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Abstract: Maritime passenger transport in the Galapagos Islands–Itabaca Channel is based on boats
with combustion engines that consume an annual average of 4200 gallons of fuel and produce about
38 tons of CO2 per year. The operation of the solar catamaran “INER 1” electric propulsion (PV) is a
renewable and sustainable model for passenger shipping in the Galapagos Islands. In this regard,
the detailed study of the relationship between the variability of solar radiation, the abrupt change
of tides due to changes in wind speed and direction, and the increase in tourists, according to dry
and wet seasons, cause high energy consumption. The boats must absorb energy from the electrical
grid of the islands; this energy is from renewable (solar and wind) and, mostly, of fossil origin so
identifying the source of the energy absorbed by the boats is essential. The aim of this study was to
select the most influential attributes in the operation of the solar catamaran “INER 1” in the Galapagos
Islands. The methodology for knowledge discovery in the databases was determined by selecting
attributes that combine environmental, social, and energy variables affecting the energy performance
of the solar catamaran. The energy consumption of the boats features a direct relationship with
the attributes defined in this research as: (1) Energ (energy used), (2) Tur (tourists and residents),
(3) Fotov (PV park), (4) Glrad (global radiation), (5) date (date and time), (6) Term9 (thermo-electric
9). Considering the six best attributes filtered by the proposed algorithms, 4.95% in the mean squared
error parameter and a 98.94% accuracy in the classification and prediction of the energy consumed by
boats were obtained.

Keywords: Galapagos Islands; biodiversity; solar photovoltaic; sustainable shipping; algorithm;
artificial intelligence

1. Introduction

Increased quality of life and longevity in humans has led to exponential population
growth over the past 200 years. This has generated great benefits for humanity but has
also generated great damage to ecosystems, natural resources, and the environment in
general [1]. One of the biggest problems is human activity, which creates a large amount of
emissions of greenhouse gases, chemicals that affect the ozone layer, and waste that cannot
be reused [2].

In recent decades, human beings have placed great importance on caring for renewable
and non-renewable energy resources and protecting the environment. In this sense, they
have tried to identify and mitigate the environmental impact generated by the production
and manufacture of technology [2]. Several methodologies have been developed to identify
and mitigate environmental impact. One of the most frequently used methodologies is life
cycle analysis (LCA) due to its standardization and easy application [3].
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In particular, according to [4], the current economic system is based on the use of ves-
sels destined for the transport of passengers, primary, intermediate, and finished products.
In this way, a boat provides its services, and although it generates income for the owner,
at the same time, it generates environmental effects, such as emissions from combustion
and fuel residues disposed of in the environment. Moreover, in the final phase of use,
that is, in the dismantling, there are significant impacts on the environment and on the
people involved.

On the other hand, boats with electric propulsion systems have experienced important
technological developments in recent years. For example, a boat called Sun21, which arrived
in New York in 2007, was the first boat with electric propulsion using only solar energy to
cross the Atlantic ocean with an approximate route of 11,000 km, saving approximately
4000 L of diesel [5]. Subsequently, in 2012, the “MS Tûranor PlanetSolar” concluded a
584 day tour around the world, reaching a new record. However, the boat was optimized
to break its own records and crossed the Atlantic in 22 days in 2013 [6].

In addition, according to [7], a transport model based on electrical energy generated
through hydrogen, either by electrolysis or through supply stations, would reduce green-
house gas emissions by 0.6–2.2 gCO2/MJ in Europe and between 6.0–17.7 gCO2/MJ in the
United States. This difference could be explained because countries that possess an energy
matrix based on renewable energy perform better in the proposed life cycle analysis with
the same policies in both scenarios.

According to [8], life cycle analysis on vessels allows the identification of the impacts
associated with electrical generation systems and auxiliary generators. Thus, it is possible
to improve the manufacturing and operation processes of vessels by following the life cycle
analysis methodology.

The Galapagos Islands feature a sensitive economy that is based on tourism. Therefore,
a large number of national and foreign tourists visit the islands and require sea transporta-
tion between them [9]. According to [10], in 2015, 70,451 national passengers and 154,304
foreign passengers entered the Galapagos Islands. Of the total of passengers who entered
173,487, 77% entered through Baltra airport and the remaining 51,116 passengers, 23%,
through the island of San Cristóbal. Visits by tourists to the islands are determined by
two seasons: warm and rainy, which runs from January to June, and dry and cold, which
starts in July and ends in December of each year. There are two tourist seasons in the
islands, which are known as the high season, spanning the months of January, June, July,
August, and December, with an average of 19,370 visitors; and the low season, running
through February, March, April, May, September, October, and November, with an average
of 18,022 [11].

In June 2014, the first solar electric boat, called Solaris, which was developed by
the Directorate of the Galapagos National Park (GNP) in coordination with the World
Wide Fund for Nature (WWF), was operated in the Galapagos Islands [12]. Its size was
designed considering its total weight of 1800 kg and use over 1.5 h per day and daily travel
distance of 7.6 km, which represents a round trip on a tour of the Tintoreras on Isabela
Island. Its implementation shows the interest of Ecuador and the world in developing and
implementing environmentally friendly technologies [13].

To reduce the environmental damage that human beings are creating, a sustainable
and renewable model was implemented for the maritime transport of passengers in the
Islands. A catamaran prototype powered by electric motors functioning with solar energy,
which is responsible for transporting passengers from the Baltra Island airport to Santa
Cruz Island through the Itabaca channel, replaced conventional barges, which are polluters.
The INER 1 solar catamaran shown in Figure 1 can transport a maximum of forty seated
passengers and two in wheelchairs, with their respective luggage, along eight routes of
0.6 km each. It features an installed photovoltaic power of 4.2 kWp with a storage capacity
of 11.5 kWh @ 2 h and a maximum consumption of 3 kWh per day from the Baltra Island
electricity grid, which is based on wind energy. The Itabaca channel, where the vessel
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carries out its passenger transport activity, features an average direct solar radiation of
600 Wh/m2 [14,15].
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One of the biggest problems associated with renewable energies is the intermittency
of their sources, which prevents the penetration of said energy into power systems [16]. To
counteract this restriction, various prediction methods have been developed and analyzed
in terms of their performance, according to the type of technology in which the application
is required. These prediction systems allow the estimation of the amount of energy that a
renewable source can produce in certain production conditions and scenarios [17].

According to [18], obtaining climatological parameters in places where there is no
access to a meteorological station, such as the the Galapagos Islands, is possible through the
Meteonorm platform. The calculations made through this platform are based on database
averages of around 8000 meteorological stations around the world and five geostationary
satellites, over periods greater than 10 years.

For solar radiation, the system provides the maximum values in conditions where
the sky is clear [19]. According to [20], the comparisons between the solar radiation
values sampled for longer periods show a variation of less than 2% for all meteorological
stations. Nonetheless, the mathematical computational models show a smaller error than
the variation in the total radiation measured between one year and another.

The meteorological data derived from the Meteonorm platform feature very small
deviations, since their models use average data from the period between 1985 and 2005.
This allows the analysis of photovoltaic systems with high precision, since the performance
presented in the simulation ranges from 5754 and 5771 kWh/year. In addition, the actual
data measured by the solar inverter of the photovoltaic installation are 5755 kWh/year,
with a 3% variation between the measured data and the data generated by the platform [21].

2. Experimental Methods
2.1. Data Mining

In terms of the analysis of the behavior of climatological, energetic, and social variables,
the variable selection method is also known as the identification of the most important input
parameters in a system. This analysis method allows the improvement of the prediction
capacity of its most important variables. This problem has been extensively investigated
in the fields of computing and machine learning, where it is called the feature selection
problem (FSP) [17].

Feature selection is a part of all the techniques used in data mining. Its general concept
consists of applying various analysis methodologies in large volumes of information to
find the most useful and applicable, and not random. Therefore, data mining is responsible
for searching relationships and patterns among all the largest amounts of data or data sets
available to analyze [22]. A pattern is the representation of a trend in repeating data that is
obtained from a database or information source. Furthermore, the definition of a pattern is
based on its adaptability to a large amount of data and the ease of relating to it [23].
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The feature selection method consists of filtering the most relevant characteristics
of the main data set that best describes the behavior of all its objects. Its function is to
reduce the dimensions of the database. Thus, discarding the information that is not relevant
or redundant for the representation of the information makes it possible to reduce the
computational cost and to generalize the learning algorithm in its initial stage [24–26].

2.1.1. Information Pre-Processing

The creation and management of a database, where all the collection of both auxiliary
and main variables historically generated with the process of identification of parameters is
stored, is one of the processes that demands a higher priority due to the statistical analyses
required [27]. The ordered and filtered variables must be treated by using specialized data
mining software In this case, the use of the free software WEKA (Waikato Environment for
Knowledge Analysis), developed by the University of Waikato Hamilton, New Zealand is
proposed [28].

2.1.2. Artificial Neural Networks

A data classification algorithm allows the ordering and predicting of the general
behavior of a data set to which it belongs by analyzing the relationships between the
data and estimating statistical data, such as means, relative error, absolute error, and
variances [29].

A perceptron is the simplest unit of a neural network and can be used for classifying
linearly separable classes or concepts. Its operation consists of the weighted sum (acti-
vation function) of the inputs multiplied by a weight in each of them, as can be seen in
Equation (1) [30].

v(x) =
n

∑
i=0

wixi (1)

where v(x) is the neural network output, wi is the synaptic weight, xi is the input data, and
Σ represents the activation function.

The conceptualized model of a perceptron of In inputs, Wn weights, its activation
function, and an output O is presented in Figure 2. The learning of the perceptron consists
of generating the weights of each of the inputs and the value of the threshold weight. The
perceptron training rule is used to show the convergence to a given solution of steps if the
classes are linearly separable.
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The single perceptron layer is solvable only if the classes are linearly separable when
a kind of data classification is not using a configuration required for the neural network
multilayer perceptron type, whose structure is shown in Figure 3.
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The most widely used learning algorithm in the multilayer perceptron network is
the back propagation of the error, known as backpropagation, which uses the sum of the
squared errors of the sample values as the optimizing value, as shown in Equation (2).

E(w) =
1
2∑(y − o)

2
(2)

where o is the network output based on the test values, y is the expected output, and w
represents the synaptic weights of the neural network.

2.2. Solar Ship INER 1

Renewable energies are used extensively in some applications; one of them is maritime
transport systems. Despite its benefits in this particular case of solar and photovoltaic
energy, there are different technical, environmental, energy, and social reasons that must be
studied. Being a limitation on its use, one of these factors, perhaps the most important, is the
intermittency of the solar resource that prevents solar systems from playing a fundamental
role in the sustainable development of, in this case, maritime passenger transport [19].

The intermittency of solar sources requires precise prediction systems that allow the
estimation and adequate management of renewable energy. In particular, the INER 1 vessel
uses a recharging station that is connected to the electrical network of the Galapagos
Islands, Santa Cruz, where there are renewable generation systems (solar and wind) and
thermoelectric generation. Furthermore, the variability of climatological and environmental
parameters, such as wind speed and direction, temperature, humidity, solar radiation, and
tides, require the identification of the variables of most significant weight affecting the
energy efficiency in the operation of the solar ship INER 1 [31].

According to [14], there is a deficient use of energy, mostly from fossil fuels, in the
maritime transport of passengers in the Itabaca channel because, on average, conventional
vessels consume 4200 gallons of fuel annually and produce an emanation of 38 tons of CO2
per year considering that the used fuel is transported from the mainland to the Galapagos
province. Therefore, a solution to this problem is the development of sustainable means of
transport based on renewable energies, specifically solar energy, due to the many resources
present on the Galapagos Islands [32].

2.3. Meteorological Parameters

According to [33], the meteorological variables to consider for an attribute selection
study should be global solar radiation, ambient temperature and humidity, wind speed
and direction, data that can be generated through Meteonorm software [34], along with
the compilation of tide tables found in the digital repository of the Navy Oceanographic
Institute [35]. According to [36], the twelfth method makes it possible to obtain interme-
diate data between high and low tide values using the sinusoidal behavior of the sea to
approximate their values to an hourly measurement.
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2.4. Energy Parameters

The data necessary to analyze the energy performance of a photovoltaic solar installa-
tion requires the generation of energy from the complete electrical network considering all
the possible technologies, the photovoltaic energy generated by the system and absorbed
by the installation’s battery bank, and the photovoltaic energy delivered for consumption
or synchronization to the electrical grid. These parameters must be measured and recorded
at one-hour intervals. The relevant information regarding the electrical generation of other
generation systems, such as wind power plants, thermoelectric plants, hydroelectric plants,
among others, must be considered [19].

2.5. Social Parameters

Human movements, such as migration and internal or external tourism, that can affect
the behavior of the boat in a given period of time, are considered as social variables [37].
This information is available from the Directorate of the Galapagos National Park in the
annual visitor reports published in 2017, with the base year 2016 [11], with a total of
218,365 internal or external tourist arrivals and movements typical of the population of
the islands.

Entry to the Galapagos Islands is undertaken by air. Three companies (TAME, LAN,
Avianca) manage the flight frequencies of both arrivals and departures in a schedule from
9:00 a.m. to 4:00 p.m., with approximately one flight per hour following the route taken by
the people who arrive on the Island of Baltra to reach Santa Cruz.

According to the seasonal climate of the Galapagos Islands, the highest income from
tourists is in the dry and wet seasons, which are the most desired by local and international
tourist industries. These stations are accompanied by a variation in solar radiation, abrupt
changes in the tides, and variation in the speed and direction of the wind. These conditions
cause an increase in the energy consumption of the INER 1 photovoltaic solar boat. The
main objective is the identification of one or several combinations of energy, environmental,
or social variables that could affect the energy performance of solar boats.

3. Methodology

The methodology selected for the development of the research is used by [31]. This
study is based on knowledge discovery in databases (KDD). This concept features a multi-step
process to identify patterns in databases that allow the identification of new information.

The knowledge discovery process in databases or KDD consists of several steps, shown
in Figure 4. These can be repeated to obtain the best sets of information and requires expert
user intervention, emphasizing its interactive nature.
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Figure 4. Knowledge discovery in databases (KDD).

According to the KDD methodology, the first step to follow is to compile the series of
experimental data considering the availability and quality of the information and adequate
descriptors, depending on the type of information acquired. In this case, the interaction
of time-related and climatological parameters, the energy consumption of the boat, and
the electricity generation of the Santa Cruz–Baltra electricity network are proposed. In
addition, the number of tourists and residents entering and leaving the Galapagos Islands
by Baltra airport was calculated.
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Considering the weather parameters required by the system, data-generated ambient
temperature, relative humidity, global radiation, wind speed and direction, and precip-
itation by Meteonorm platform in the period from 1 January 2016 until 31 December
2016, one-hour intervals were included between each measurement, considered as the
central point of the Itabaca channel in the Galapagos Islands. Futhermore, the existing data
from the tide tables found in the digital repository of the Oceanographic Institute of the
Navy [35] were analyzed, and the hourly sampling approach was made to feature all the
environmental variables in the same format.

The power generation network Baltra Santa Cruz is composed of a wind system
of 2.25 MW installed in Baltra, a photovoltaic system of 1.5 MWp installed in Puerto
Ayora, Santa Cruz, and a power plant of 3.4 MW installed in Santa Cruz. This information
is managed by the public company ELECGALÁPAGOS, through which the electricity
generation information was collected in periods of one hour.

According to General Directorate of the Galapagos National Park [38], it was recorded
that 170,255 people, or 78% of the total who entered the Galapagos Islands, did so through
Baltra Island airport, and the same number of people also crossed the Itabaca channel. It
should be considered that with respect to 2015, a decrease of 3% was registered, representing
a total of 6000 tourists. This was an atypical year in the behavior of tourism on the islands
due to the earthquake of 16 April 2016 on the Ecuadorian coast and the appreciation of
the dollar.

Table 1 presents the input variables (attributes) and abbreviations used in the process-
ing of the information, along with their respective units of measurement.

Table 1. Study variable information.

Input Variable Abbreviation Units

Date and Time date aaaa-dd-mm hh:mm:ss

Energy used by the boat
(Baltra—Santa Cruz electrical network,
photovoltaic generation of the vessel,

battery bank)

Energ kWh

Temperature Temp ◦C

Relative humidity HR %

Global radiation GlRad kWm2/h

Wind direction WD ◦ from the north

Wind speed WS m/s

Precipitation Prec mm

Caterpilar Unit 1 Term1 kWh

Caterpilar Unit 3 Term3 kWh

Caterpilar Unit 4 Term4 kWh

Caterpilar Unit 5 Term5 kWh

Caterpilar Unit 6 Term6 kWh

Caterpilar Unit 7 Term7 kWh

Hyundai Unit 8 Term8 kWh

Hyundai Unit 9 Term9 kWh

Hyundai Unit 10 Term10 kWh

Hyundai Unit 11 Term11 kWh
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Table 1. Cont.

Input Variable Abbreviation Units

Hyundai Unit 12 Term12 kWh

Hyundai Unit 13 Term13 kWh

Baltra wind farm Eol kWh

Santa Cruz photovoltaic plant Fotov kWh

Sea height Mar m

Tourists Tur people

The creation of the database requires a special configuration in ARFF format that the
WEKA software handles [39]. To generate the base file, a CSV file with comma-separated
values was used, in which the data were ordered by time. The processing of the information
requires the selection of an output attribute of the system called class. It represents the
energy consumption of the boat by using a nominal attribute in which the low, medium-low,
and medium-high ranges are considered with close reference to the energy consumption of
the boat.

The approach of the output variable of a selection of attributes requires the capture of
the experience of the developer. The ranges used to adjust the numerical parameters to the
nominal parameters required in the output variable were as follows:

Low: 1–3.99 (kWh)
Medium low: 4–6.99 (kWh)
Medium high: 7–9.99 (kWh)
High: 10–19 (kWh)
This allows the adequate quantification of the system to be investigated [26,31].

4. Results

After reviewing in detail and considering all the possible error corrections in the
information, the application of filter fills or removes, and the pre-processing, a database
suitable for attribute selection research was produced. According to the characteristics
of the system for analyzing the evaluator attributes (InfoGainAttributeEval), the search
method (Ranker) and model selection (Full training set) were selected.

A trained and tested model is a continued examination of the attributes selected and
classified according to their degree of importance concerning the system. According to the
tests, features that form spatial and temporal data show the independent behavior of the
training matrix.

4.1. Attribute Analysis

A classification test was performed to evaluate the quality of the pre-processed data,
without discriminating any attribute. The objective was to obtain the highest value of
correctly classified data with the least amount of errors. The classification algorithm
used was a multilayer perceptron-type neural network with 29 hidden layers that were
equivalent to the sum of the classes together with the attributes, and 5 output nodes that
represented the energy consumption. In this case, these nodes were low, medium-low,
medium-high, and high. The results are shown in Table 2.

Considering that in the first classification of the information pre-processed with
the 25 attributes, 88.82% of the correctly classified values were obtained, the process
of the selection of attributes continued to discriminate attributes that were not related to
the investigation.

Attribute discrimination was performed based on 60 experiments in which various
configurations and attribute selection models were used, obtaining mostly erroneous,
unsolvable results or classifications in which solar radiation and energy were excluded
from the selection. In this sense, and according to the established methodology and
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bibliographic review, the three most widely used attribute evaluators were analyzed in
detail. The configuration of the first evaluator is shown in Table 3.

Table 2. Classification of the 25 pre-processed attributes.

Input Variable Abbreviation

MultiLayer perceptron
29 hidden layers
Backpropagation network type
5 output nodes

Instances correctly classified 922 88.82%

Misclassified instances 116 11.17%

Kappa statistic 0.67

Mean absolute error 0.04

Root-mean-square-error 0.21

Relative absolute error 26.45%

Relative Ssquare error 74.22%

Total number of instances 1038

Table 3. Configuration of the first attribute evaluator.

Attribute Evaluator Attribute Selection Mode Search Method Study Variable

InfoGainAttributeEval Full training set Ranker Class

As a result of the processing of the first evaluator of attributes, the information shown
in Table 4 was obtained. It shows the order of classification of each attribute and its
importance weight in the data set concerning the output variable class, which represents
the nominal value of energy consumption (low, medium-low, medium-high, high).

Table 4. InfoGain evaluator attribute classification.

Classifier Order Attribute InfoGain Merit

1 Energ 1.09798
2 Tur 0.57595
3 Fotov 0.18327
4 GlRad 0.10919
5 date 0.05443
6 Term9 0.02289
7 Term10 0.01495
8 Term11 0.01279
9 Term13 0.01208
10 Term3 0.01025
11 Prec 0.00955
12 Term5 0.00942
13 Term8 0.00848
14 Term12 0.0069
15 Mar 0.00671
16 Term4 0.00627
17 HR 0.00622
18 Term1 0
19 Eol 0
20 Temp 0
21 Term6 0
22 Term7 0
23 WS 0
23 WD 0
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Figure 5 shows a histogram of the relationship between the importance of the attributes
generated by the InfoGain method and the attributes themselves, where it is possible to
select the attributes that have the greatest influence on the data set.

Energies 2022, 15, x FOR PEER REVIEW 10 of 17 
 

 

15 Mar 0.00671 

16 Term4 0.00627 

17 HR 0.00622 

18 Term1 0 

19 Eol 0 

20 Temp 0 

21 Term6 0 

22 Term7 0 

23 WS 0 

23 WD 0 

Figure 5 shows a histogram of the relationship between the importance of the attrib-

utes generated by the InfoGain method and the attributes themselves, where it is possible 

to select the attributes that have the greatest influence on the data set. 

 

Figure 5. Importance of InfoGain attribute vs. attributes. 

Table 5 presents the configuration used in the second attribute evaluation experi-

ment. 

Table 5. Configuration of the second attribute evaluator. 

Attribute Evaluator Attribute Selection Mode Search Method Study Variable 

ClassifierAttibuteEval 

Jrip 
Full training set Ranker Class 

The second attribute evaluator generated the information shown in Table 6. It pre-

sents the order of classification of each attribute and the weight of its importance in the 

data set with respect to the output variable class, which represents the nominal value of 

the consumption of energy (low, medium-low, medium-high, high). 

Table 6. Attribute classification evaluator classifier attribute Jrip. 

Classifier Order Attribute Jrip Merit 

1 Energ 0.3113551 

2 Tur 0.182028316 

3 Fotov 0.013002023 

Figure 5. Importance of InfoGain attribute vs. attributes.

Table 5 presents the configuration used in the second attribute evaluation experiment.

Table 5. Configuration of the second attribute evaluator.

Attribute Evaluator Attribute Selection Mode Search Method Study Variable

ClassifierAttibuteEval
Jrip Full training set Ranker Class

The second attribute evaluator generated the information shown in Table 6. It presents
the order of classification of each attribute and the weight of its importance in the data
set with respect to the output variable class, which represents the nominal value of the
consumption of energy (low, medium-low, medium-high, high).

Table 6. Attribute classification evaluator classifier attribute Jrip.

Classifier Order Attribute Jrip Merit

1 Energ 0.3113551
2 Tur 0.182028316
3 Fotov 0.013002023
4 Term11 0.001059424
5 GlRad 0.000866802
6 date 0.000144467
7 WS 0
8 Term8 0
9 HR 0
10 Term1 −1 × 10−16

11 Prec −0.000144467
12 Term4 −0.000144467
13 Temp −0.000433401
14 Term6 −0.000433401
15 Term7 −0.000433401
16 Term5 −0.000577868
17 Mar −0.000722335
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Table 6. Cont.

Classifier Order Attribute Jrip Merit

18 Eol −0.000722335
19 WD −0.000722335
20 Term9 −0.001300202
21 Term3 −0.001444669
22 Term13 −0.001589136
23 Term12 −0.001733603
23 Term10 −0.002455938

Figure 6 shows a histogram of the relationship between the importance of the attributes
generated by the classifier attribute Jrip method and the attributes themselves, where the
attributes that have a greater influence on the data set can be selected.
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After having performed two classifications that were within the desired parameters
based on the observed behavior of the boat, we continued with the last evaluator that
was recommended in this type of study. As shown in Table 7 the relief evaluator allowed
the evaluation of the information of the attributes while considering the influence of the
attributes of the nearby sets.

As a result of the processing of the third evaluator of attributes, the information shown
in Table 7 was obtained. The order of classification of each attribute and its weight of
importance in the data set are presented in this table. In this particular case, the attribute
data was discriminated from the classification, which, according to the experience of the
observer, is not possible because all the meteorological, energy, and tourism parameters are
directly dependent on the date of its creation. Therefore, the daily measurements and times
cannot be excluded from the classification.

Next, we assessed the quality of the selection of attributes, for which six attributes
were. A better performance was observed in the first two experiments, since the third
experiment was eliminated from the study due to a lack of consistency in the selection
order of the attributes.

Table 8 presents the 6 main attributes of the InfoGain evaluator that will be used in
the classification experiment to seek to increase the attributes classified correctly.
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Table 7. Attribute classification evaluator classifier attribute Jrip.

Classifier Order Attribute Jrip Merit

1 Tur 0.135493
2 Energ 0.110779
3 Fotov 0.055994
4 GlRad 0.034984
5 Term3 0.028548
6 Eol 0.02564
7 Term9 0.024717
8 Mar 0.023221
9 HR 0.023154
10 Term8 0.019967
11 Term10 0.019596
12 Term11 0.018686
13 Temp 0.017447
14 Term4 0.017266
15 WS 0.016182
16 Term5 0.015636
17 Term12 0.014259
18 Term6 0.013598
19 Prec 0.012945
20 Term13 0.011907
21 WD 0.009496
22 Term1 0.006279
23 Term7 0.000108
24 date 0

Table 8. Main attributes InfoGain evaluator.

Classifier Order Attribute InfoGain
Merit

1 Energ 1.09798
2 Tur 0.57595
3 Fotov 0.18327
4 GlRad 0.10919
5 date 0.05443
6 Term9 0.02289

To evaluate the quality of the selection of attributes, a classification test was carried out
in which the objective was to obtain the highest value of correctly classified data with the
least amount of errors. The classification algorithm shown in Table 9 required a multilayer
perceptron-type neural network with eleveb hidden layers that were equivalent to the sum
of the classes together with the attributes and five output nodes that represented the energy
consumption classified in four levels: low, medium-low, medium-high, and high.

Table 10 presents the six main attributes discriminated according to the Classifier-
AttributeEval Jrip evaluator. It was used in the classification experiment to increase the
number of correct answers in the classification and decrease the number of errors as much
as possible.

The quality analysis of the attribute selection process was performed using a clas-
sification test, as shown in Table 11. The classification algorithm used was a multilayer
perceptron-type neural network with eleven hidden layers that were equivalent to the sum
of the classes together with the attributes and five output nodes that represent the energy
consumption classified into four levels: low, medium-low, medium-high, and high.
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Table 9. Classification of the six attributes with the Infogain evaluator.

Classifier Classifier Results

MultiLayer Perceptron
11 hidden layers
Backpropagation
5 output nodes

Instances correctly classified 1027 98.94%

Misclassified instances 11 1.06%

Kappa statistic 0.97

Mean absolute error 0.005

Square root error 0.049

Relative absolute error 3.26%

Relative square error 17.63%

Total number of instances 1038

Table 10. Main attributes evaluator classifier attribute Jrip.

Classifier Order Attribute InfoGain
Merit

1 Energ 0.3113551
2 Tur 0.182028316
3 Fotov 0.013002023
4 Term11 0.001059424
5 GlRad 0.000866802
6 Term9 0.02289

Table 11. Classification of the six attributes with the evaluator classifier attribute Jrip.

Classifier Classifier Results

MultiLayer perceptron
11 hidden layers
backpropagation
5 output nodes

Instances correctly classified 1000 96.34%
Misclassified instances 38 6.66%
Kappa statistic 0.97
Mean absolute error 0.005
Square root error 0.05
Relative absolute error 3.26%
Relative Square Error 17.64%
Total number of instances 1038

According to the experiments carried out and the results obtained in Table 10 using
the InfoGain evaluator, the most influential attributes in the energy behavior of the “INER
1” boat are: (1) Energ (energy used by the boat), (2) Tur (tourists and residents entering or
leaving the islands), (3) Fotov (Santa Cruz photovoltaic park), (4) Glrad (global radiation),
(5) date (date and time), (6) Term9 (thermoelectric unit 9 of the plant Santa Cruz).

4.2. Energy Analysis

Table 12 presents a summary of the consumption and energy generation of the solar
boat “INER 1” in 2016. The boat consumes most of the solar energy either to store in
batteries or for services and movement, for a total of 2.32062 kWh. The boat requires
3.38916 kWh. Furthermore, the remaining energy is absorbed from the Baltra Santa Cruz
electricity network for a capacity of 1.06854 kWh, of which 788.62 kWh are used for energy
storage in batteries.
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Table 12. Generation and electric consumption of the solar vessel “INER 1”.

Battery-Powered
Electric Network
kWh

Electricity Network
to Consumer kWh

Solar Powered by
Batteries
kWh

Solar Energy to
Electrical Network
kWh

Solar Energy to
Consumers
kWh

Total Energy
kWh

788.62 279.92 1.45164 0 868.98 3.38916

5. Discussion

The study carried out will allow the selection of the most influential attributes in
the operation of the solar catamaran “INER 1” in the Galapagos Islands to generate both
electronic and operational control strategies to increase its efficiency in the use of energy.
The study will be the basis for future research on the management and prediction of solar
power, which is the ship’s main source of energy.

This research is within the general field of data mining and specifically in the field
of attribute selection. It applies the KDD methodology, which allows the discovery of
information and its different relationships within a database. The experimental uses a
series of combinations of both evaluators and classifiers based on the series of bibliographic
reviews. It can achieve statistical indicators with a much higher performance than similar
studies. To demonstrate this, a comparison with relevant studies is presented below.

Almaraashi [40] used different attribute selection algorithms and artificial neural
networks to predict daily solar radiation at eight locations in Saudi Arabia. According to
the experimental results obtained using the relief-type evaluator, the mean square error
between a prediction algorithm using only the selected attributes was 19.9% compared to
52.1% of a prediction algorithm using all the system attributes. Therefore, the selection of
attributes makes it possible to obtain reliable prediction results of energy consumption in
a period of weather. On the other hand, Leary and Kubby [27] conclude that the use of
several layers in an artificial neural network with various learning scenarios together with
a selection of the four main attributes and a pre-processing of the information manages to
obtain an accuracy of classification as a prediction of 92.2%.

Salcedo-Sanz and Cornejo-Bueno [17] present the use of attribute selection and pre-
processing of information as the first step in energy prediction, which increases the per-
formance of a classification algorithm and recommends using various combinations of
techniques that do not require a high computational load, generating adequate results for
the system being analyzed for solar, wind, or tidal energy.

Regarding the research carried out and considering the six best attributes filtered by
the InfoGain evaluating algorithm, 4.95% was obtained in the mean square error parame-
ter using a backpropagation-type multilayer perceptron classification. Additionally, the
prediction algorithm with 11 hidden layers found a 98.94% accuracy in classification and
prediction. The combination of techniques developed made it possible to obtain better
results than the investigations mentioned above, generating a basis for developing studies
on the prediction of the vessel’s energy consumption and operational control for the addi-
tional energy of the electrical network that the boat requires to meet its annual demand,
not relying on fossil-fuel sources.

The consumption and generation of electrical energy in the system show that the vessel
requires 1.06854 kWh of additional energy per year, which comes from the Baltra Santa
Cruz electrical network. Currently, the boat obtains part of this energy from thermoelectric
unit 9 and the photovoltaic park of the Santa Cruz plant. The exact percentage of electrical
energy from thermoelectric unit 9 can be obtained from studying electrical charges and
flows. This mixture of energy sources reduces the overall energy efficiency of the vessel by
using fossil energy as the basis.

6. Conclusions

The additional energy required by the “INER 1” vessel is about 1.06854 kWh, which
comes from the Santa Cruz photovoltaic park and thermoelectric unit 9 of the Santa Cruz
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power generation plant. If we consider that the attribute of solar radiation is the fourth
most influential on the system, and if the solar radiation decreases both in the boat and in
the photovoltaic park, the energy consumption required will come mostly from the Santa
Cruz thermoelectric power plant.

The attribute energy represents the electrical consumption of the boat that comes from
its photovoltaic generation and the electrical network, both for energy storage and for the
consumption of electrical systems of force and control. The variable shows the behavior of
the boat, since it maintains a direct relationship with the date attribute, which represents
the date and time, and the Tur attribute, which symbolizes the number of tourists that the
boat transports.

As the number of tourists and navigation frequencies increases, the energy consump-
tion of the boat also increases. It is necessary to generate operational control strategies that
allow the ship to use the electrical network where the Baltra Island wind farm is located
by delivering electrical energy to the grid since, currently, the attribute wind and wind
generation do not have any relation to the load cycles or their hours of use.

The increase or decrease in the tide does not influence the energy consumption of
the boat because the variation in height occurs in centimeters per hour. Therefore, it is
observed that the attribute sea is not related to energy. It should be noted that the study
did not consider the speed and direction with which the sea current moves due to the lack
of such information.

The global radiation attribute Glrad is directly related to the energetic behavior of
the vessel, considering that the basis of its energy generation is the 4.20 kWp photovoltaic
system, which it carries on its upper deck next to the Santa Cruz photovoltaic generation
plant, and that the thermoelectric plants deliver the electrical energy with which the “INER
1” solar boat recharges.

The attributes temperature and environmental humidity do not have any relation to
the energetic behavior of the boat. Their variation does not affect the energy consumption
of the system. The ship has passive ventilation systems to dissipate the heat generated in
the engines and batteries.

The remaining attributes that were not considered in the study do not have any
relationship with the energy consumption of the boat. In this sense, it is possible to obtain
a set of data that will serve as the basis for implementing a prediction model of energy
consumption considering the annual increase in the number of tourists and the solar
radiation in the area of operation of the boat.
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