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Abstract: Mucilage bloom is a current issue, especially for countries in the Mediterranean Basin,
due to economic activities and ecological effects. The main causes are increased nutrient load due
to organic and industrial pollution in the sea, global warming, and meteorological conditions at a
level that can trigger mucilage bloom. It is important to take permanent measures to combat the
increased nutrient load causing mucilage. However, there are various actions that can be performed
during the mucilage bloom period, especially the collection of mucilage on the sea surface. Surface
vehicles can be used to monitor and collect mucilage on the sea surface. The aim of this study is to
design an autonomous marine mucilage monitoring system for systems such as unmanned surface
vehicles (USV). We suggest monitoring the risky Marmara Sea continuously and recording some
of the key parameters using a USV. The onboard solution proposed in this study has an architect
based on a three-tier mucilage monitoring system. In the first tier, the sea surface is scanned with
camera(s) in a certain radius in real time. When mucilage-candidate areas are determined, the vehicle
is directed to this region autonomously. In the second tier, seawater in the region is measured in real
time with some onboard sensors, pH level, conductivity, and dissolved oxygen level. The third tier
is where real samples at three different depths are collected (if possible) for detailed posterior lab
analysis. We have compared image processing, CNN (ResNet50), kNN, SVM, and FFNN approaches
and have shown that the accuracy of our proposed mucilage classification method offers better and
more promising performance.

Keywords: marine mucilage monitoring; image processing; environmental remote sensing; sensor
fusion

1. Introduction

Mucilage is a phenomenon that is caused by several different macro-aggregates.
Marine snow and sea snow terms are also used for marine mucilage. Although it is
sometimes only possible to observe mucilage in deep water, it is also observed on the sea’s
surface very often as creamy or gelatinous substances [1]. An example of creamy marine
mucilage is given in Figure 1, and an example of gelatinous marine mucilage is given in
Figure 2. The area of each mucilage part on the sea’s surface can exhibit different sizes
within a wide range. The small mucilage parts can be observed frequently on sea surfaces;
however, the large ones can be observed at the time of mucilage bloom [1]. Nevertheless,
mucilage is a phenomenon of nature. There are some factors that increase the volume of
mucilage, such as high levels of industrialization, the increase in the usage of agricultural
chemicals, a substantial amount of fishing, and a high volume of marine traffic. If the
conditions are met, factors such as increasing temperatures or a change in wind speed can
provoke a mucilage bloom [1]. In the study of Komuscu et al. [2], it has also been shown in
detail that mucilage cannot be explained only by a change in meteorological conditions,
but a combination of other environmental factors and meteorological conditions can cause
the phenomenon of mucilage bloom [2].

There are several studies that monitor sea surfaces. Satellite-based data were used
in some of these studies [3–10]. Rasuly et al. [3] examined satellite images of the Caspian
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Sea’s coasts in their study. The authors proposed a method to determine the changes in
the water level on the coasts by evaluating satellite images [3]. Bondur et al. [4] examined
anthropogenic influences in the Mamola Bay region of Hawaii, USA, using sensor data
from different satellites [4]. Messager et al. [5] performed ocean monitoring using synthetic
aperture radar (SAR) data. One of the aims of the study targeted oil spill detection. A
support vector machine (SVM)-based classification has also been utilized for this process [5].
Ferreira et al. [6] used satellite data to monitor chlorophyll-a concentrations in the Western
Antarctic Peninsula. The authors proposed a custom algorithm and used machine learning
methods for this purpose [6]. Khan et al. [7] investigated satellite data to monitor glaciers.
They used SVM, ANN, and RF methods and compared the success of these methods to
their application [7]. Shen et al. [8] used satellite data to classify sea ice types. CNN,
k-nearest neighbor (kNN), and SVM are some of the methods used for this purpose. The
accuracy rates of the different methods used are provided comparatively [8]. Gokaraju
et al. [9] proposed a method that monitors harmful algal blooms in the US Gulf of Mexico
region using satellite-based sensor data. For this purpose, an SVM-based method was
developed [9]. Hereher investigated a system that monitors sea surface temperatures using
satellite image data [10]. There are also studies aiming to monitor marine mucilage, one
of the sea’s surface irregularities, using satellite data. Kavzoglu et al. [11] investigated a
method for describing mucilage areas using satellite-based photos. A random-forest-based
method was used to detect mucilage areas. The authors focused on finding differences in
the patterns on the sea’s surface due to the ship’s movements and marine mucilage [11].
Yagci et al. [1] also determined whether there was mucilage by using satellite images. In
the method they used, they made use of moderate-resolution imaging spectroradiometer
(MODIS) products that contained satellite images. A mucilage index was created by using
the green and blue pixel values of the sea images and the near-infrared (NIR) and short-
wave infrared (SWIR) values. The algorithm decides whether mucilage is present or not by
performing evaluations according to this index using the data coming from the satellite’s
images [1]. In the study of Cavalli [12], MODIS was also used. In that study, sea surface
temperatures were calculated using MODIS data [12]. Acar et al. [13] used image data
taken from satellites to monitor marine mucilage. Satellite data were retrieved from the
Google Earth Engine. Firstly, the authors used several indexes in order to mask clouds, such
as the normalized difference vegetation index (NDVI) and normalized difference water
index (NDWI). After that, the median filter was applied to the images. Using a supervised
random forest (RF) classifier, the mucilage and non-mucilage areas on the sea’s surface
were detected [13]. Another study that focused on marine mucilage detection using satellite
data was presented by Tassan [14]. In his work, the data of satellite-based and advanced
very high-resolution radiometers (AVHRR) were used to monitor floating mucilage parts
on sea surfaces [14].

Utilizing unmanned aerial vehicles is also a common method for detecting irregu-
larities on the sea’s surface and beaches. Pinto et al. [15] attempted to detect pollution
on Portuguese beaches. In the aforementioned study, the areas that are contaminated
with large-scale objects on the beach were determined by using different machine learn-
ing methods, which were classified according to their types. The authors added that
one of the aims of the study was to accurately direct cleaning personnel on beaches [15].
Goncalves et al. [16] collected images from Portuguese beaches in their study and investi-
gated the observed pollution elements in the images. This study also included contami-
nation detection with machine learning methods compared with manual contamination
detection using operators. CNN and RF methods were used as the machine-learning
methods. The authors proposed that machine-learning methods would yield better results
when the database grew and when the number of these types of studies increased [16].
Goncalves et al. [17] examined unmanned aerial vehicle images that they took from the
Portuguese beaches in their study. In the obtained data, they attempted to detect polluted
areas by using three different object-oriented machine learning methods, namely kNN,
SVM, and RF. In their comparison, the RF method produced more successful results among
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these three methods. It has been emphasized that the kNN method is an effective method
for non-experts due to its simplicity [17]. Fallati et al. [18] applied CNN-based deep
learning methods in their study. The images were obtained by using unmanned aerial
vehicles over the beaches of the Republic of Maldives. In that study, the researchers also
classified identified pollutants according to their types [18]. One of the problems that
have increased in recent years and threaten both nature and the economy is the jellyfish
problem [19]. Kim et al. [20] monitored jellyfish in the images obtained from unmanned
aerial vehicles using CNN-based classifiers. The authors stated that they achieved accuracy
values over 80 percent [20]. Narmillan et al. [21]. investigated UAV multispectral images
to monitor fields. The success of different machine learning methods was compared to
find the best accuracy [21]. Goncalves et al. [22] aimed to obtain three-dimensional image
data of coastal areas in their study. The main motivation of their study was to determine
the maintenance needs of rocky coastal groins. For this purpose, both UAV and terres-
trial laser scanning (TLS) systems were used, and the success rates of these systems were
compared [22]. There is also a study that used UAVs to image phaeocystis globosa algal
bloom, which exhibits a gelatinous appearance that is similar to the mucilage that it can
take on from time to time [23]. Using hyperspectral imaging, regions of high algal bloom
were identified by UAVs [23]. Manned aerial vehicles were also used to monitor marine
mucilage. Zambianchi et al. [24] monitored marine mucilage on sea surfaces using manned
aircraft to classify regions as those with mucilage and those without mucilage. Red, green,
and blue (RGB)-based thresholding algorithms were used [24].

Unmanned/manned surface vehicles are commonly used for marine fauna monitor-
ing [25,26]. Tian et al. [27] observed sea ice with the data they collected from the boat
in their study. Since the detections made with the naked eye take a long time and are
expensive, the authors have developed an algorithm to automate this task. Images taken
from the surface vehicle have benefited from methods such as support vector machine
(SVM) and random forest (RF), and they achieved successful results over four out of five. It
was stated by the authors that this rate increased with the addition of different machine
learning methods [27]. Cao et al. [28] investigated an USV to monitor quality of sea water.
Data of total dissolved solids, pH and turbidity are used to decide the quality of water
in that study [28]. Dabrowski et al. [29] processed data, taken from satellite, unmanned
aerial vehicle (UAV) and USV together and observed the tombolo phenomenon in Sopot,
Poland [29]. Specht et al. [30] investigated a bathymetric monitoring system for shallow
waterbodies. Both UAV and USV are used in that system. For data processing several
methods including artificial neural networks (ANN) are used [30]. Papachristopoulou
et al. [31] observed a beach in Greece by surface vehicle and collected images with the
cameras they placed on it. The authors evaluated the images they collected and observed
the pollution on the beach [31]. Wang et al. [32] developed an unmanned surface vehicle
to quickly detect incident of spill and collect spilled oil. This vehicle is equipped with 8
different cameras. The data collected by the camera is transferred to the central station via
wireless Local Area Network (LAN). Data is processed in the center and determination is
made also there [32]. Dowden et al. [33] examined the sea ice images that are collected on
the ice-broken ship. Authors used two different neural networks methods to monitor sea
ices namely Segmentation Network (SegNet) and Pyramid Parsing Network (PSPNet101).
The PSPNet101 is combination of several methods, one of which is based on convolutional
neural network (CNN) [33].

Mucilage-affected areas have been monitored using different sensors, such as tem-
perature sensors, a pH meter, and dissolved oxygen meters, and this involves monitoring
changes in the quality of seawater induced by marine mucilage [34]. Seiber et al. [35]
investigated a Zigbee-based buoy network to monitor the seas for marine mucilage. Buoys
are used to measure temperature, which is one of the symptoms indicating marine mu-
cilage [35]. Martin et al. [36] conducted a study on the data of several sensors on buoys
in the Ligurian Sea, and these sensors included temperature or salinity sensors. The data
were collected during the period when the mucilage’s density increased in the Ligurian



Sustainability 2023, 15, 3340 4 of 28

Sea and included data collected by other researchers during a period when similar events
occurred in the Adriatic Sea; these data were compared. Similarities between the data were
also described in the study [36]. In addition to these measurements, samples taken from the
sea could also be investigated by using microscopes and other sensors. Ohman et al. [37]
investigated a study to analyze samples from the sea using optical zoom capability devices.
Different types of zooplanktons and mucilage, also known as sea snow, were detected [37].
Totti et al. [38] investigated samples from the sea that were collected from the same loca-
tions but at different times: at the time of mucilage bloom and when there was no mucilage.
The samples were investigated, and the number and types of plankton were calculated and
noted, respectively. In addition, other sensors were used to detect the values of chemicals
that were observed in marine mucilage samples by measuring phosphate (PO4) and silicate
(SiO4) values [38]. Giani et al. [39] collected marine mucilage samples from the Northern
Adriatic Sea. In the location where the data were collected, some parameters such as
temperature, pH, and dissolved oxygen were measured. In addition, the collected data
were investigated for their chemical content in the laboratory [39].

Mucilage not only harms the economy by decreasing income from recreation, fishing,
and tourism, but it also harms ecology due to the low levels of dissolved oxygen that
are observed during mucilage bloom. It affects the food chain of marine fauna [40]. The
negative effects of mucilage increase the mortality ratio of different species and are in an
extreme manner [40–42]. In addition, at the time of mucilage bloom, there is a record of the
number of opportunistic species, such as ostracods [43]. Moreover, mucilage also harms
the filters of ships; through them, seawater flows into the cooling system of the ship [44].

It is important to solve the aforementioned conditions that occur in order to decrease
the volume of mucilage. Moreover, it is also important to prevent marine mucilage on
the sea’s surface at the time of mucilage bloom [40]. Collecting mucilage parts on the sea
surface helps increase the dissolved oxygen level in the sea[40]. In addition, stopping
fishing operations at the time of mucilage bloom can also be useful since fish can eat
mucilage [40,45]. Using beneficial bacteria is another way to prevent marine mucilage [46].
For such reasons, it is important to monitor marine mucilage and detect its locations.

Figure 1. Creamy marine mucilage (Istanbul Anatolian Side, Marmara Sea, June 2021).
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Figure 2. Gelatinous marine mucilage (Istanbul Anatolian Side, Marmara Sea, March 2021).

The goal of our study is to improve a system for monitoring marine mucilage on sea
surfaces autonomously. There are different ways to monitor marine mucilage, such as using
satellite-based or unmanned aerial vehicles (UAV)-based monitoring methods in addition
to applying unmanned/manned surface vehicle-based monitoring. However, surface
vehicles have the capability to struggle against marine mucilage when using different
methods, as explained in the previous paragraph. It is possible to use UAVs to detect
mucilage regions and to divert unmanned surface vehicles (USVs) to this region. However,
performing both monitoring marine mucilage and preventing it using only one vehicle is
more of an economical solution. For this reason, a single USV is accepted as a user of our
investigated system. Three different measuring methods are developed in this study for
USVs to monitor marine mucilage. First, the USV checks the areas on its route by taking
images of the sea’s surfaces. Areas in the images are classified as mucilage candidate areas
and non-mucilage areas. If mucilage-candidate areas are identified, the USV is directed
to that region. After reaching the mucilage-candidate region, the USV collects data using
its sensors, such as a pH meter, dissolved oxygen level sensor, and electrical conductivity
sensor. The USV also collects samples from mucilage-candidate areas for analysis either on
the USV itself or at the base station by using other sensors or microscopes. This analysis
is applied as a useful tool for detecting marine mucilage in suspicious scenarios. Using
different types of sensing methods increases the accuracy of detection for the mucilage. In
addition, identifying mucilage-candidate regions primarily by using image analysis and
directing the USV to those regions also saves time and energy.

2. Materials and Methods

The main goal of this study is to investigate a marine mucilage monitoring system.
For this goal, a three-stage marine mucilage monitoring system was used in this study. The
stages of the system are described below and shown in Figure 3.

• The sea surface is scanned with a camera operating within a certain radius and photos
are taken. The mucilage-candidate areas are determined using image processing, and
the USV is directed to mucilage-candidate areas.

• Seawater in the region is measured using the onboard sensors of the surface vehicle.
• The sea is monitored by using microscopes or other sensors via taking samples from

the marine mucilage-candidate areas. These samples are evaluated in the laboratory.

The methods mentioned above are explained in the order of their application.
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Figure 3. The stages of the investigated marine mucilage monitoring system.

2.1. Monitoring Sea Surface Using Images Taken from Surface Vehicles

Different methods have been proposed for taking pictures of the sea’s surface with
the camera placed in the USV and to search for mucilage from the photographs taken
by that camera. Before this examination was made, pre-processing steps were necessary
if the photographs were to also capture images in addition to the sea’s surface; in other
words, the photographs could also include the sky. With these pre-processing steps, the
horizon line between the sea and the sky was determined. There are many studies focused
on determining the horizon line [47]. Let us briefly explain the method proposed by Sun
et al [48] for USVs. In the described method, a horizon line determination method was
developed using the line segment detection (LSD) [49] algorithm. The lines in the LSD
algorithm include parts of the horizon as well as regions such as islands and ships. In order
to prevent this, lines belonging to the horizon line were delineated by making use of the
morphological structure and color pattern of the horizon line in the aforementioned study.
Then the horizon line was defined by applying rectangle approximation [48].

After the sea’s surface was determined, mucilage areas were then searched for in these
images. Different methods have been applied to this search process. One of the methods
involves applying an original RGB-based thresholding method developed by the authors
of this study. Apart from this, CNN, kNN, SVM and feed-forward neural network (FFNN)
methods were also applied. The methods applied and the results achieved are explained in
the subsections of this paper.

The data used to develop the described methods were drawn from vessels navigating
the Sea of Marmara. Figures 4–6 are some examples of the photographs used. Some of the
photographs in this data set contain marine mucilage, and some do not.
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Figure 4. Marine mucilage with wave foam (Istanbul Anatolian side, Marmara Sea, June 2021).

Figure 5. Marine mucilage with wave foam (Istanbul Anatolian side, Marmara Sea, June 2021).
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Figure 6. Wave foam without marine mucilage (Istanbul Anatolian side, Marmara Sea, June 2021).

2.1.1. RGB-Based Marine Mucilage Monitoring Method

Images of sea surfaces with and without mucilage were examined. These images were
taken from different regions and at different periods with respect to daylight intensity.
Mucilage and non-mucilage samples were randomly taken samples from the obtained
photographs. However, as observed in Figure 4, it is quite possible that the wave foam and
mucilage formed as a result of the movement of the surface vehicles in the same image. It
is important to distinguish between the wave foam created by the USVs (that the system
intends to use) and the wave foam created by other surface vehicles.

Sunlight has an important effect on photographs taken from the sea surface. To avoid
this effect, normalization was applied to the images of sea surfaces. After normalization,
the images were transformed into binary images. In binary images, white pixels indicate
mucilage-candidate areas. The results were obtained when this developed method was
applied to Figures 4–6, and the results are shown in Figure 7. The developed RGB-based
method is detailed in Appendix A.

Figure 7. Results of the RGB-based method applied to Figure 4 (a), Figure 5 (b), and Figure 6 (c).

2.1.2. Resnet-50 Based Marine Mucilage Monitoring Method

Artificial intelligence methods are widely used for the classification and detection
of objects in image processing [50]. The accuracy level of convolutional neural networks
(CNN), which is one of the artificial intelligence methods, is accepted as satisfactory in the
field of image analysis [50]. CNN-based object classifying applications have a wide range
of applications, such as face recognition, object detection on motorways, or vessel detection
in maritime environments [50–52]. There are different layers inside CNNs, which include
the input layer, convolution layer, and pooling layer, which is typically activated by the
rectifier linear unit layer and fully connected layer [50].
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Many neural network systems are focused on deeper learning. However, the deeper
the learning, the more successful results do not necessarily follow. Resnet, the name of
which comes from the unification of residual and network, illustrates this phenomenon.
The main goal of Resnet is to produce more permanent results in image applications, such
as object classification [50]. The Resnet-50 method, which was investigated by He et al. [53],
was applied in this study to detect non-mucilage and mucilage-candidate regions. For this
purpose, the images of the sea surfaces were divided into small regions in 150 × 150 pixels.
These regions are presented to the previously trained Resnet-50 network. The regions
determined as mucilage by the network as a result of classification are accepted as mucilage-
candidate regions. The training data were randomly selected from the regions with and
without mucilage, and the data set comprising 4100 mucilage and 4100 mucilage-free
photographs was tested. One-third of these photographs were randomly selected as test
data, and the remaining photographs were used as training data. The results are described
in the next chapter.

2.1.3. kNN Based Marine Mucilage Monitoring Method

The k-nearest neighbor algorithm is a pattern classification method, and is widely used
as a classifier [54]. This algorithm measures the distance between unlabeled observations
and the sample data. Using the result of this measurement determines the class to which
the observation’s results belong. The simplicity, high success rate, and well-known nature
of the kNN algorithm make it a popular algorithm. The number of parameters used in the
kNN algorithm can be determined according to the size of the preferred training data [55].
The kNN algorithm can use different distance measurement methods including Euclidean
and Manhattan distances [56]. Prasath et al. suggested that both methods work with similar
accuracies [55]. The basic working algorithm of the kNN method is as follows. According
to the distance metric chosen, the training data located within the neighborhood of the
determined k value of the sample (test sample) to be classified are verified. Depending on
the class that has more training samples in this k neighborhood, the relevant test sample is
determined as belonging to that class [55,57]. The kNN algorithm has a huge usage area.
An example of this is the classification of the different color space information data with
respect to polluted and clean areas on the beaches using the kNN algorithm [17].

In this study, luminance-based YCbCr, perceptually uniform (CIE-Lab), and hue-based
(HSV) color spaces are also used in addition to the RGB color space to increase the accuracy
of classification. A data set was created from 15 × 15 visuals of regions with and without
mucilage. R, G, B, Y, Cb, Cr, H, S, V, CIE-L, CIE-A, and CIE-B values of 225 pixels in these
15 × 15 images were averaged within themselves. A sequence of values calculated in this
manner represents an example. A number of 1125 samples with mucilage and 1125 samples
without mucilage were randomly selected. Care was taken to include both the sea surface
alone and the sea surface samples containing wave foam in non-mucilage samples. In
addition, samples taken under different daylight conditions were included in both training
data groups. These examples are presented to the kNN algorithm in two ways. In the first
method, predetermined data involving 1800 instances were used as training data, 450 ones
of data were used as test data, and the result was obtained. In the second method, 10%
of the training data were randomly allocated as test data, and all data were used as both
training and test data by subjecting them to 10-fold cross-validation. For both methods, the
k-value of the kNN algorithm was chosen as 5. The results are provided in the next chapter.

2.1.4. SVM Based Marine Mucilage Monitoring Method

The support vector machine is a classification method that aims to distinguish data
into two classes. The aim is to maximize the distance between the classes in their separation
from one another. An abundance of distinctive planes can be created in the distribution of
data into the two classes. Here, the plane that maximizes the distance between the most
remote elements of the separated classes is chosen as the distinctive plane [58,59]. Similar
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to the kNN application, the samples are presented to the SVM algorithm using the two
methods described above. The results are provided in the next chapter.

2.1.5. Feed Forward Neural Network Based Marine Mucilage Monitoring Method

A feed-forward neural network (FFNN) is a commonly used artificial neural system
that comprises multi layers. The first layer is an entry point of inputs into the system [60].
In feed-forward neural networks, the cells are arranged in layers, and the outputs of cells
in one layer are input to the next layer via weights. The network output is determined by
processing information in the middle and output layesr. With this structure, feed-forward
networks perform a non-linear static function. It has been shown that a 3-layer FFNN can
approximate any continuous function with the desired accuracy, provided that there are
a sufficient number of cells in its middle layer [61]. A 3-layer FFNN consists of an input
layer, an output layer, and a hidden layer [61]. An example of this type of FFNN is given in
Figure 8. In this study, a 3-layer FFNN was used. The input layer received 12 different data
instances, while the output layer projected the incoming data into two separate classes:
mucilage-candidate and non-mucilage.

Figure 8. An example of 3-layer FFNN.

2.1.6. Comparison with Other Data Set

In the literature, as observed thus far, we have not discovered data sets used in
publications targeting the processing of mucilage images taken from marine vessels. For
this reason, and as a focus of this study, we examined studies focused on processing images
taken from marine vessels and investigated the data set used in those studies.

For the classification of sea ice species, the work studied by Dowden et al. [33] was
chosen as a comparative case study. In that study, the data set was created with screenshots
taken from an icebreaker ship operating in Antarctica and from a video uploaded on
YouTube at youtu.be/BNZu1uxNvlo [33]. In a related study, images in this data set were
subjected to multiple classification operations, and they were classified as the ocean, first-
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year ice, gray ice, new ice, etc., and divided into classes. From the aforementioned YouTube
video, 150 × 150 pixel images were created in 2 different groups, 320 of which contained
only first-year ice and 320 images containing parts of the ocean, gray-ice, or new ice. In
both groups, 80% of the data set was used for training, and 20% of the data set was used
for testing. Comparing that study with ours will not yield meaningful results due to the
different methods used, the different number of classes, etc. The purpose of using this
dataset was to demonstrate that only the classification proposed by us is acceptable. The
PSPNet101 method used in the aforementioned study is a method developed from the
Resnet method [33]. In this respect, the results of the Resnet-50 method used in our study
and the average results of the PSPNet101 method used in the aforementioned study are
provided together in the next section.

In addition, the method suggested by Tian et al. [27] is also discussed. In their
method, sea ice was searched in sea surface images using the SVM method, similar to other
methods [27]. On the above-mentioned data set, pixels containing sea ice were searched
for using the SVM method. The results are provided in the next section. Similarly to the
previous method, it is meaningless to compare directly the results found by us in this
method with the results in the mentioned work. The purpose of performing the application
and providing the results in this data set is to show that the procedure is in accordance
with studies in the literature and that the success rate is within acceptable limits.

The results are provided in the next section.

2.2. Marine Mucilage Monitoring Using On-Board Sensors

In 2021, samples were taken from the Marmara Sea, Istanbul, Anatolian Side, dur-
ing the mucilage bloom period and during the normal period. The samples taken were
measured with pH meters and electrical conductivity sensors. These measurement results
were compared with the study van Eenennaam et al. [34]. Two artificial samples were also
created to compare with the measurements made. In the first artificial sample, a natural
acidic substance was added to standard seawater until it brought the pH level of this
seawater to that of mucilage seawater. In the other artificial sample, a basic substance was
added to the standard sample. With the basic substance added, the electrical conductivity
of this sample was ensured to be equal to the mucilage sample. Measurements were made
with the 86031 AZ IP67 model instrument of AZ Instrument Corp.

The samples used in the measurements are summarized in Table 1.

Table 1. Samples used in the measurements via onboard sensors.

Sample Number Sample Type

Sample-1 Istanbul Anatolian Side Standard (Mucilage-Free) Sea Water
(IASSSW)

Sample-2 Istanbul Anatolian Side Mucilage Sea Water
Sample-3 Sea Water (IASSSW) + Acidic Waste (Soluble in Sea Water)
Sample-4 Sea Water (IASSSW) + Basic Waste (Soluble in Sea Water)

2.3. Marine Mucilage Monitoring Using Microscopes

In this study, it was predicted that a USV tasked with mucilage monitoring had
the ability to take samples in addition to performing image processing and possessing
measurement capabilities using onboard sensors. The samples discussed here can be
measured with an in-vehicle microscope that is capable of autonomous focusing, or the
samples can be measured in the laboratory to which they are taken. There are studies in the
literature regarding this topic. For example, Ohman et al. determined the plankton species
and mucilage by using a sampling device and FLIR camera attached to the USV [37].

In this study, a very low-cost JWIN JM-452M model microscope with 100×, 400×,
and 1200× optical zoom features was used only in the 100x mode. A lower specification
microscope was preferred as the goal was only to determine if mucilage was present. The
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data set used in this study consists of 35 mucilage and 35 non-mucilage microscope images.
Some sample images are provided in Figure 9 and in Figure 10. The aforementioned data
were processed using two different methods, and a distinction between mucilage-candidate
sea water and non-mucilage sea water was attempted. The first of the methods was based
on RGB-based thresholding. As for the second method, the CNN-based Resnet-50 method
was used.

Figure 9. Microscope image sample of sea-water with marine mucilage.

Figure 10. Microscope image sample of sea-water without marine mucilage.

2.3.1. RGB Thresholding Based Marine Mucilage Monitoring Method Using Microscope

In this study, a method was proposed for the determination of mucilage-candidate and
non-mucilage samples by using the grayscale pixel values of the pixels. When performing
this step, the arithmetic means and mean square error methods were used, and thresholding
was conducted.

First of all, the related photos were converted into grayscale. Then, the pixels sur-
rounding the image from the lens in the photograph and the border regions of the lens with
these black surrounding pixels were identified and separated. The remaining pixels were
then averaged. The average is the first parameter. As for the second parameter, the value
was obtained by dividing the mean by the value of the relevant pixel. For each pixel in this
picture, this value was calculated by the mean square error method. The mean grayscale
and the mean square error values were evaluated together to decide whether the picture
belonged to the mucilage-candidate or non-mucilage category. The pseudo-code of this
account is provided in Figure 11. The results are described in the next section.
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Figure 11. The pseudo-code of RGB-based decision method using microscope images for marine
mucilage.

2.3.2. Resnet-50 Based Marine Mucilage Monitoring Method Using Microscope

The Resnet-50 method, which is a CNN-based method, was explained in Section 2.1.2.
Here, 24 data instances comprising both types (mucilage-candidate/non-mucilage) were
reserved for training and 11 for testing purposes. The test’s results are explained in the
next section.

2.4. Marine Mucilage Monitoring via Fusion of Image Processing and Onboard Sensors

Data fusion is created by bringing together different sources and is applied in many
areas where the information flow from different sources is provided. Birogul et al. explained
data fusion as a method of combining data flowing from many different sensors in order
to conduct better evaluations than using data received from only one sensor [62]. Sensor
fusion is also a subfield of data fusion. The use of different types of sensors observing the
same event and the evaluation of the information received from different sensors together
is called sensor fusion [63]. The data collected from different sensors are evaluated together
with various static and dynamic methods. Autonomous vehicle applications can be given as
an example of sensor fusion applications [64]. In the cases where the antenna used is quite
large, it becomes difficult for humans to observe these antennas and to monitor discrete and
instant information, which increases the need for sensor fusion [65]. In addition, obtaining
better classification results and providing a more robust approach are among the reasons
why sensor fusion is the preferred method [66].

In the fusion scenario of this study, a USV that is on patrol both takes a picture of the
area it travels through during its route and receives onboard sensor data related to this area;



Sustainability 2023, 15, 3340 14 of 28

the data are subjected to sensor fusion processes. For this goal, RGB photos with the size
of 150 × 150 pixels and data from onboard sensors were fused and given to the Resnet-50
network, increasing the success rate. While doing this, the data received from the dissolved
oxygen sensor was multiplied by 10 (in mg/L), then the calculated value was rounded to
an integer and the first parameter value was found. Similarly, the second parameter value
was calculated by multiplying by 10 the data received from the pH sensor. Finally, the
data obtained from the electrical conductivity sensor were rounded to an integer, and the
third parameter was obtained. All three parameters are converted to images with a size
of 150 × 25 pixels separately. The R, G, and B parameters of all pixels of these images are
assigned the same value. Images derived from these three parameters were combined with
150 × 150 pixel images. Examples of the combined pictures without mucilage are provided
in Figure 12. Moreover, examples of the combined pictures with mucilage are provided in
Figure 13.

Figure 12. Examples of the combined pictures without mucilage.

Figure 13. Examples of the combined pictures with mucilage.

A new data set of 8200 photographs were created by adding sensor data to 4100 mu-
cilage and 4100 mucilage-free photographs. Of this data set, 66% of photographs were
allocated as training data and 34% of photographs as test data and given to the Resnet-50
network. The results of these data are provided in the next chapter.
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2.5. Marine Mucilage Monitoring Using Other Methods

With USVs, marine mucilage monitoring can be performed with different methods
than those mentioned above. Although the three-step method described in this study pro-
vides sufficient accuracy for marine mucilage monitoring, in our opinion, some alternative
methods are also explained here.

2.5.1. Marine Mucilage Monitoring Method Using Turbidity Sensor

Turbidity data can also be used to measure mucilage. There is a study showing that
turbidity increases during mucilage bloom [2]. The turbidity levels of standard seawater
were compared with the sample taken during the mucilage bloom period in the Marmara
Sea. In the comparison, it was observed that mucilage seawater had 3% more turbidity.

The turbidity sensor used in this study is the DF Robot SKU SEN 0189 model turbidity
sensor [67]. This sensor has two plastic waterproof protrusions. These two protrusions
form a channel between them that allows water to flow. One of the protrusions has an
LED, and the other has a photo-transistor. Depending on the turbidity of the water, the
light intensity falling on the photo-transistor changes, which affects the output voltage.
The output voltage is read in the analog-to-digital converter, and the turbidity difference
between the samples is thus obtained.

2.5.2. Marine Mucilage Monitoring Method Using Phosphate Measuring

It is known that the increase in nutrient-loaded wastes released into seawaters trig-
gers ecological events that cause mucilage [2]. For this reason, we expect high levels of
substances considered as nutrient load in the mucilage water. This can also be observed in
the literature [38]. Mucilage and non-mucilage seawater samples collected within the scope
of this study were measured in terms of different components. We performed comparisons
with respect to these components. Phosphate was mostly observed in different amounts in
both the mucilage and non-mucilage samples, and the amount of phosphate in the mucilage
sample was much higher. Phosphate measurements comprise one of the methods that can
be used to determine mucilage-candidate regions, and this is consistent with other studies
in the literature.

3. Results
3.1. Results for Marine Mucilage Monitoring with Sea Surface Images
3.1.1. Results for Resnet-50 Method on Sea Surface Images

First, the data were divided randomly into 512 training data and 128 test data instances.
The number of samples with and without mucilage was equal in both groups. For this
experiment, precision (P), recall (R), and F-Score (F) values were calculated. The formulas
used to calculate these values are provided below[17]:

P(%) =
TP

TP + FP
× 100 (1)

R(%) =
TP

TP + FN
× 100 (2)

F(%) = 2
PR

P + R
× 100 (3)

The results are provided in Table 2.

Table 2. Results of Resnet-50 algorithm for 512 training samples and 128 test samples.

Algorithm TP FN FP P(%) R(%) F(%)

Resnet-50 56 8 2 96.55 87.50 91.80
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3.1.2. Results of kNN, SVM and FFNN Algorithms

Classification using kNN, SVM, and FFNN algorithms was tested in two different
methods. First, the data were divided into 1800 samples of training data and 450 samples
of test data. The number of samples with and without mucilage was equal in both groups.
After true-positive, true-negative, false-positive, and false-negative values were found,
precision, recall, and F-Score values were calculated. The results are provided in Table 3.

Table 3. Results of kNN, SVM and FFNN algorithms for 1800 training samples and 450 test samples.

Classifier TP FN FP P(%) R(%) F(%)

kNN 214 11 17 92.64 95.11 93.86
SVM 213 12 26 89.12 94.67 91.81

FFNN 214 11 13 94.27 95.11 94.69

As described in Sections 2.3–2.5, 10-fold cross-validation was also performed with
kNN, SVM, and FFNN algorithms. The result of each cross-validation was averaged. These
results are provided in Table 4.

Table 4. Mean results of kNN, SVM, and FFNN algorithms for 2250 samples in a 10-fold cross-
validation scheme.

Classifier TP FN FP P(%) R(%) F(%)

kNN 106.9 5.6 5.2 95.36 95.02 95.19
SVM 106.2 6.3 4.1 96.28 94.22 95.24

FFNN 109.4 3.1 5.2 95.46 97.24 96.34

3.1.3. Results of Using Methods in Other Data Set

First of all, the results of the classification study on the sea-ice data were obtained
from the YouTube video (provided as the dataset source by Dowden et al. [33]). Since the
Resnet-based PSPNet101 method was used in the aforementioned study, those results are
also shared in Table 5. The metrics used are provided below:

Accuracy =
TP + TN

TP + FP + TN + FN
(4)

FPRate(FPR) =
FP

TN + FP
(5)

FNrate(FNR) =
FN

TN + FP
(6)

At the same time, the SVM method was used in the sea-ice study conducted by Tian
et al. [27]. In Table 5, the results obtained with the kNN and SVM method for the sea-ice
classification are shared. As explained in Section 2.1.6, it is not meaningful to directly
compare the results here with those in related publications. The aim is only to explain that
the applied classification method is also used in studies that classify differences on sea
surfaces and in the images taken with surface vehicles and to state that the results that we
found were within acceptable limits.
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Table 5. Results of sea-ice classification explained Section 2.1.6.

Sample
Number

Sample
Type

Classifier TP FN FP P(%) R(%) F(%) FPR FNR Accuracy

SVM 209 10 16 92.89 95.43 94.14 0.0692 0.0457 0.9422
Resnet-50 63 4 1 98.43 94.03 96.18 0.016 0.0597 0.9609
PSPNet101

of [33] - - - - - - 0.005 0.077 -

SVM
Result of

[27]
- - - - - - - - 0.8

3.2. Results of On-Board Sensors

The sensor results specified in Section 2.3 are classified and explained by sensor type.
In addition, comparisons of these results with those in the literature are provided in the
next chapter.

Dissolved oxygen level values of samples are given in Table 6.

Table 6. Dissolved oxygen level values of samples.

Sample Number Dissolved Oxygen Level (mg/L)

Sample-1 5.2
Sample-2 3.6
Sample-3 5.3
Sample-4 4

The pH measurement results of samples are provided in Table 7.

Table 7. pH measurement results of samples.

Sample Number pH Level

Sample-1 8.25
Sample-2 7.03
Sample-3 7.04
Sample-4 10.2

The electrical conductivity measurements of samples are provided in Table 8.

Table 8. Electrical conductivity measurement results of samples.

Sample Number Electrical Conductivity (mS)

Sample-1 36.4
Sample-2 44
Sample-3 37
Sample-4 43

3.3. Results for Marine Mucilage Monitoring with Microscope Image Data

The results obtained when the RGB-based method and the Resnet-50 method were
applied to 35 with marine mucilage and 35 non-mucilage photographs are provided in
Table 9. In the Resnet-50 method, 24 images from both groups were used for training, and
11 photographs were used for testing purposes.
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Table 9. Results of classification of microscope photographs for marine mucilage.

Classifier TP FN FP P(%) R(%) F(%)

RGB-
Based 34 1 1 97.14 97.14 97.14

Resnet-50
Based 10 1 1 90.9 90.9 90.9

Due to the scarcity of data subject to classification, the success of the Resnet-50 method
was considered low, and we predict that if the data set is enlarged, the success rate will
be higher, similar to the work conducted in this study, for which its results are shown in
Table 2.

3.4. Results of Marine Mucilage Monitoring via Fusion of Image Processing and Onboard Sensors

In total, 4100 with mucilage and 4100 without mucilage images, which contain images
and information about three different onboard sensors, were inputted into the Resnet-50
Network. Of these images, 66% were used for training, and 34% were used for testing
purposes. The results produced by the network are provided in Table 10.

Table 10. Results of Resnet-50 algorithm for 5412 training samples and 2788 test Samples for fusion
images.

Classifier TP FN FP P(%) R(%) F(%)

Resnet-50 1176 218 34 97.87 98.85 98.34

4. Discussion

The application of unmanned surface vehicles is becoming increasingly common. In
this study, it was predicted that unmanned surface vehicles could be used to monitor marine
mucilage, which has become a common problem in many countries in the Mediterranean
Basin, especially in Turkey. The support of a project for the use of UAV and USV together
in the struggle against marine mucilage by an institution of the Turkish State also supports
this previous assertion [68]. Unmanned surface vehicles can collect marine mucilage from
the sea surface when mucilage blooms, in addition to monitoring mucilage. A three-stage
mucilage determination system was envisaged to fulfill this task.

In the first step, the areas suspected of comprising mucilage were determined by
using image processing. In this study, the image-based mucilage detection application was
implemented using five different methods. All applied methods have been sufficiently
successful and are preferred. The highest success rate was obtained by the FFNN method.
Since the FFNN method has the highest success rate, using the FFNN method in the first
stage (image processing) is strongly recommended if a computer with sufficient processing
capability is available on the USV. In the second step, parameters such as pH, electrical
conductivity, and dissolved oxygen level were measured in areas suspected of containing
mucilage. In the literature (for example, in [34,40,42]), it has been stated that mucilage
causes a decrease in oxygen levels in the seawater. Therefore, these measurements, provided
in Table 6, are in line with studies in the literature. In addition, in the literature (for example,
in [34]), it has been stated that mucilage causes a decrease in the pH level in seawater.
Therefore, these measurements provided in Table 7 are in line with the studies in the
literature. It has been explained in the literature that similar salinity levels were observed
in the two different seas of the Mediterranean Sea during the mucilage bloom period:
the Adriatic Sea and the Ligurian Sea [36]. Therefore, it can be expected that the salinity
level will change during the mucilage period, and accordingly, electrical conductivity
will change. In this respect, it can be said that the information provided in Table 8 is in
accordance with the literature. The use of three different sensors allows the separation of
with-mucilage seawater not only from non-mucilage (standard) seawater but also from
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seawater contaminated with the heavily acidic or heavily basic matter. This situation is
shown in Tables 6–8. Sample 3 in these tables represents an intensely acidic pollutant, and
Sample-4 represents an intensely basic pollutant which is described in Section 2.2. As a
third step, samples were taken from the area suspected of containing mucilage, and the
samples were examined under a microscope in the laboratory. Two different methods were
used in this study. The success rates of the proposed methods are at an acceptable level.
However, using the RGB-based method is recommended since the microscope examination
is performed under controlled conditions.

In addition, two studies on the search for sea ice on the sea’s surface were also
discussed for comparison purposes. In the comparison, it is observed that the methods
applied here can also be used in alternative monitoring applications on the sea’s surface.
There are studies that detected sea ice on the sea’s surface for manned or unmanned
surface vehicles or observed pollution such as oil spills. For marine mucilage, studies
have been conducted to determine marine mucilage with images taken from satellite or
manned/unmanned aerial vehicles. In this study, unlike previous studies, we aimed to
monitor marine mucilage areas for unmanned surface vehicles. Our results were compared
with other studies in Section 3.1.3 that focused on classification of the sea’s surface. We
show that our results are within the acceptable range.

In this study, it was assumed that image acquisition, onboard sensor usage, and
sample-taking processes were carried out in appropriate meteorological conditions. Under
adverse meteorological conditions, it may be necessary to establish a number of supporting
mechanisms so that the specified measurements can be made with acceptable accuracy.
This issue will be addressed by the authors in future studies. Another possible scenario,
which takes pictures and collects onboard sensor data on a determined patrol route, is
considered, and in this scenario, the images taken from the camera are combined with
three different onboard sensor data and entered into the Resnet-50 Network. The results
produced by the network have a very high success rate. Therefore, it is possible to consider
that this method is quite useful and successful when the USV is required to follow a certain
route continuously in its search for mucilage.

The authors of this study intend to develop an unmanned surface vehicle for mucilage
monitoring and collection or intend to participate in studies conducted for this purpose in
the near future. We also aim to design the underwater scanning features with mucilage in
mind in addition to the surface mission requirements.
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Abbreviations

The following abbreviations are used in this manuscript:

MDPI Multidisciplinary Digital Publishing Institute
USV Unmanned Surface Vehicle
UAV Unmanned Aerial Vehicle
kNN k-Nearest Neighbor Algorithm
SVM Support Vector Machine
FFNN Feed-Forward Neural Network
RGB Red-Green-Blue
CNN Convolutional Neural Networks

Appendix A. RGB-Based Marine Mucilage Monitoring System

As observed in Figures 4 and 5, mucilage usually forms in shades of orange. The RGB
pixel values of the orange color are 255, 165, and 0, respectively [69]. Wave foam, on the
other hand, usually consists of white color tones. The RGB pixel values of the white color
tones are 255, 255, and 255, respectively [70]. As it can be understood from the values given,
the red pixel value in orange, which is the dominant color in mucilage, is the highest, while
the blue pixel value is the lowest. If the wave foam is the dominant white color, the values
of the RGB pixels are equal.

Sunlight is a parameter that is effective in images taken from the sea surface. As shown
in Figure 6, it is observed that sea foam, which is white in normal conditions, took on a
color close to orange. However, the effect of sunlight was observed not only in the sea foam
but also in the overall image of the sea’s surface.

Let us consider Figure A1 to better understand this point. Both images in the corre-
sponding figure are taken from the same surface of the Sea of Marmara, which is free of
mucilage and free of sea foam. However, these photos were under during different daylight
conditions. The average red pixel value, average grayscale pixel value, and the ratio of
these two values for the photographs in Figure A1a,b are provided in Table A1.

Figure A1. Marmara Sea surface under different light conditions. (Cloudy weather conditions in (a)
and sunny weather conditions in (b)). Both photos are 150 × 300 pixels in size. (Istanbul Anatolian
side, Marmara Sea, June 2021).
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Table A1. The average red pixel value, average grayscale pixel value, and the ratio of these two
values for the photographs in Figure A1a,b.

Photo Average Red Pixel
Value

Average Grayscale
Pixel Value

Average Red Pixel
Value / Average
Grayscale Pixel

Value

Figure A1a 182.794 178.695 1.023
Figure A1b 152.714 165.445 0.928

In this study, a normalization was applied to the red pixel value in order to minimize
the effect of sunlight on the thresholding process. As a result of the experiments, the
following equation was derived as the best practice.

Rnormalized = Red ∗ (−0.7 ∗ Rmean/Grayscalemean + 1.65) (A1)

In Equation (A1), Red symbolizes the red pixel value, Rnormalized symbolizes the nor-
malized red pixel value, Rmean symbolizes the mean of the red pixel value of the sea surface
image, and Grayscalemean symbolizes the mean of the grayscale pixel value of the sea
surface image. In order to model the USV, a unique data set consisting of mucilage/without
mucilage and wave foam/wave foamless sea surface photographs taken on the surface
vehicle was created. In total, 39 samples were selected as those with mucilage, and 39 sam-
ples were selected as those with wave foam from photographs that were randomly selected
from the data set and that contained wave foam and/or mucilage. The R, G, B, grayscale,
R/G, R/B, and G/B values of these samples were examined. The pixel with the highest
orange value, which is dominant in mucilage, is the red pixel. It is known that the greatest
difference between white, which is dominant in the wave foam, and orange colors is in
the blue pixel. Therefore, it can be predicted that using the red pixel value and the R/B
ratio will produce good results in mucilage detection and the separation of mucilage from
wave foam.

In the literature, it is stated that gelatinous surface mucilage, which is one of the most
common mucilage types seen on the sea surface, has yellowish and brown color tones [71].
In both colors, the red pixel value is dominant, and the R/B ratio is considerably higher
than the white color [72]. For example, the RGB value of caramel brown is (182,114,51), and
the RGB value of bright yellow is (255,233.0) [72]. Therefore, our approach to separate wave
foam and marine surface mucilage by using red pixel values and R/B values is consistent
with the literature. As a matter of fact, in the results provided in Table A2 and in Table A3,
the largest difference in the comparison between mucilage and wave foam is in the R/B
values. In Tables A2 and A3, R denotes the red pixel value, G denotes the green pixel value,
B denotes the blue pixel value, and GRAY denotes the grayscale value. In addition, M
denotes marine mucilage, and W denotes wave foam.
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Table A2. Red, green, blue, grayscale, red/green, red/blue, and green/blue pixel values for pixels
with marine mucilage.

Sample
No R G B GRAY R/G R/B G/B

M-1 225 213 199 212 1.056 1.131 1.070
M-2 223 216 208 216 1.032 1.072 1.038
M-3 239 222 196 219 1.077 1.219 1.133
M-4 246 232 206 228 1.060 1.194 1.126
M-5 231 217 188 212 1.065 1.229 1.154
M-6 224 213 193 210 1.052 1.161 1.104
M-7 239 233 221 231 1.026 1.081 1.054
M-8 244 228 203 225 1.070 1.202 1.123
M-9 230 215 184 210 1.070 1.250 1.168
M-10 244 227 201 224 1.075 1.214 1.129
M-11 200 193 174 189 1.036 1.149 1.109
M-12 221 213 194 209 1.038 1.139 1.098
M-13 226 218 207 217 1.037 1.092 1.053
M-14 243 226 198 222 1.075 1.227 1.141
M-15 219 212 202 211 1.033 1.084 1.050
M-16 221 216 197 211 1.023 1.122 1.096
M-17 242 233 226 234 1.039 1.071 1.031
M-18 251 229 215 232 1.096 1.167 1.065
M-19 214 196 192 201 1.092 1.115 1.021
M-20 220 200 189 203 1.100 1.164 1.058
M-21 235 227 225 229 1.035 1.044 1.009
M-22 219 210 201 210 1.043 1.090 1.045
M-23 201 192 185 193 1.047 1.086 1.038
M-24 243 238 234 238 1.021 1.038 1.017
M-25 255 244 232 244 1.045 1.099 1.052
M-26 240 236 227 234 1.017 1.057 1.040
M-27 233 223 214 223 1.045 1.089 1.042
M-28 241 229 215 228 1.052 1.121 1.065
M-29 246 230 215 230 1.070 1.144 1.070
M-30 248 241 231 240 1.029 1.074 1.043
M-31 218 205 196 206 1.063 1.112 1.046
M-32 221 211 202 211 1.047 1.094 1.045
M-33 228 212 197 212 1.075 1.157 1.076
M-34 229 212 196 212 1.080 1.168 1.082
M-35 223 206 188 206 1.083 1.186 1.096
M-36 227 210 190 209 1.081 1.195 1.105
M-37 242 226 201 223 1.071 1.204 1.124
M-38 232 225 217 225 1.031 1.069 1.037
M-39 224 221 216 220 1.014 1.037 1.023
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Table A3. Red, green, blue, grayscale, red/green, red/blue, and green/blue pixel values for pixels
with wave foam.

Sample
No R G B GRAY R/G R/B G/B

W-1 252 248 247 249 1.016 1.020 1.004
W-2 220 214 214 216 1.028 1.028 1.000
W-3 221 212 197 210 1.042 1.122 1.076
W-4 255 250 237 247 1.020 1.076 1.055
W-5 233 217 201 217 1.074 1.159 1.080
W-6 197 181 166 181 1.088 1.187 1.090
W-7 255 250 239 248 1.020 1.067 1.046
W-8 254 246 235 245 1.033 1.081 1.047
W-9 220 205 186 204 1.073 1.183 1.102

W-10 250 252 251 251 0.992 0.996 1.004
W-11 237 241 240 239 0.983 0.988 1.004
W-12 246 230 214 230 1.070 1.150 1.075
W-13 236 220 204 220 1.073 1.157 1.078
W-14 241 249 252 247 0.968 0.956 0.988
W-15 213 222 229 221 0.959 0.930 0.969
W-16 233 233 235 234 1.000 0.991 0.991
W-17 228 230 229 229 0.991 0.996 1.004
W-18 254 254 254 254 1.000 1.000 1.000
W-19 248 248 250 249 1.000 0.992 0.992
W-20 243 244 246 244 0.996 0.988 0.992
W-21 249 254 255 253 0.980 0.976 0.996
W-22 238 248 250 245 0.960 0.952 0.992
W-23 229 229 231 230 1.000 0.991 0.991
W-24 254 254 254 254 1.000 1.000 1.000
W-25 231 227 228 229 1.018 1.013 0.996
W-26 236 239 244 240 0.987 0.967 0.980
W-27 244 238 238 240 1.025 1.025 1.000
W-28 255 255 251 254 1.000 1.016 1.016
W-29 235 237 236 236 0.992 0.996 1.004
W-30 255 248 240 248 1.028 1.063 1.033
W-31 245 235 234 238 1.043 1.047 1.004
W-32 243 233 232 236 1.043 1.047 1.004
W-33 255 250 243 249 1.020 1.049 1.029
W-34 220 212 210 214 1.038 1.048 1.010
W-35 231 223 221 225 1.036 1.045 1.009
W-36 243 249 245 246 0.976 0.992 1.016
W-37 202 216 219 212 0.935 0.922 0.986
W-38 227 223 224 225 1.018 1.013 0.996
W-39 234 239 235 236 0.979 0.996 1.017

Red pixel values (x-coordinate) and R/B ratios (y-coordinate) regarding mucilage and
wave foam pixel values that are provided in Tables A2 and A3 are plotted in Figure A2.
The graph is drawn by ignoring the four points falling within the opposite region.
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Figure A2. Red/blue values corresponding to the red pixel values of the relevant points. Dots in
yellow (green dashed line) indicate mucilage, and dots in green (magenta dashed line) indicate
non-mucilage, including wave foam.

Bezier curves were primarily developed by Pierre Bezier when designing the body
of vehicles in the automotive industry. Bezier curves have extensive applications ranging
from computer animation and graphics to face recognition [73,74]. The Bezier curve was
used to separate mucilage and non-mucilage (including wave-foam) regions in the graph
in Figure A2. The Bezier curve drawn for this purpose is shown in Figure A3. The points
related to the Bezier curve that is used to separate the two regions are determined as follows.
The regions that are above the Bezier Curve are mucilage-candidate areas, whereas the
other regions are non-mucilage areas. The points that are used in the Bezier curve are
provided in Table A4.

Figure A3. The Bezier line separating the points described in Figure A2.

The points that are used in the Bezier curve are provided in Table A4.
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Table A4. Points that are used in Bezier Curve in Figure A3.

Point-Number Point-X Coordinate Point-Y Coordinate

Point-1 197 1.187
Point-2 206 1.000
Point-3 226 1.092
Point-4 240 0.995
Point-5 255 1.100

After separating the pixels using Bezier curves, the picture is binarized, and the
mucilage-candidate pixels are separated from other pixels. A median filter is applied
at this stage. After this process, the number of pixels selected as mucilage candidate is
summed. Another thresholding process is applied after the summation. If the number of
mucilage-candidate pixels is greater than the threshold value, then it is accepted that there
are mucilage-candidate areas in the region from which the image was taken. In this method,
since mucilage regions formed directly on the photograph, there was no need to use a
separate process to determine the regions on the photograph. After separating pixels using
the Bezier Curve, the picture is binarized, and mucilage-candidate pixels are separated from
other pixels. A median filter is applied at this stage. After this process, the number of pixels
selected as mucilage candidates is summed. Another thresholding process is applied after
the summation. If the number of mucilage-candidate pixels is greater than the threshold
value, then it is accepted that there are mucilage-candidate areas in the region from which
the image was taken. Using this method, since mucilage regions formed directly on the
photograph, there was no need to use a separate process to determine the regions on
the photograph. When this method is applied to Figures 4 and 5—which show marine
mucilage parts in contrast to Figure 6, which does not have marine mucilage—Figure 7 is
obtained as the result of this method.
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Çalışma. Ege J. Fish. Aquat. Sci. 2005, 22, 137–141.

70. Sun, J.; Huang, Y. Modeling the Simultaneous Effects of Particle Size and Porosity in Simulating Geo-Materials. Materials 2022, 15,
1576. [CrossRef]

71. Precali, R.; Giani, M.; Marini, M.; Grilli, F.; Ferrari, C.R.; Pečar, O.; Paschini, E. Mucilaginous aggregates in the northern Adriatic
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