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Abstract—Cogent Confabulation is a comprehensive and simple method for data classification, but is unjustly neglected in
modern machine learning. Cogent confabulation uses multiple
evidence to classify data items, requiring less computation
than Bayesian classifiers. Earth observation with remote sensing
provides researchers evidence of various events and processes
encoded in the reflectance of the surface in multiple wavelength
bands. Decoding which bands provide information on which event
is in the focus of many scientists. In this paper we are presenting
the preliminary results on using the Cogent Confabulation
Classifier on Sentinel-3 OLCI satellite data to predict the status
of bathing water quality. Measuring bathing water quality is an
important activity to protect human health, animal health and
the environment. It is based on in situ measuring bacteria and
categorizing quality based on the EU Directive 2006/7/EC. Study
area used in this paper is Kaštela Bay and Brač Channel located
in the Republic of Croatia. Data set is constructed of satellite
data (bands values) and ground truth water quality based on in
situ measurements. We developed a classifier that was trained
on the constructed data set and is able to classify two distinct
classes of bathing water quality based on satellite images. Results
of the applied classifier are described, analyzed, and compared
with other commonly used classification approaches in terms of
accuracy and computational performance.
Index Terms—Cogent Confabulation; Sentinel-3; OLCI;
bathing water quality

I. I NTRODUCTION
Monitoring and classification of bathing water quality is regulated by the EU Bathing Water Directive (BWD) 2006/7/EC
[1]. Directive lays down the provision of information to the
public in order to inform and protect human health. The BWD
also complements the Water Framework Directive and the
Marine Strategy Framework Directive. According to BWD,
member states need to monitor at least two microbiological
parameters of faecal bacteria (e.g. Escherichia coli and Intestinal Enterococci). All of these in situ measurements are
usually expensive, weather dependent and time consuming.
Moreover, these measurements are not done daily, so the state
of the measured bathing water quality could change until the
next scheduled measurement. Monitoring water quality is an
important factor of environmental sustainability.
In order to continuously assess the status of bathing water
quality, we took into account in situ measurements and remote
sensing data. In situ data of the sea bathing water quality at the
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beaches in Croatia are measured and published publicly by the
Ministry of Environment and Energy of the Republic of Croatia [2]. Remote sensing is useful for environmental monitoring,
especially sea and oceans [3], where other data collection
methods, such as using ships and buoys are expensive and hard
to maintain. Collected remote sensing data used in this study is
Sentinel-3 satellite images acquired by using Ocean and Land
Colour Instrument (OLCI). This instrument was built for water
monitoring and is placed on board the Sentinel-3 satellite.
OLCI provides images at the spatial resolution of 300m and
the temporal resolution of two days (global coverage at the
equator) [4]. It has overall 21 spectral bands ranging from the
visible to the near-infra-red band (400nm to 1020nm) [5].
The aim of this study is predicting bathing water quality
based on collected data. In order to do so, we are proposing
a data driven model based on the Cogent Confabulation
Classifier. The cogent confabulation theory was introduced by
Robert Hech-Nielsen in 2005 [6], where he introduced a new
model of vertebrate cognition - maximisation of cogency. He
described that by using the restrictions (e.g. proper lexicons
and knowledge), the fundamental theorem of cognition could
be exploited and confabulation could be cogent. Using this
approach in this research, we want to see if the proposed data
driven model can be used for quick and accurate assessment
of the sea bathing water quality in the Republic of Croatia.
The rest of the paper is organised as follows. Section II gives
an overview of the application of remote sensing and machine
learning methodologies in order to assess water quality status.
Then in Section III we described collected data and the Cogent
Confabulation Classifier to see how it can be used in order to
predict bathing water quality. Finally, we described results and
gave a conclusion with ideas about future work regarding this
developed prototype for bathing water classification.
II. R ELATED WORK
A. Remote sensing
Coastal bathing water quality is usually monitored by taking
in situ measurements in order to analyse the concentration
of Escherichia Coli, Intestinal Enterococci, Total Coliforms
and Faecal Coliforms [1]. All of these measurements are
providing information just for the station where sampling

1103

is taken and cannot give us a broader picture of bathing
water quality along the whole coast. In order to achieve
that, many studies present models which are taking into
account both in situ measurements and remote sensing data
[7][8][9][10]. In order to assess bathing water quality status
by using remote sensing, some authors use specific satellite
imagery depending on parameters they need. For example,
there is a study which compares temperature [11] retrieved
from Landsat-8 TIRS (Thermal Infrared Sensor) with different
bacteriological parameters in order to retrieve bathing water
quality. Also, other parameters such as chlorophyll (Chl-a)
[12][13], coloured dissolved organic matter (CDOM) [12][14]
and total suspended matter (TSM) [12][15][16][17] have been
assessed using various satellite imagery (MODIS, Sentinel-2,
Sentinel-3, Landsat-8, MERIS) in order to retrieve status of
water quality. Remote sensing can be a valuable source of
data as an answer to the limitations of traditional methods.

summer months when there is higher tourist activity is necessary in order to protect human health and the environment.

B. Algorithms

Fig. 1. Study area - Kaštela Bay and the Brač Channel in the Republic of
Croatia

There are many examples of using machine learning (ML)
methodologies in order to retrieve status of water quality by
using remote sensing and in situ data. The best summary
of most often used ML methods are proposed in [18]. The
authors made a study of all published literature between
the 2001 until 2021 of applying ML methods to estimate
water quality parameters with satellite data. They point up
that the most common ML approaches for monitoring water quality (regional and global scale) are Artificial Neural
Network (ANN), Support Vector Machines (SVM), Random
Forest (RF), Decision Tree (DT), Multilayer Perceptron Neural
Network (MLP), Cubist, and Genetic Programming (GP). To
our best knowledge, there are no records of articles where the
Cogent Confabulation Classifier was used in order to retrieve
status of water quality.
In [19][20] authors address segmentation and classification
of natural landscape images primarily for the purpose of wildfire smoke detection by using Cogent Confabulation Classifier.
Furthermore, the authors in [21] suggest using a two-layered
confabulation architecture for artificial creatures to select appropriate behaviours. They implemented an arbiter that decides
the most appropriate behaviour among suggested behaviours
from the two confabulation layers. Also, the authors in [22]
present an interesting work where they generated user data
and matched the probability distribution giving it an additional
qualification by using confabulation theory.
Based on these findings, we are motivated to apply this
method on Sentinel-3 OLCI satellite imagery to retrieve the
status of bathing water quality.
III. M ATERIALS AND METHODS
A. Study area
The study area addressed by this research (Figure 1) includes the Kaštela Bay and the Brač Channel, which are
located in the south of the Republic of Croatia in Europe. The
Republic of Croatia is a tourist country, especially in summer
periods, where this area is a swimming destination for many
tourists. So, examining bathing water quality especially in the
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B. Data set
The data set used in this paper is consolidation of in situ and
satellite data. All of the collected data refers to the summer
period between June 1st and October 1st for the years 2019,
2020 and 2021. As well, all retrieved data is free of charge
and has public access.
1) In situ data set: First, we collected in situ data of bathing
water quality from the web site "Sea bathing water quality
in Croatia" [2] published by the Ministry of Environment
and Energy, Croatia. The data is collected using python script
for web scraping and text processing. This data describes the
quality of bathing water at each measuring station, where every
measurement may assume one of four possible quality flags:
“poor”, “sufficient”, “good” and “excellent” quality. According
to the results of the annual assessment of sea bathing water
quality in Croatia, done for the period 2019 to 2021 following
EU Directive, there have been more than 95% measurements
rated as "excellent". Therefore, in the absence of data diversity,
we divided our in situ data set into two classes: “good” and
“poor”. Class “good” represents all measurements rated as
“excellent” and class “poor” all other measurements ratings.
The distribution of in situ data can be seen in the Table I.
TABLE I
T HE NUMBER OF DATA SAMPLES FOR ALL SAMPLE STATIONS IN PERIOD
OF 1 ST J UNE 2019 TO 1 ST O CTOBER 2021
Year
2019

2020

2021

“good”

901

1079

1096

“poor”

72

32

44

Total

973

1111

1140

Class
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2) Satellite data set: In this study we used Sentinel-3 OLCI
Level-1B satellite data, where all OLCI spectral bands have
calibrated, ortho-geolocated and spatially resampled Top of
Atmosphere (TOA) radiances [23]. Satellite imagery georeferenced in the WGS 84 coordinate system (EPSG: 4326) was
downloaded by using API from the Sentinel Hub EO Browser
[24]. For 2019, 2020 and 2021 year we have 75, 87 and 84
collected satellite scenes, respectively. Each scene contains 21
spectral bands (B01-B21). We extracted band values for every
performed in situ measurement where there was available
satellite data.
Our data set is determined as:

Fig. 2. Flow chart of applied methodology - from data collection to data
consolidation and calculation of each band cogency for bathing water quality
classes (“good” and “poor”)

D. Evaluation
Date Quality rating Bands B01-B21
The overall data set was divided into two subsets - train
and test, where train data includes 2019 and 2020 year and
has 2084 records, while test data includes 2021 year and has
1140 records.
One of the most common obstacles in reliable classification
of satellite scenes obtained by optical sensors are clouds.
However, Sentinel-3 does not have convenient cloud mask,
so we used information about overall cloud coverage of the
image. In order to make the data set more reliable, we
retrieve information of cloud coverage percentage of each tile
which our satellite imagery belongs to by using API from
the Copernicus Open Access Hub [25]. According to this
information we took into account only those satellite imagery
where cloud percentage was under 40%. Finally, after applied
data correction, data set is now consisted of 1062 records for
train and 388 records for test.

We compared the performance of cogent confabulation
classifiers with other machine learning algorithms commonly
used for supervised classification of data based on feature
values.
The selection of classifying algorithms was applied on the
same data set and results are compared. The classifiers we
applied in our research are:
•

•

•

•

C. Cogent Confabulation
In cogent confabulation theory the true cogency of e.g. each
class of water quality is approximated by the confabulation
product of the single bands cogencies. These cogencies are determined as facts and formally expressed as p(b1 , b2 , ..., b21 |x).
Equation for calculation confabulation product (referred as
“winner-take-all” strategy [20]) is shown in (1):

p(b1 , b2 , ..., b21 |x) = C · p(b1 |x) · p(b2 |x) · ... · p(b21 |x) (1)
where b1 , b2 , ..., b21 represent band values, x stands for the
premise of the argument (“good” or “poor”) and the factor
C is positive constant. With this constant C, cogency can be
maximised by maximising the confabulation product [22].
In order to be able to calculate the confabulation product,
first we calculated cogency of each band for class “good”, as
well as for class “poor”. We perform this on our train data. In
Figure 2 can be seen the whole procedure, from selecting and
retrieving data from application domain to calculating cogency
of each band. Once we get cogency for all bands of two
classes of bathing water quality we were able to calculate the
confabulation product for our test data and make evaluation
of the applied classifier.
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•

Decision Tree Classifier - non-parametric supervised
learning method which utilises knowledge-based information without making any assumptions about data [26],
K-Nearest Neighbors Classifier - classifies each test sample based on its k-nearest neighbours, which is founded
by calculating distance between the test and training
samples [27],
Multi Layer Perceptron Classifier - a feedforward artificial neural network organized in three or more layers
(input layer, hidden layer, and output layer) [28],
Naive Bayes classifier is based on Bayes theorem and
works on the principle that all the classified features are
independent of each other. There are different types of
Naive Bayes models where we used following [29][30]:
– Bernoulli - requires samples to be represented as
binary-valued feature vectors,
– Complement - use the statistics from the complement
of each class to calculate the weights of the model,
– Gaussian - ensures that the features are following
Gaussian normal distribution and supports continuous data,
– Multinomial - consider a feature vector which is used
when there is a discrete count,
Random Forest Classifier - consists of decision trees,
where each tree votes for a particular class and by
combining a large number of trees can produce more
reliable predictions [31].

For each trained classifier we classified the test portion of
data set and assigned each measurement into one of the subsets
[32]:
•
•
•

True positive (TP) - the classifier predicts “good” quality
and the measurement shows the same,
True negative (TN) - the classifier predicts “poor” quality
and the measurement shows the same,
False positive (FP) - the classifier incorrectly predict
“good” quality (actual measurement) as “poor” quality,
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•

False negative (FN) - the classifier incorrectly predict
“poor” quality (actual measurement) as “good” quality

and calculated following evaluation measures [33]:
•

Precision - represents the proportion of positive samples
(TP) that were correctly classified to the total number of
positive predicted samples (TP, FP)
P recision =

•

TP
TP + FN

Figure 3 shows results obtained after applying nine machine
learning classifiers on a test data set which includes all
Sentinel-3 OLCI bands. It can be seen that Cogent Confabulation Classifier has the highest balanced accuracy of 0.5239
and precision of 0.9438 of the used performance measures,
but because of used imbalanced data this is not enough to
show that Cogent Confabulation Classifier achieved the best
result among others classifiers. It can be seen that F1-score is
higher for Decision Tree Classifier which achieved accuracy,
precision and recall same or even higher than it was in case
of Cogent Confabulation Classifier.

(3)

F1-score - represents the harmonic mean of precision and
recall
F 1 − score = 2 ∗

•

(2)

Recall - represents the positive correctly classified samples to the total number of positive samples
Recall =

•

TP
TP + FP

A. Case 1: All Sentinel-3 OLCI bands

(P recision ∗ Recall)
(P recision + Recall)

(4)

Balanced Accuracy - represents the metric which is used
to assess the performance of classification model [34]
Sensitivity + Specif icity
2
(5)
where Sensitivity and Specificity are defined as:
BalancedAccuracy =

Sensitivity =

TP
TP + FN

(6)

Specif icity =

TN
TN + FP

(7)

Finally, for each classifier we observed a confusion matrix,
showing the absolute and relative number of TP, TN, FP and
FN items. The confusion matrix has shown itself as the most
appropriate evaluation tool for comparing classifiers of a rare
event on an unbalanced data set.
IV. R ESULTS AND DISCUSSION
To evaluate Cogent Confabulation Classifier output quality
we calculated the following metrics: precision, recall, F1score, balanced accuracy and confusion matrix. For the specified metrics we used binary type of averaging performed
on the data, because ground truth target values (y_test) and
predicted targets returned by a classifier (y_pred) are binary
(0 stands for “poor” and 1 stands for “good” bathing water
quality). We perform these metrics for two different cases of
data sets:
1) including all Sentinel-3 OLCI bands,
2) including Sentinel-3 OLCI bands (B03, B04, B05, and
B06) related to calculation of Chl-a parameter [5], which
is often used as an indicator of water quality.
Furthermore, we took into account other machine learning
classifiers and compared them with the Cogent Confabulation
Classifier for both data sets.
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Fig. 3. Overview of evaluation metrics for different classification machine
learning models - applied on test data set which includes all Sentinel-3 OLCI
bands

If we look at the confusion matrix for every classifier
we can see that Cogent Confabulation, Decision Tree, KNearest Neighbours and Complement Naive Bayes classifiers
have predicted most true positive (TP) and true negative
(TN) values. These classifiers are highlighted in Figure 3.
Complement Naive Bayes classifier has predicted even more
TP values than Cogent Confabulation classifier, but it fails
when we compare false positive (FP) and false negative (FN)
values where Cogent Confabulation classifier has less wrong
predicted values (Figure 4). This results that Cogent Confabulation outperforms Complement Naive Bayes classifier having
higher evaluation metrics results (precision, recall, F1-score,
and accuracy) which are depending on estimated TP, TN, FP
and FN values.
B. Case 2: Selected Sentinel-3 OLCI bands
Figure 5 depicts evaluation metrics of nine machine learning
classifiers applied on a test data set which includes only B03,
B04, B05 and B06 Sentinel-3 OLCI bands.
It can be noticed that the Cogent Confabulation classifier
has higher balanced accuracy, but lower F1-score compared
to K-Nearest Neighbors and Gaussian-Naive Bayes classifiers
which are having higher F1-score (>0.9) with same balanced
accuracy as Cogent Confabulation classifier around 0.5. There
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Fig. 4. Confusion Matrix for Cogent Confabulation and Complement Naive
Bayes classifier - data set of all bands

have been predicted more TN values for Cogent Confabulation
Classifier compared to results listed in Figure 3. In Figure
5 are highlighted classifiers Cogent Confabulation, K-Nearest
Neighbours, Complement Naive Bayes and Gaussian Naive
Bayes, which detected most TN and TP values. Cogent Confabulation and Complement Naive Bayes classifiers still have
the highest number of TN and TP values (Figure 6), where
the Cogent Confabulation classifier is better according to F1score which is a good indicator of performance of a model
when there is imbalanced data set.

in both data sets does not exceed 0.6. In our data sets we have
imbalanced classes where values from class “good” appear
much more than values from class “poor”. That is why we
used balanced accuracy and not the usually used accuracy
classification score which would be higher than balanced
accuracy, but than it would not describe true performance of a
machine learning model. One possible solution to this problem
would be to increase the amount of data in the future which
would result in better recognition of different bathing water
quality conditions.
V. C ONCLUSION
In this study we implemented a Cogent Confabulation classifier in order to predict bathing water quality. We compared
this classifier with other machine learning classifiers based
on calculating different types of performance metrics. The
results suggest that the Cogent Confabulation classifier didn’t
outperform other used classifiers for both cases of using
different sets of data. Due to an imbalanced data set there has
been performed binary averaging for all used metrics.Metrics
showed that Cogent Confabulation classifier has similar or in
some cases slightly better results than other used classifiers.
This can be promising in order to use this simple, but effective
approach to solve other similar environmental problems, rather
than some well-known classifiers.
In future work in order to make this model even more
reliable, we should consider using a larger data set and include
more data correction e.g. cloud coverage and atmospheric
corrections of satellite data. Furthermore, we would consider
using other satellite data except Sentinel-3 OLCI. Having this
in mind it is reasonable to believe that this will lead to more
sophisticated results for better prediction of bathing water
quality.
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Fig. 5. Overview of evaluation metrics for different classification machine
learning models - applied on test data set which includes selected Sentinel-3
OLCI bands (B03, B04, B05, and B06)

Fig. 6. Confusion Matrix for Cogent Confabulation and Complement Naive
Bayes classifier - data set of selected bands

Based on these results, we can notice that balanced accuracy
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of cogent confabulation based classifier and naive bayes classifier in
the detection of lens flares in wildfire smoke detection,” in 2017 2nd
International Multidisciplinary Conference on Computer and Energy
Science (SpliTech), 2017, pp. 1–4.
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