter θ. If the gj 

function have a linear restriction it is a Generalized Linear Model, if the θ is arbitrary it is a 
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Generalized nonparametric multiple regression, in Generalized Additive Models the θ 

parameter is a smoothing function, free of constrains that can take any real value. 

So, GAM it’s a half-way between GLM and Generalized nonparametric multiple regression 

model.  

The estimation of a Generalized additive model combines the methods used to fit additive 

models with the IRWLS algorithm, which is used to maximize the likelihood in GLM. In the 

IRWLS algorithm, each multiple linear regression fit by WLS is replaced by the fitting of a 

weighted additive model using backfitting or penalized multiple linear regression, after a basis 

expansion. In this way the model finally fitted is a GAM instead of a GLM. 

While the non-parametric form for the fi functions makes it more flexible, the additivity is 

retained and allows us to interpret the model in much the same way as the GLM or regression 

models. 

The classical link functions are the following: 

- 𝑔(𝜇) = (𝜇) is the identity link, used for linear and additive models for Gaussian 

response data. 

- 𝑔(𝜇) = 𝑙𝑜𝑔𝑖𝑡(𝜇) or 𝑔(𝜇) = 𝑝𝑟𝑜𝑏𝑖𝑡(𝜇), the probit link function models binomial 

probabilities and it’s the inverse Gaussian cumulative distribution function.  

- 𝑔(𝜇) = 𝑙𝑜𝑔(𝜇) for log-linear or log-additive models for Poisson count data. 

All three of these arise from exponential family sampling models, which in addition include 

the gamma and negative-binomial distributions. This families generate the well-known class 

of generalized linear models, which are all extended in the same way to generalized additive 

models (Hastie et al., 2001). 

5.1.1. Smoother functions 
The function term of the GAM models used to be a smoother function which used to be 

smoothing splines but, can also be other functions such as full tensor product smooths and 

tensor product interaction. These functions have a base spline function, the ones used in the 

model analysis and that are explained below are thin plate spline and cyclic penalized splines. 

This smoothing spline can be generalized to higher dimensions: 

 

In which λ is the smoother parameter which controls the balance between bias and variance 

of the adjusted curve, yi are the data points and �̃� is the curve function (Wood, 2017). 

Where (assuming that there are only p = 2 predictors) 

 

The solution is a thin plate spline, (for p = 2) 



30 
 

 

Where 𝛽 are the parameters of the function, hi = 𝜂(‖𝑥 − 𝑥𝑖‖) and 𝜂(𝑧) =  𝑧2log(𝑧).  

The basis {hi(x): i = 1, …, n} have as many elements as observations. The computations 

complexity highly increases for p ≥ 2. 

The penalized splines are long rank splines, which means that the size of the base used is 

much smaller than the dimension of the data, unlike in the case of smoothing splines where 

there are as many nodes as data, which makes it necessary to work with high dimension 

matrices. The introduction of penalties relaxes the importance of the choice of number and 

location of nodes, which is of great importance in low-range splines without penalties. The 

methodology used is the following: use a basis for regression, and modify the plausibility 

function by introducing a penalty based on differences between adjacent coefficients (Wood 

2006).   

 

Where P is the penalization matrix of the smooth coefficients, λ is the smoothing parameter, 

B is the beta regression parameter and a is the alpha.  

The full tensor product smooth assumes that basis of functions for expanding univariate 

functions, depending on either x or z (it is considered a case of p = 2 explanatory variables, x 

and z), have been determined. 

 

Then, a tensor product basis of functions for functions depending on both x and z is defined 

as the collection of  

 

That allows for expansions of the form 

 

The main drawback of the tensor product splines with p = 2 is the exponential growth in basis 

functions as p increases. So, the number of basis per coordinate must be reduced. 

Not all the functions of the GAM model need to be non-linear, it can easily mixed with linear 

variables and other parametric forms as categorical variables, when this happens the model 

is known as a semiparametric model. Other modifications of GAM models are 

nonparametrically estimating the combined effect of two or more explanatory variables. This 
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includes, for example, replacing gj(xj) + gh(xh) by gj,h(xj, xh). Also estimating the effect of the 

variable xj differently at each of the classes determined by another categorical variable xh. 

These effects could be estimated linearly and non-parametrically.  

5.1.2. GAM Optimization 
In order to optimize the model two parameters needs to be set. These parameters are the 

smoothing parameter estimation method and the optimizer. 

There are four main smoothing parameter estimation method which are the Generalized 

Cross Validation, the Generalized Approximate Cross Validation, Maximum Loglikelihood and 

the Restricted Maximum Loglikelihood. 

The Generalized Cross Validation (GCV) is a method used for choosing the smoother 

parameter in smoothing splines and related regularization problems. This method involves 

choosing a λ ≥ 0 to minimize the generalized cross validation function (Kent et al., 2000).  

 

Where,  

 

This is one of the parameters that allows us to choose the model that better fits our data. And 

is preferred before CV because without actually cross-validating it which saves computational 

time and effort. 

An alternative to the GCV has been proposed by Xiang and Wahba (1996) and Gu and Xiang 

(2001) is the Generalized Approximate Cross Validation (GACV). GACV was initially derived for 

the situation in which only the canonical link function is used, but the restriction can be 

relaxed. Using the same approximation employed in the derivation of GCV, the individual Aii 

terms are replaced by this average, tr(A)/n (Wood, 2018). 

The Maximum Loglikelihood (ML) and the Restricted Maximum Loglikelihood criteria (REML) 

are the standard method for estimating the variance of the components in mixed models.  

The deviance explained is a bit like R2 for models where sums of squares doesn’t make much 

sense as a measure of discrepancy between the observations and the fitted values. In 

generalised models instead we measure this discrepancy using deviance. It is computed using 

the likelihood of the model and hence has a somewhat different mathematical definition for 

each error distribution. In the case of Gaussian models estimated as a GLM/GAM, deviance 

and residual sums of squares are equivalent (Wood, 2018). 

The deviance (D) of a model is defined as: 

𝐷 = 2[𝑙(�̂�𝑚𝑎𝑥) − 𝑙(�̂�)]𝜙 

where 𝑙(�̂�𝑚𝑎𝑥) is the maximised likelihood of the saturated model and 𝑙(�̂�)is the maximised 

likelihood of the model you’ve fitted. The saturated model is a model with one parameter for 
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each data point; you can’t get a higher likelihood than this, given the data. 𝜙 is the scale 

parameter. The scaled deviance is simply 

𝐷 = 𝐷/𝜙 

These scaled deviances play a role in likelihood ratio tests, where the difference of scaled 

deviances for two models is ∼ 𝜒𝑝1,𝑝2
2 . 

The scale estimate is �̂�, for example, this is the value of 𝜙 estimated during model fitting. For 

the Poisson and Binomial families/distributions, by definition 𝜙 = 1, but for other 

distributions this is not the case, including the Gaussian. In the Gaussian case, �̂� is the residual 

standard error squared. (Wood, 2006) 

5.1.3. GAM application 
GAM has been used to relate the fin whale presence and the oceanographic conditions in 

both seasonally and spatial models. It has been also used to check the importance and the 

correlation between each of the oceanographic variables and the fin whale presence, the 

multiple variable smoothing function correlations has been also checked. 

In order to fit this model smoothing parameters have been used for all the variables except 

the SAL-SSH function in which it has been used a fully tensor product smooth. In relation to 

the base splines, for all the data variables thin plate splines where used, the only exception 

has been the sea surface temperature with which cyclic penalized splines where used.  

The optimizer used for the GAM analysis was the outer Newton which is the one that gives a 

better and fasted fit with GCV and GACV estimation methods. 

5.2. Neural Networks 
The artificial intelligence is a field of study that aims to give cognitive powers to computers to 

program them to learn and solve problems. Its’ aim is to imitate human intelligence and be 

programmed in order to be able to solve problems and make decisions. The machine learning 

is a branch of artificial intelligence which helps computers to program themselves based on 

the input data. One of the machine learning algorithms are the Neural Networks (Ciaburro & 

Venkateswaran, 2017). 

The Neural Network methodology has been inspired in how human brain neurons work. The 

neuron is a cell which transmits electrical impulses or electrochemical signals by an axon 

dendrite connexion by a process called synapsis (Figure 14), where dendrites are the head of 

the neurone and the ones that takes the information from other neurons and axons are the 

ones that transmit the output information to other neurons, between the dendrites and the 

axon there is the body cell which collects the input information from the dendrites and 

decides which action needs to be taken. The brain is a complex network of neurons which 

process information through a system of several interconnected neurons.  
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Figure 14. The schematic structure of a neuron and the synapsis scheme between two neurons ©Burgstedt. 

Similar to the biological neuron structure, Neural Networks define the neuron as a central 

processing unit which receive inputs from one or different neurons and performs and 

performs a mathematical operation to generate an output from the set of inputs (Figure 15) 

(Vieira et al., 2017).  

 

Figure 15. Schematical structure of a Neural Network neuron where xi are the input variables, wi are the weights and the yi 
is the output. The first formula, which is inside the neuron (circle) is the sum of the weighted inputs and the next formula is 
the activation function which will determine if the neuron is activated or not depending on that input weighted sum (Vieira 

et al., 2017, Figure 1). 

The output of a neuron is computed as a function of the weighted sum of the inputs plus the 

bias, this mathematical operation performs another simple operation which involves an 

activation function that is the one that will determine if the neuron is activated or not 

depending on whether the total amount of signal received exceeds or not the activation 

threshold (Ciaburro & Venkateswaran, 2017). 

ℎ𝜃 = 𝑓 (∑𝑤𝑖𝑥𝑖 + 𝑏𝑖𝑎𝑠), 

Where i is each of the number of inputs and w is the weight.  

In Figure 16, there is a graphical scheme of a neuron function, where can be appreciated that 

there is a clear similarity with its structure and the structure of a biological neuron. 

The neural network implementation by supervised learning have some hyperparameters that 

need to be adjusted before proceeding with the analysis, which are described below. 

The neural network training process consists of an iteration of the neural network net in which 

the weights and bias are updated in order to minimize the cost function, these iterations are 

called epochs. This process can be supervised or unsupervised. It is important that the 

number of epochs is high enough in order to let the neural network learn until the learning 

rate is stabilized in small values. The learning rate is a scalar parameter used to set the rate 
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of adjustments to reduce the errors faster, it forms a curve which have smaller values as the 

epoch number increases. This curve will tell us how fast and well the model is learning 

(Ciaburro & Venkateswaran, 2017). 

The activation functions which are a mathematical function which converts the input to an 

output. The activation functions give the nonlinearity property to neural networks and makes 

them true universal function approximations. There are different types of functions, some of 

them are explained down below. 

- The linear function which is the simplest activation function and is represented by the 

function 

𝑦 = 𝑓(𝑥) = 𝑥 

In this case the input and the output are the same and its range is (-infinity, +infinity) 

The unit step activation function is a much-used feature and in which the output 

assumes a negative , 0, or positive, 1, value. Its function is 

𝑓(𝑥) = 0𝑤ℎ𝑒𝑛𝑥 < 0, 

𝑓(𝑥) = 1𝑤ℎ𝑒𝑛𝑥 ≥ 0 

The output is binary with a range between 0 and 1. It is a useful function for a binary 

classification model. 

- The sigmoid function is a mathematical function that produces a sigmoid curve, with 

a characteristic S shape. It is a logistic model that has been often used and which has 

a range between 0 and 1. Its function is 

𝑓(𝑥) = 1/(1 + 𝑒−𝑥) 
- The hyperbolic tangent function it is a function very similar to the sigmoid function, 

in fact it’s a scaled sigmoid function, which is also very used. It is defined by a range 

from -1 to 1. Its function is 

𝑓(𝑥) = tanh(𝑥) 

This function, also known as tanh function, has a stronger gradient than the sigmoid 

function, the gradient strength requirement will indicate which of the two activation 

functions would be better for the model. Both sigmoid and tanh functions have the 

missing slope problem. 

- The rectified linear unit (ReLU) is the most activate function since 2015. It is a very 

simple function that goes very well. Its function is  

𝑓(𝑥) = 0𝑤ℎ𝑒𝑛𝑥 < 0, 

𝑓(𝑥) = 𝑥𝑤ℎ𝑒𝑛𝑥 ≥ 0 
The output range is between 0 and infinity. And it provides the same effects as the 

sigmoid function but with a better performance. This function will be the one used in 

the models fitted below. 

- The softmax function is a function that turns a vector of k real values into a vector of 

range 0 to 1. The input values are not restricted, can be 0, positives or negatives, also 

greater than 1 which with the softmax transformation are turn into 0-1 range which 

could be interpreted as probabilities. Its formula is 
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𝜎(𝑧)𝑖 =
𝑒𝑧𝑖

∑ 𝑒𝑧𝑖𝐾
𝑗=1

, 

𝑤ℎ𝑒𝑟𝑒𝑧 = ∑𝑤𝑖𝑥𝑖

𝑘

𝑖=0

 

It is a function similar to the sigmoid function and can be used as a classifier only if the 

classes are mutually exclusive. Usually, this activation function is used at the end of 

the neural network because it helps to standardize output values that has not been 

well standardized (Hastie et al., 2001).  

Once the activation functions are set the model needs to fix loss, optimizer, and metrics 

functions in order to evaluate and optimize the training process.  

The loss function, also known as cost function, is the function that is minimized while training 

the neural network model. This function will be set depending on the output data and the 

type of analysis. If it’s a classification analysis probabilistic loss should be used as binary-cross-

entropy or categorical cross-entropy. If it is a regression analysis, regression functions should 

be used such as mean square error or mean square logarithmic error function.  

The metrics function is a function highly correlated with the loss function, being in some cases 

the same, for example, if it is used the mean squared error as loss function it would be usually 

used also used as the metrics function. In this case there are accuracy and cross-entropy 

functions among others that can be used in classification analysis and mean square error and 

other similar functions which can be used in regression analysis. 

The optimization functions that are more used are adam, SGD and RMSprop.  The adam 

optimization is a stochastic gradient descendent method that is based on adaptative 

estimation of first-order and second-order moments (Kingma et al., 2014). The SGD is a 

gradient descendent optimizer which updates the rule for the parameter w depending on the 

momentum value (Keras API reference). The RMSprop its an optimizer that maintain a moving 

average of the square of gradients and divide the gradient by the root of its average (Hinton, 

2012). 

The following sections are focused on the characteristics and uses of artificial neural networks 

and convolutional neural networks which are the models that are going to be used for the 

modelling.  

 

 

 

 

 

 

 

http://arxiv.org/abs/1412.6980
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5.2.1. Artificial Neural Networks 
The artificial neural networks are the simplest and one of the more used neural networks. 

ANN are mainly composed of a high number of interconnected computational nodes, also 

called neurons, which work weaved in order to extract the maximum information from the 

input and optimize the output. Its structure consists of one or multiple input layers which are 

connected to a hidden layer, with j neurons, which will make decisions based on the weight 

and the activation function, the hidden layer neurons will transmit the information to the 

output, this processing is called forward propagation. (Ciaburro & Venkateswaran, 2017) 

Having more than 1 hidden layer is what is called deep learning (Figure 16).  

 

Figure 16. Neural Network net with two hidden layers and two output layers (Vieira et al., 2017). 

5.2.2. Convolutional Neural Networks 
The Convolutional Neural Network models (CNN) are analogous to the ANN as both are a 

comprised of neurons that self-optimize through learning.  

The Convolutional Neural Network model (CNN) is specially designed for image recognition 

and classification. So, the main difference between CNN and the other NN models is that CNN 

takes into account the pixel environment which is what allows the model to do the 

classification or regression analysis of images and arrays. The structure is different from the 

other neural networks, CNN has as an input a set of images or an array with a (height, width 

and depth), all the images or array features needs to be scaled to a unique size before fitting 

the model, another option could be to fit the CNN as multi-size input data which complicates 

the model because then is the NN the one standardizing and joining all the inputs in parallel 

CNN. 

The CNN can be composed of a 1-, 2- or 3-dimension convolutional layers, being the 2-

dimensional layer the most popular.  The CNN procedure has three phases: the filtering, the 

pooling and the fully connected layer.  

The filtering layer is the convolutional layer and consist of applying a number of filters to the 

input data and create a convoluted feature. This convoluted feature is created by applying 

the kernel vector, which is a square vector that can take different sizes, usually 3x3 or 5x5, 

and which pass through the input image assigning the weighted values, which are the ones 

improved every round. Once the convolutional feature is created it is applied a pooling layer, 

usually a max-pooling layer, which is a window that use to take a size of 2 or 3, is passed 

through the input image and, in case of max-pooling, it takes the maximum value of that 

windows, in this procedure the input is shrink to a small dimension output. This procedure 
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can be carried out multiple times inside a CNN model. After these layers a full connected 

layer, also known as dense layer, is generated in order to connect all the input images and 

generate the final output of the model (Ciaburro & Venkateswaran, 2017) (Figure 17).  

 

Figure 17. Schematic diagram of a CNN model. Phung et al., 2019 

Each of the convolutional have a number of filters, a kernel size, a padding and an activation 

function assigned. After each convolutional layer a max pooling layer is defined with a specific 

pool size and padding.  

A drop out layer can be also applied between the pooling layer and the next convolution layer 

or fully connected layer. If the convolution layers are 2-dimension or 3-dimension a flatten 

layer has to be applied before the fully connected layer in order to convert the data to a 1-

dimensional layer that will be fitted properly for the dense layer.  

5.2.3 Convolutional Autoencoder 
The Convolutional Autoencoder (CAE) is a specific type of CNN designed for learning features 

from unlabelled images by trying to rebuild the images given as an input. As in CNN, CAE 

incorporates special relationships between pixels in images.  

Its methodology is the same as the CNN, but the structure is different. CAE models have two 

parts, the encoder which is the first part of the code and is in charge of codifying and 

interpreting the input layers and the decoder which is the second part of the model and tries 

to undo the encoder convolutions in other to return the same input information as we have 

in the beginning of the analysis, Figure 18 (Guo et al., 2017).  

The most known CAE is the one used in MNIST data which is a dataset of handwritten number 

images.  

 

Figure 18. This is the structure of proposed CAE for MNIST dataset. In the middle there is a fully connected autoencoder of 
only 10 neurons (Guo et al., 2017). 
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5.2.4. Neural Network Application 
ANN has been used to fit both seasonal and spatial models. The principal aim for using the 

ANN was to check how neural networks interpret the fin whale data in both cases and also 

check the difference between ANN and GAM models. In ANN analysis the three kind of 

sighting variables has been fitted in different models in order to check the performance of 

the model in each of the cases. 

The CNN has been fitted for analysis the spatial distribution of fin whales. The distribution of 

fin whales is a very complex distribution in which its very important to take into account not 

only the pixel where the whale was found but also its environment which is what CNN do. In 

this case the environment takes a special importance due to the current displacement effect. 

In CNN analysis the three kind of sighting variables has also been fitted in different models in 

order to check the performance of the model in each of the cases. 

The CAE has been used in order to check the interpretation capacity of the CNN to read and 

understand the dataset. It has also been used to get the hyperparameters for starting the 

CNN training process. 
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6. Results 
Two principal main models are being build, the first one take into account the mean 

conditions of the whole area in order to describe the abundance of fin whale presence in 

relation to the time, will be called seasonal model. And the second model takes into account 

the geographic distribution of fin whales and describes the presence probability and 

abundance of fin whales within the study area giving as output a map with the different 

probabilities in each one of the pixels, this model will be called the spatial model. 

All the residual and additional plots of the GAM models presented can be found in the Annex 

1. 

The threshold of the model has been calculated following the proposed by Cramer (2003) 

which is the prevalence of specie occurrence which in our case is 0.1. 

6.1. Seasonal model 
The dataset used for the analysis of this model is the mean day dataset of the study area. 

Different GAM and ANN where fitted in order to get the best model and compare the different 

fitting behaviour between them. 

This analysis has two main objectives, the first one is to describe the seasonality patterns of 

fin whales related to the oceanographic conditions of the study area, and the second is to 

identify the important variables for explaining the fin whale presence, which would be useful 

when fitting the more complex geographic model. 

Both GAM and ANN has been fitted without train/test validation because of the small dataset. 

GAM model was not able to work with a split train/test data. 

6.1.1. Generalized Additive Models Seasonal Analysis 
Four GAM models are presented in order to explain the seasonal variability. All of them are 

subject to the same GAM parameters, which are a Gaussian family with an identity link 

function. A GACV estimation method and a Newton optimizer. 

The first model is a model in which the sightings are estimated by a first smoothing term of 

the CHLA and rain variables, with a thin plate smooth base spline, and a second smoothing 

term which is the sea surface temperature with a cyclic penalized smooth base spline. 
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All the variables of the model are significant, and it explains the 76.4% of the data variability. 

The residual plots have a quite reasonable distributional assumption, having a bit of heavy tail 

for low numbers, the variance is approximately constant, and the histogram of residuals 

seems consistent with normality. 

The second model is very similar to the first one but instead of the sea surface temperature 

there is the sea surface height and salinity tensor product smooth with a thin plate smooth 

base spline. 

 

The third model has as first smoothing parameter the CHLA function categorized by month 

and as second smoother a CHLA SST smoothing spline. Both splines with a thin plate basis 

smooth.  

 

This model the CHLA for the third month and the CHLA – SST smoothing spline. It has a 

deviance explained of the 88.8%. The residual plots in general looks correct, but there is a bit 

of heavy tail in both extremes of the quantile plot.  

The last GAM model presented is the global GAM model in which all the variables are 

represented. We could say that this is a model really close to the full model in which all the 

variables that explains the fin whale presence are significative except the SAL and SSH, which 

have a small p-value but is not significant. 
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This model explains the 93.5% of the deviance but it has a problem with the residuals, mainly 

with the quantile residual plot in which most of the dots are far from the quantile line which 

suggest that a reasonable distributional assumption cannot be made.  

The four GAM models presented are in an increasing order being the first model the one with 

a smaller deviance explained and a higher GACV and scale est. while the fourth model is the 

one with the highest deviance explained and the smallest GACV and scale est.  

Although the fourth model is the one that better explain the sighting data, the third one is 

the one that will be chosen as the best model because the deviance explained by the model 

is similar to the one obtained with the second and the fourth model and the third model is 

the easiest one to compute because it is simpler and requires a smaller number of variables. 

The third model considers the CHLA with a time lag of 3 weeks (CHLA_3) per months 

smoothing spline, and the CHLA_3-SST smoothing spline. 

In Figure 19, it is seen the real vs predicted GAM plot in which is appreciable the 88.8% of 

deviance fit. 

 

Figure 19. Real vs Predicted GAM plot where the real data is represented by the x axis while the predicted data is 
represented for the y axis. 
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6.1.2. Artificial Neural Network models Seasonal Analysis 
The Artificial Neural network that has been plotted is a model with just one hidden layer with 

5 neurons. It is built by using the “rprop+” algorithm, the sum square error as an error factor 

and with the tanh activation function. It gives the following results, Figure 20 and 21. 

  

Figure 20. (A) The scheme with the weight values of the first deep neural network for the 8d-seasonal dataset. (B) Garson 
plot which indicates the importance of the variables in the ANN model. 

This model it’s a deep neural network gives a cross-validation error of 0.29 and has the 

following real vs predicted distribution, (Figure 21).  

 

Figure 21. Real vs predicted NN plot. X axis corresponds to the real data and the y axis corresponds to the predicted data. 

As it is seen the model fits very well. While comparing with the GAM model it is seen that 

ANN has a better fit. 

The ANN also allows us to create a model with a train/test split data. Here below the same 

model has been fitted but with training and test data in order to see the variation respect to 

the one above (Figure 22).  

  

Figure 22. The scheme with the weight values of the second artificial neural network for the 8d-seasonal dataset. (B) Garson 
plot which indicates the importance of the variables in the ANN model. 

A B 

A B 
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This model it’s a deep neural network gives a cross-validation error of 0.9453 and has the 

following real predicted distribution, Figure 23.  

 

Figure 23. Real vs predicted NN plot. X axis corresponds to the real data and the y axis corresponds to the predicted data. 

It is seen that the second ANN model has a much low performance. These high differences 

between the first and the second is can be caused for the small size of the dataframe which 

makes it not robust. 

6.1.3. GAM vs ANN 
For this analysis the ANN model is clearly a better model which fits the data very well.  

The reason why the four GAM models are fitted is for understanding each variable correlation 

and behaviour with respect to fin whale sightings. It is seen that all variables can be important 

for explaining the fin whale presence but there are two variables which will explain almost all 

the variability which are CHLA with three weeks of time lag and the sea surface temperature.  

sea surface temperature, salinity and sea surface heigh are three variables that indicates the 

thermocline depth, as it is explained on chapter 3. So mainly what the model is saying is that 

CHLA and rain, which are the two productivity variables, and the thermocline indicator 

variables explain almost all the fin whale presence in the Garraf coast.  

In contrast, the ANN seems to give more importance to the sea surface temperature and sea 

surface heigh data, being the CHLA one of the less important variables. 

6.2. Spatial model 
The models that will be presented below are GAM, ANN and CNN models fitted with the 

spatial dataset. The dataset used in GAM and ANN is the 3x3 grid data. For CNN two models 

will also be presented, one classification model with the presence/absence classified data and 

the other one with continuous data. The CNN is expected to be the best model due to the fact 

that it’s a model that take into account the pixels environment which is exactly what it is 

needed in this case. 

In this case there is enough data in order to analyse all the models using train/test data.  

It will be seen in the predicted vs. test/train plots that there is a gap between 1 and 2 in the 

train/test data. This gap is due to the +2 process that was done when processing sightings 

data. 
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6.2.1. Generalized Additive Models Spatial Analysis 
The GAM model with the original data has been fitted by using all the values except the 

currents which gives the following result. 

  

Figure 24. On the left side there is the resume table of the GAM model. On the right there is the test vs predicted plot. It is 
seen that eventhough the sightings are in general with predicted values between 1 and 1.5 it is still some overlap between 
absence and presence data and the abundance of fin whales per sightings is not well learned. 

As it is an unbalanced data there is some problems with the residual distribution but still I 

think that the model can be accepted. It’s a model with a small explained deviance, 39.1%, 

and while checking the predicted vs test data it can be seen that it is not recognizing good the 

sighting values, a great amount of sightings are mixed with the absence data. But, if it is taken 

into account that the dots that are close to the 1 value mean that the effort done in those 

pixels was small and that it’s possible that some of the pixels had fin whale presence which 

was not detected, the result is not that bad. It has grouped almost all the sightings around 

the 1 line. On the other hand, the recognition of the abundance of animals has not been well 

recognized. 

6.2.2. Artificial Neural Network Spatial Analysis 
A similar result is obtained by the ANN. Where the best result was obtained by using the PAC 

sightings dataset whith (8,5,3) hiden layers and “sse” as the error factor. The variables used 

to fit the model are shown in the Figure 25. 

 

Figure 25. Scheme of the ANN model fitted with the weighted values.  
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The mean square error of this model is high, 0.4198, which means that the model do not 

predict much well the sightings data. As it happens with the GAM, the displacement problem 

and the low number of sighting data makes it difficult for the model to learn (Figure 26). 

 

Figure 26. The real vs predited plot.  

6.2.3. Convolutional Neural Network 
The CNN has been fitted taking into account the all or some of the variables of the 1 km2 grid 

dataset as inputs and with an output that varies in each one of the models between 

presence/absence (PA), quantified presence/absence (PAP), continuous presence/absence 

(PAC) were trained . 

All models were trained with a trained with an 84% of the data which is a total of 84 maps, 

and its tested with 16 maps. 

The PA model was trained using as a loss function the binary_crossentropy and the accuracy 

as metrics. As the number of ones is very small the model just gives 0, the accuracy was 

constant to 0.84 and the loss function improves but the results where all predictions close to 

0. Any presence/absence model is added to the results. 

The PAP model was trained using the categorical_crossentropy as the loss function and the 

accuracy metrics. The best model got an accuracy of the 0.24 and had some overfitting, the 

validation loss function starts to increases around the epochs 50-70 in the training models 

with the higher accuracy. Any model was added to the results. 

The PAC model was trained using mse as metrics and loss function. The varibles used to train 

the model has been CHLA, SST, depth ans slope. Other models where training with all the 

variables and with different subsets but were not as good. 

The model two 2-d convolutions and maxpoolinngs where applied to the model. Then it was 

flattened and it has two vector layers. It also has 2-d spatial droput layers with a dropout of 

0.2 and a last dropout layer with a dropout of 0.3. The kernel size of the first convolution was 

(15,15) and for the second convolution it was (9,9). The first maxpooling was (1,1) and the 

secon had a pooling size of (3,3) (Figure 27 and Table 3).  



46 
 

 

Figure 27. Graphical representation of the CNN model. 

Table 3. Summary of the CNN model with the shape and the number of parameters estimated in each layer. 

 

The model was compiled with a batch size of 15, an adam optimizer and a split value of 0.2.  

The results obtained are shown in the Figures 28 A and B. 

   

Figure 28. Graphical representation of the CNN predictions. (A) There is the prediction of the CNN for the training data and 
(B) is the prediction of the test data. There is a huge different between both plots. 

In Figure 28, both plots have three division lines. The 0.2 division line corresponds to the limit 

between the presence and absence data. It is seen in the training plot (Figure 28A) that most 

of the fin whale absence data is under this 0.2. The presence sighting data has most of the 

values between 0.15 (the second horizontal line) and the 0.5 which is the maximum of the 
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prediction model. There is also a vertical line which has to be interpreted as a division of the 

reliability of absence data and the possibility of having false negative pixels. Under 0.1 there 

is a huge evidence to think that in those pixels there was no whales. From 0.1 to 0.2 the effort 

has not been that intense so there is the probability of a false negative. The division line was 

made in order to clarify the importance of the wrong prediction of the data.   

The prediction of the training model shows that model has learned some of the features that 

characterize the sighting data but still have a some of the fin whale presence data mixed with 

the absence data. It can be seen also that the model is not robust, in Figure 28 B it is seen that 

there are more sighting predictions close to 0 than close to 0.4 which is the maximum.  

From the results of this model a prediction map has been built (Figure 29).  

       

Figure 29. Ocean Data View Sightings Map (A) Predicted values form the model training. (B) Real values of the sighting 
data. 

In this plots it can be seen that the map obtained with the train data predictions (Figure 29A) 

is similar to the real sighting map (Figure 29B). 

Ocean Data View maps allows us to visualize the results much better and have a good idea of 

which prediction problems can be faced. It can be seen that the scale is not the same, the 

predicted values are lower than the real values but the distribution and the shape of the 

sighting area is very similar.  

The predicted values do not give this match, the model should be improved in order to be 

more robust and have a better accuracy. 

The continue sighting data CNN was the model that better predicted the sighting data. The 

other models predict good the absence of fin whales but not the presence of fin whales which 

is what it is needed. 

A B 
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Chapter 7. Discussion and Conclusion 
7.1. Discussion 
The purpose of this Masters thesis has been to develop fin whale distribution models to 

understand and predict the distribution and abundance of fin whales in springtime. This is 

when the presence of fin whales is higher along the Catalan coastline and Balearic Sea. 

Moreover, to check the efficiency and performance of neural networks while dealing and 

capturing fin whale sighting data.  

As fin whales follow a complex migratory pattern subject to food availability (Geijer et al., 

2016), the relation between their presence and oceanographic variables, that act as indicators 

of productivity and consequently to food abundance, do not follow simple linear regressions. 

For this reason, one of the most used models for cetacean distribution, which has also been 

used in this thesis, is the GAM. It offers a flexible and robust approach for the exploration and 

characterization of complex, non-linear relationships among variables (Zerbini et al., 2015; 

Panigada et al., 2008). Other models such as multiple logistic regression have been used by 

Laran and Garnier (2008) for modelling fin whale presence in the Ligurian Sea, NW 

Mediterranean.  

One of the characteristics that differs between the models exposed in the thesis and the 

models presented by these authors is the format of sighting data. All the models presented 

in the cited articles use binomial data to fit the model. In this thesis, another parallel approach 

has been done, apart from the presence absence model. This approach consists of multi-

categorical and continuous data, allowing us to discriminate between high and low 

abundance of fin whales. It is not the same to spotting a fin whale that is travelling, where the 

sighting may not necessarily be related to oceanographic data, compared to having two or 

three fin whales feeding in one spot for hours, which should be highly correlated with 

oceanographic data.  

This thesis demonstrates that behaviour input is important to consider as the fin whale 

prediction used to be more accurate in high animal concentration and in feeding behaviour 

pixels. This is due to the direct correlation with oceanographic data because of prey 

abundancy. When correlating oceanographic data is important to take into account the time 

lacks between CHLA and zooplankton picks. Also between zooplankton picks and fin whale 

presence, which also originates a lag of some weeks between CHLA and fin whale presence 

(Littaye et al., 2004), in our case of study this lack is around three 8-day weeks.  

The time lag of three weeks is not a just a time lag, as seen in Chapter three, as there is also 

a geographic displacement between the pick of chla and the location of fin whales, due to 

dynamic components such as sea surface currents. This displacement has been one of the 

biggest problems of fin whale distribution maps, jointly with unbalanced data and its 

dispersion. 

In order to solve this complexity and the displacement problems, another kind of model has 

been implemented: the neural network models.  
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Machine learning models, which include neural networks, are not frequent in ecology 

modelling, especially in cetacean distribution.  One of the reasons why they are not as popular 

could be that despite working well with nonlinear and complex correlations, there is a 

particularly important problem for ecology. They are what is known as a black box. It is 

extremely hard to know what the model does, which variables correlate and the importance 

of each one of the outputs. Nevertheless, there are other fields in cetacean research in which 

these kind of models are so popular, for example, in cetacean identification and 

morphometric imagery. 

Degollada et al. (2019) did a first approach in fin whale distribution analysis along the Catalan 

coast, by using ANN. In this analysis, the model was trained with monthly binary 

presence/absence data. Although it gives good statistical results, the prediction maps have 

some problems. There are some predictions that do not make sense biologically The 

predictions in the Delta del Ebro where they are implemented very close to shore, and in a 

place where it is almost impossible to find them. Therefore, it is important to remark that high 

statistical accuracy is extremely important to have a suitable model. However, if you are using 

real data it is also necessary to evaluate the results and check they are real and can be 

accepted. In the case of this model, even though there are some predictions that seem to be 

good, I would not look at it much due to some errors evidencing there are some significant 

features the model has not learned. 

While comparing the model from Degollada et al. (2019) and the one from our case study, 

even though the data used is almost the same, it has been demonstrated that the results 

obtained hugely differ from those published in the article. This difference could be caused by 

the temporal and spatial resolution increases. In this thesis, the model presented has an 8-

day and 3km2 resolution, which make the data much harder to predict for the model. 

Some of the problems found while fitting the ANN and CNN models with fin whale dataset, 

were the size of the dataset, which was too small, especially for the CNN model. Also the 

unbalanced and dispersed data. Apart from that, this data collects high variability distribution 

between years which together with the random transects carried out in the study makes no 

possible to elaborate a bootstrap analysis or another kind of whale density interpolation 

model to better fit the spatio-temporal model, as done by Cotté et al. (2009). 
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7.2. Conclusion 
The study has been difficult, with several problems related to the database and data 

treatment, due to the unbalanced sighting data and the intern correlations between 

oceanographic variables and time.   

Despite all data processing problems, a protocol and r code have been developed to be able 

to easily implement the different models with the new data obtained in the future. 

A good season GAMs has been obtained. The third one is the best and most useful model, as 

with only three variables (CHLA, SST and month), an explained deviance of 88% has been 

obtained. The ANN has a really good approach with a model of a single hidden layer of 5 

neurons.  

GAM models have also been used as evidence of the correlation between the different 

variables and sighting data. This emphasizes that CHLA has a time lag of three weeks. a the 

most important explanatory variable while combined with SST and/ or SAL and SSH, which 

characterize the water column, as it explains most of the sighting data. Whereas the ANN 

gives more importance to the SST and SSH than to CHLA. In this case GAM models explanation 

have more sense even though the ANN has a better fit.  

The spatial model needs to be improved to be able to be used as a reference prediction map 

for presence of fin whales in conservation and actions of protection, such as marine traffic 

restrictions and measures to avoid collisions. Nevertheless, the CNN model had learned some 

of the important features, making us believe it will be a good model with few changes and if 

we manage to extend the sighting dataset. 

Finally, answering the last objective, a data transformation code has been implemented in 

order to generate a proper data frame that can be opened and plotted with Ocean Data View. 

As mentioned above this has easy interpolation methodology and is a clear and 

comprehensible map, in which a lot of information can be uploaded. 
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7.3. Future work 
The final CNN, which is the model that should have the best spatial approach, needs to be 

improved. One of the aspects that can be done in order to improve it is to add a recurrent 

neural network (RNN) to the CNN as it is done by Mei et al., (2019). By adding the RNN the 

model will have more information and should give better predictions. 

One of the big deals of the data that make the ANN and the GAM models fail in their spatial 

predictions is the geographic displacement that occurred in the CHLA concentration time lag, 

between its pick and the fin whale presence. As it is explained in the thesis the principal 

variable that it is thought to be responsible for this displacement is the sea surface current. A 

model can be done for relocating the CHLA concentrations considering the current 

movements. If this model is good and these corrected maps are added to the model the ANN, 

the GAM and also the CNN will have a better adjustment to the data and will make better 

predictions. 

Another map that could be created and that would help to predict fin whale presence, 

especially in May, is the rainfall. For building this map it is needed to interpolate the 8-days 

rainfall in land, taking into account the hydrographic basin and the minimum amount of 

precipitation that is significant for the river to increase its flow. With this information, the 

river paths and the sea surface current a model has to be done in order to predict the 

nutrients movements on the sea. This will help the model to know where the whales will be 

when the CHLA its not on the surface and the satellite cannot detect it.    

Another aspect that can be done is to change the implementation software and start to work 

with python instead of R. This would allow more model flexibility and the capacity to build 

more complex models. 

As the “Fin Whale Project” continues studying the fin whales in the area this model will be 

tested this 2021 season and will be improved with the new data collected the following years 

so the sighting database will increase and will help to fit a more accurate model. 
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Annex 1 
Results of the first GAM Seasonal model 

Residual plots 

 

Function plots 

 

  



58 
 

The results of the second GAM Seasonal model 

Residual plots 

 

Function plots 
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Results of the third GAM Seasonal model 

Residual plots 

 

Function plots 
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Results of the fourth GAM Seasonal model 

Residual plots 

 

Smooth functions plots 
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Residual plot of the first GAM spatial model  

 

 

 

 

 


