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Abstract

Inspection and monitoring are critical activities in the maintenance and protection of un-
derwater infrastructure. The opacity and turbidity of water can difficult the visibility of
essential elements in such structures. This project explores the use of synthetic data gen-
eration to train a DeepLab v3+ semantic segmentation network with a ResNet-18 back-
bone. The objective of this thesis is to evaluate the neural network’s ability to correctly
identify objects in submerged environments with different turbidity levels. 1,800 im-
age pairs comprising raw images and their corresponding segmentation masks were ren-
dered by parameterizing water scattering and absorption in Blender. They were analyzed
for five different situations, covering three discrete turbidity levels, an environment with
no turbidity or diffraction elements, similar to the absence of water, and the case where
all the aforementioned turbidity conditions and different water colorations are taken into
account. The network was trained separately on each dataset and then evaluated on a
turbidity test set to determine how sensitivity to training conditions affects real-world
performance. Comparative analysis with models trained with low, medium, and high
turbidity studies the impact of data diversity on prediction accuracy. These results offer
valuable insights for developing robust vision systems for industrial applications such
as pipeline inspection or structural health studies of infrastructure, where reliable object
detection under turbid waters is essential for safety and operational efficiency.
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1 Introduction

Over the last century, the society and industry in Europe have developed together. Many
laws have been implemented to guarantee citizens’ security and workers’ rights. Pre-
cisely in Denmark, the beginning of the welfare state and worker protection flourished at
the end of the 19th century, as outlined in [1]. This transformation occurred in two main
stages.

Consolidation of the Welfare State (1930s)

In 1933, the Social Assistance Act ("Socialhjeelpsloven") occurred,establishing public aid
for families at risk and the unemployed. Later, in 1938, another law was published re-
quiring compensation for workers in case they suffer work-related injuries. (Lov om Ar-
bejdsskadeforsikring). These improvements established the beginning of a state focused
on universal social protection [2].

Safety in Marine and Offshore Environments (1970s)

Following the discovery of oil fields in the North Sea around 1972, and the rapid devel-
opment of offshore rigs, the Danish government began developing labor regulations in
this sector. In 1977, a law was implemented requiring a reduction in the number of dan-
gerous manual tasks and mandatory protective equipment [3], [4].

These two legislative stages were key in reducing exposure to dangerous tasks and in-
creasing social and labor rights in Denmark. For this reason, over the past decades, the
inspection and maintenance of offshore infrastructure has required the use of more spe-
cific technologies. This project focuses on the use of underwater vision technologies. The
complexity of these environments is determined by several factors.

1.1 Underwater environments

Approximately a 70% of the Earth’s surface is covered by water, it is understandable that
underwater environments are incredibly diverse. Physical factors such as temperature,
salinity, and dissolved oxygen concentration can generate completely different scenarios
for both marine flora and fauna, and geological makeup plays a very important role in
water conditions. This project studies optical properties such as water absorption and
scattering, both of which vary with wavelength.

Other elements that affect water turbidity are sediments and dissolved or soluble organic
matter in the aquatic environment itself. Generally, locations such as ports, where there
is a sudden change from aquatic to terrestrial environments, are greatly affected by high
turbidity levels. For the experimental period, a small pool will be used as a test bed
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to monitor the turbidity levels studied. In general, it is important to account for water
color, as it affects turbidity, and the colors in the chromatic range complicate segmenta-
tion based on different color thresholds.As discussed by Schechner and Karpel, the color
of water significantly influences turbidity perception and complicates image segmenta-
tion based on color thresholds, especially in turbid environments [5].

Submerged elements can suffer from corrosion, like metals, or degradation and rot, like
wood. Both materials have varied considerably refractive indices, so when combined
with the aquatic environment, affect identification. Due to the difficulty and scarcity of
large volumes of classified images in underwater environments, the idea of generating
synthetic data in Blender arose. If the use of virtual images to identify objects in real
environments proves successful, scalability to industrial applications will expand in the
coming years.

1.2 State of the Art and Synthetic Image Use

Several recent studies have explored the use of deep learning for underwater object
recognition and segmentation. Most of these approaches rely on convolutional neural
networks (CNNs) such as U-Net or DeepLabv3+, which have shown excellent results in
standard segmentation tasks [6]. However, a key limitation is the lack of annotated un-
derwater datasets with sufficient variability in lighting, turbidity, and background clutter.

To overcome this limitation, researchers have turned to synthetic data generation. By
simulating underwater scenes using tools like Blender or Unity, it is possible to create
thousands of labeled images with controlled variations in geometry, lighting, and mate-
rials. The URPC [7] and the SUIM dataset [8] have contributed partially synthetic data
for underwater vision research. Islam [9], for example, proposed a dual approach com-
bining image enhancement with semantic segmentation to improve underwater percep-
tion. Similarly, Shafique [10] focused on training deep learning models exclusively on
synthetic data to evaluate their generalization to real underwater scenes. These studies
support the growing evidence that synthetic datasets can effectively supplement limited
real-world data.

Mai et al. [11] proposed a methodology to generate synthetic underwater datasets with
realistic lighting and marine growth using Blender, aiming to replicate real-world in-
spection scenarios. In a related study, Khan et al. [12] explored the use of these synthetic
images for semantic segmentation tasks, demonstrating their effectiveness in training
models capable of generalizing to real underwater conditions. These works represent a
significant contribution toward bridging the domain gap between synthetic and real sub-
sea imagery.

Despite the progress, few studies have quantitatively evaluated how well these models
transfer to real subsea conditions, especially under varying degrees of turbidity, which
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directly affects visibility and contrast. Most prior work focuses on clear-water environ-
ments or laboratory settings, where the domain gap is smaller.

1.3 Project Motivation

From an academic but industrially oriented perspective, a study on object identi cation

under high levels of turbidity is considered interesting because it focuses on solving cur-
rent problems that are being addressed at the industrial level. Its applicability in improv-

ing visibility in these environments is directly relevant to actions such as infrastructure
maintenance, surveillance, and protection.

Different approaches can be used to address how turbidity and light attenuation com-
plicate vision. Some examples include the use of powerful lights on remotely operated
vehicles (ROVs) to ensure suf cient illumination, as well as the use of neural networks,
where the decoder element strives to remove turbidity from these images and the identi-
cation algorithms are applied. Sensors such as sonars can also be used where turbidity
does not signi cantly affect object identi cation. However, their resolution is very low,
and they do not allow for the perception of small details or textures.

Convolutional neural networks (CNNs) were selected as an alternative approach, given
the potential limitations of traditional inspection methods. The methodology adopted is
described in detail in Chapter 1.5.

1.4 Project Objective

The main objective of the whole thesis is:

« To evaluate the performance of DeepLab v3+ with a ResNet-18 backbone for se-
mantic segmentation in underwater environments with varying turbidity.

To achieve this main objective, various sub-objectives and tasks must be completed.
These are:

Generate suf cient synthetic images, with satisfactory quality and the ability to
simulate different environments.

Compare networks trained at different turbidity levels.

Validate the networks and inspect their individual performance for the real labora-
tory images.

Interpret real-world turbidity measurements and replicate them in a synthetic en-
vironment.




1. Introduction

1.4.1 Delimitation

The main delimitations are listed:

« Exclusive use of synthetic data: All training and validation images are generated in
Blender, without incorporating real-world eld datasets beyond the nal validation
tests.

e Limited number of classes: Only ve object categories are considered (pool back-
ground, black cylinder, silver cylinder, wooden piece, and granite), which does not
cover the full diversity of underwater elements.

e Controlled turbidity levels:  Four discrete turbidity grades are simulated (very low,
low, moderate, and high), without modeling intermediate or dynamic variations.

« Single network architecture: Only DeeplLab v3+ with a ResNet-18 backbone is
employed, with no comparison to other segmentation topologies.

« Static scenes: All captures use a xed camera and stationary objects; effects of mo-
tion, waves, or currents are not evaluated.

* Homogeneous lighting and camera settings: The same light properties (point/spot)
and camera parameters are used throughout, without exploring alternative con g-
urations or moving light sources.

« No real-time processing: The work ow focuses on of ine rendering and segmen-
tation; optimizations for inference on embedded systems or live video are not ad-
dressed.

e Limited validation scope: Validation with real images is restricted to laboratory
tests; no trials are conducted in open-water or actual ocean conditions.

« Limited time and resources: Given the slightly over three-month timeframe, it was
not possible to test alternative network architectures or different data-generation
methodologies.

» Camera connectivity and setup delays: Signi cant issues were encountered when
connecting the camera for real-image capture, leading to extended delays in prepar-
ing the system to a “ready-to-go” state.

1.5 Research Pathline

Most methodologies start with analyzing the research question and explain the relevance
of such investigation. The current state of the case study needs to be reserach. Subse-
quently a brainstorm is advised to de ne how to address and solve the problems pre-
sented. This entire process can be summarized as understanding and synthesizing the
case study.
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The next step was to research different neural network structures (since these are net-
works designed to work with images). It is important to investigate how they work and
what alternatives exist to see if it is worthwhile to use another strategy.

In the next stage, it is necessary to gather information on the generation of synthetic data,
including the key aspects involved and the available tools for this purpose. Additionally,

it is important to investigate methods for creating segmentation masks. A thorough re-
view of all relevant topics should be conducted in order to enable subsequent analysis
and evaluation of the results.

The last step is to develop a work plan of the points to be addressed, how to approach
them, and estimate how much time will be needed for each phase of the project. Finally,
the creation of a diagram that encompasses all the steps to be followed throughout the
project.

The project is presented in Figure 1.1 and can be summarized as a block diagram. The
main block, or process, is the CNN, which has two inputs and one output. All relevant
steps during the project are introduced later in this section.

Figure 1.1: Research Pathline

Synthetic Data

One of the inputs corresponds to the synthetic data. To create a successful data package,
several tasks must be performed. These are presented as bullet points and entered in the
following list:
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« Model Design : The mesh of all objects to be included in the render is designed.

« Object's Material : The material architectures to be assigned to each object are cho-
sen.

« Water Properties: The absorbance and scattering properties of the water are estab-
lished in Blender.

e Camera and Light con guration : The lighting and camera options are modi ed to
match those of the experimental chamber and the laboratory lighting.

* Segmentation Mask script : A script is generated to obtain a segmentation mask
for each generated render.

« Image Preprocessing: The generated mask images are resized, and color deviations
are corrected.

The synthetic data is intended to feed the network for training and then validate how the
network performs in correctly predicting classes.

Real Data

This section describes the procedure followed to obtain the real images used for testing
and comparing the performance of the neural networks. These images are subsequently
linked to the network evaluation process. A detailed explanation of each step involved
in data acquisition and preparation is provided.

e Camera Connections: To execute a plan to feed the camera and extract real-time
data transfer.

» Camera Calibration : To calibrate the camera’s optical properties to obtain the best
possible image quality.

« Experiment Design : Experiments were designed to include the desired variability
in turbidity for the project.

» Water Absorption Analysis : Water turbidity was analyzed in the laboratory in or-
der to translate it into synthetic data.

« Object Material Selection : Objects with distinct shapes and textures were selected
to ensure varied light re ection and facilitate their identi cation.

Network Algorithm

DeeplLab v3+ was chosen to perform the segmentation process, using the ResNet-18 net-
work as the backbone, responsible for identifying groups of objects in images. To build
the network, the code was divided into small sections with well-de ned functions. Fi-
nally, the network produced a segmentation mask prediction and a copy of the input test
image as output. The small operations that were executed are the following:

6
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* Image Resizing: The input images were resized to ensure they had the correct
dimensions.

» Image Augmentation : The training images were distorted within de ned margins
and randomly deformed to enhance the feature extraction process.

« Pixel Count : The pixels were counted to subsequently balance the class weights.
« Network Properties : The network training options were de ned.

* Network Training : The network architecture was established and trained under
the selected options.

« Network Validation : The network was validated using synthetic data to verify its
performance.

e Accuracy and Loss Graphs: The accuracy and loss curves were generated.

« Segmentation Performance : The prediction was carried out on the test image.

Results

This is the nal step, where the results are obtained. The network, under certain com-
mands, provides metrics to evaluate its performance in addition to the predictions. Ide-
ally, these results serve as the starting point for an iterative method where, based on the
conclusions, small adjustments are made to both the network and the synthetic data to
improve predictions and data generation. Due to time constraints, the knowledge and
results obtained could not be used as feedback to improve the prediction process. The
results obtained are listed below.

e Object Prediction : The predictions were obtained in the form of segmentation
masks.

» Confusion Matrix : A matrix was generated to indicate the accuracy with which the
classes were correctly identi ed.

e Accuracy: The accuracy and loss curves were plotted.

¢ Network Performance : The predictions were compared with the manually created
segmentation masks from the experimental images.

« Networks Comparison : The results provided by each network were compared.




2 Deep Learning

Since the Industrial Revolution emerged in the late 18th century, the idea of automating
tasks has grown. The advantages are clear: avoiding repetitive tasks, reducing produc-
tion costs, and speeding up production processes. Centuries later, after the Second World
War, the potential of computer science as a scienti ¢ discipline began to develop as stated
in [13]. Since the 1940s, this discipline has advanced in the process of automating intel-
lectual tasks. This process has advanced so much that it has now generated the concept
of arti cial intelligence, which is nothing more than a tool of algorithms and mathemat-

ical processes, whose objective is to design systems capable of reasoning, learning, and
executing decisions autonomously.

Within arti cial intelligence, there is the eld of machine learning (ML), in which ma-
chines learn by feeding them data. This learning differs from conventional learning in
that it does not provide manually written lines of code that dictate rules or orders. Within
ML, there are several main techniques. On the one hand, there is supervised learning,
where models receive labeled data; on the other, unsupervised learning, where unclas-
si ed data is provided and the model searches for patterns and extracts features. There
is also reinforcement learning, where the model makes predictions through a system of
rewards and punishments [14].

Deep learning (DL) emerges from ML when more complex models begin to be developed
with greater depth and number of layers, allowing learning from more complex environ-
ments [15]. The architecture of deep learning models is typically structured across three
distinct types of layers:

* Low layers: responsible for extracting basic and localized features, such as edges,
textures, or simple patterns.

¢ Middle layers : integrate and combine lower-level features to identify more com-
plex structures or shapes within the input data.

¢ High layers : abstract and consolidate information from the middle layers to rec-
ognize high-level representations, such as object categories, actions, or complete
scenes.

There are many memorable events throughout history regarding the progress made,
starting from the perceptron in 1958 [16] where the rst arti cial neuron capable of linear
classi cation was created. In 2012 AlexNet emerged [17] where systems were devel-
oped to use GPUs during the training process and therefore increasing their speed for
predicting. And in 2015, the concept of Residual Network emerged from Kaiming He's
study called Deep Residual Learning for Image Recognition [18]. This study offers a quite
useful solution to the problem of gradient reduction in the backforward process, which
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provided an increase in error for models with more layers and which intuitively should
provide signi cantly lower errors than similar models but with fewer layers.

As a hierarchical synthesis, Figure 2.1 shows the order from a more general level to reach
the topic of computer vision, whose eld of study focuses on, through digital images,
being able to process tasks such as classi cation, detection, segmentation or 3D recon-
struction.

Figure 2.1: Hierarchy of Disciplines in Arti cial Intelligence

2.1 Resnet-18

As time goes by, new, deeper and more powerful neural networks are constantly (CNN)
emerging. CNN are a special type of neural network used to analyze images. The model
used in this project is ResNet-18, proposed by [18]. This network consists of 18 layers or-
ganized into residual blocks. Previous versions of CNNs, such as LeNet-5 [19], AlexNet
[17], VGGNets [20], or GoogLeNet/Inception v1 [21], faced problems with vanishing or
exploding gradients during backpropagation. These gradients could become extremely
small, causing the rst layers to learn very slowly or even fail to learn at all. Conversely,
when gradients became too large, they made the network unstable, providing very large
weights where solutions could not converge [22].

Kaiming's network model offered solutions to these problems, allowing deeper networks
to train successfully. The most signi cant contribution was the use of residual blocks
with direct connections or shortcuts. In simple terms, rather than letting a stack of layers
directly learn a transformation (H(X)), a bypass or shortcut is applied on that layer or set

9
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of layers, and, an identity is added to the output of those layers, generally called x, forcing
the layers to learn a residual function that would be F(x) = H(X) - X. This methodology
solves the degradation problem, since these shortcuts provide shorter alternative paths
for gradients to ow to previous layers. Allowing the addition of more layers, which
generates deeper and more powerful networks.

2.1.1 Architecture

The MATLAB has been employed for the implementation of this network [23]. The 18 lay-
ers that make up the network are organized in blocks, where each layer would in turn
have convolutional layers and residual shortcuts. The convolutional layers are those that
extract the image features. These layers are made up of the size of the input image to the
layer, the kernels used (3x3, 7x7, etc.), the applied stride, which indicates the kernel dis-
placement, and the padding (additional pixels around the image). All of these elements
de ne the output size of the layer. There are also pooling layers that modify the image
resolution. The most notable feature of this network model is the residual connections it
uses.

Regarding the general composition of the network, it begins with the Input layer, which
is fed into a rst convolutional layer to detect notable features, such as edges, colors, an-
gles, etc.

There are 4 residual blocks, and each block is divided into 2 different layers, the pur-
pose of which is to extract more complex patterns than those of the input layer. In these
convolution blocks, there are convolution layers. As the signal passes through a layer,
an activation function is applied to extract nonlinear features. By default, the activation
function is ReLu (recti ed linear unit). This function is responsible for setting the input
signal value to zero if and only if the initial value was negative; otherwise, it does not
modify the signal value. The organization at the lter or kernel level for the residual
blocks is as follows:

1. Inthe rst block, there are 64 lters.

2. In the second block, there are 128 lters.
3. In the third block, there are 256 lters.

4. In the fourth block, there are 512 lters.

After these blocks, the image passes to a pooling layer to reduce its size and is sent to
a fully connected layer, which takes the nal image and uses it to make a nal decision.
Finally, there is the output layer, which has a number of channels equivalent to the num-
ber of classes to be identi ed in the network. Appendix A shows an image A.1 with the
block-level architecture of the network and a table specifying the contents of each block.

10
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2.2 Deeplab v3+

ResNet-18, previously discussed as a convolutional neural network for image classi ca-
tion tasks, includes nal layers that produce a probability vector across a set of prede ned
classes. The network outputs the class with the highest probability, which is interpreted
as the predicted label. A correct classi cation is assumed when this predicted class cor-
responds to the actual object in the image.

In this section, the use of DeeplLab v3+, a semantic segmentation architecture developed
by Google in 2018, is presented. In this con guration, ResNet-18 functions as the encoder,
extracting hierarchical features from the input image. These features are then processed
by a decoder module—speci cally the Atrous Spatial Pyramid Pooling (ASPP)—to gen-
erate a segmentation mask that classi es each pixel individually.

The network was trained using pairs of images: one showing the original scene and an-
other providing a pixel-wise annotated mask, where each pixel corresponds to a speci ¢
object or class present in the composition.

As a main feature of this network, it highlights the use of ASPP, which employs dilated
(atrous) convolutions, increasing the image's eld of view without losing resolution. The
network output is an image segmentation where the results have been re ned to make
them sharper and more accurate. Regarding optimization, the cross-entropy loss func-
tion is generally used, which calculates the difference between the predicted and actual
labels for each pixel. This function is used by the Adam algorithm to adjust the network's
weights during the training phase.

For the implementation of this network, Matlab was used due to familiarity with the tool.
There is extensive documentation available online and examples similar to the case study.
The main advantage of Deeplab v3+ is its accuracy; however, the model is computation-
ally intensive. As for its applications, it has been used in elds such as the automotive
industry to identify road elements, and in healthcare to detect injuries through X-rays or
MRIs.

11



3 Experiment setup

The goal is to generate a synthetic dataset for simulating underwater environments, with
the ultimate purpose of improving the identi cation of objects in environments with low
visibility, whether due to turbidity, lack of light, or suspended patrticles that hinder visi-
bility.

However, to measure the quality of this data, it is necessary to compare it with real scenes.
In this case, different objects will be distributed in varying positions and orientations at
different turbidity levels. A model will be prepared in the laboratory for this purpose.
The experiments are carried out in a controlled environment. The measurements of the
pool and all the objects used, are known. The Lighting information of the uorescent
lamps is extracted by the technical speci cations of the product [24].

3.1 Equipment

This chapter explains all the elements used to carry out the experiment at the university
facilities. This includes the objects to be identi ed and the camera connections, including
how the turbidity of the pool water was manipulated and how it relates to the values
entered into the virtual simulation.

3.1.1 Lab's Lightning

During the experimental phase, the lighting in the laboratory was constant. Fluorescent
bulbs were used. The light used does not have a very marked direction, but rather en-
velops the scene like natural light, without generating shadows or very marked contrasts.

The technical speci cations of which are shown in 3.1. An image of the lighting is shown

in gure 3.1.

12
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Property Value Unit
Brand Sylvania -
Tube Type T5 —
Power 80 W
Length 1450 mm
Diameter 16 mm
Luminous Flux 6150 Im
Color Temperature 3000 K
Light Tone Warm White -
Base Type G5 -

Table 3.1: Main characteristics of the T5
uorescent tube used in the experimentation
(24]

Figure 3.1: TS uorescent tube

3.1.2 Pool

The technical data sheet for the pool model [25] details its dimensions and materials.
This data sheet was obtained through manual measurement and an internet search for
the model printed on the pool's exterior surface. The pool has a Iter system to recircu-
late and clean the water, which has never been used. For this reason, in later stages of
the project, the water quality exhibits inherent turbidity without the addition of external
elements, nevertheless, the turbidity will be increased externally. This turbidity occurs
due to a lack of chlorine and ideal temperatures, as well as light, which can contribute to
the growth of microalgae.

Property Value Unit
Brand Bestway -
Model Power Steel -
Shape Rectangular -
Dimensions 404 x 201 x 100 cm
Volume (90%) 6,478 L
Frame Material Steel -
Liner Material ~ Tritech™ (3-layer PVC) -
Inner Finish Mosaic Print -
Color Rattan Grey -

Table 3.2: Main characteristics of the Bestway

Figure 3.2: Bestway Power Steel Rectangular Pool Power Steel pool used in the experimentation [25]

13
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3.1.3 Object to identify

The selected components were chosen due to their diversity in size, color, and the way
light interacts with their surfaces. Another key factor in their selection is their resem-
blance to commonly used industrial shapes, as well as to forms frequently found in na-
ture. As aresult, the initial elements consist of cylindrical and parallelepiped geometries.
Speci cally, the setup includes two pipes of different diameters, granite cobblestones,
and a wooden table. Table 3.3 lists their dimensions, while Figure 3.3 illustrates their
main characteristics.

Figure 3.3: Selection of objects to identify

Object Dimension Value [m]
Black Pipe Length 0.30

Black Pipe Radius 0.025
Aluminum Pipe Length 0.95
Aluminum Pipe Radius 0.050
Granite Cobblestone Side Length 0.40
Wooden Piece Width x Length x Height 0.19 x 0.30 x 0.05

Table 3.3: Main dimensions of the objects to be identi ed in the segmentation task

3.1.4 Kaolin

To increase the pool's turbidity, kaolin was used. The composition is found in 3.4. This
clay mineral is used because it is not water-soluble, forming a suspension and not health
hazardous. Itis sprinkled into the water solution and mixed with the water using brushes,
increasing its turbidity. The dissolved kaolin particles modify how light scatters in the
water and give it a whitish color.

For each degree of turbidity, the amount of kaolin was increased, and samples were col-

14
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lected to subsequently analyze the total absorbance of the water in each experiment.

Component Estimated Content
Kaolin > 90%
Silica 45-55%
Alumina 35-40%

Iron oxide <1%
Titanium dioxide <2%

pH (in water) 4-6
Appearance White powder

Figure 3.4: Kaolin and its representative composition [26]

3.1.5 Testing Environment

The experimental tests were conducted in a controlled environment at the AAU-Esbjerg
laboratory. As shown in Figure 3.5. The pool setup allowed for the submersion of objects
at different depths and positions under stable lighting conditions.

Figure 3.5: Lab-scale pool used for the experimental trials

3.1.6 Camera Connection and Con guration

The camera model used is illustrated in gure 3.6, it is the camera with the best quality
and resolution available at the time of this project at the AAU-Esbjerg. The technical data
sheet shows that its optical sensor is 1/2.9°°SONY CMOS 2 Megapixel and that its opti-
mal wavelength captured range is 500-700 [nm]. Therefore, the average value is taken as

15
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the starting wavelength to obtain the absorbance values of the analyzed samples.

Figure 3.6: Oceantools C3-30 Subsea Camera [27]

The camera power connector is an 8-pin interface, with each pin assigned to a specic
function. As a rst step, a multimeter was used to check continuity between the connec-
tor pins and the ends of the cable that would later interface with the Fathom Tether [28].
This test aimed to verify the integrity of the cable and con rm whether the camera was
operational or exhibited any faults.

Using the camera's technical datasheet, the function of each pin was identi ed. Fig-
ure 3.11 illustrates the wiring between the camera and the tether. For proper pin-to-pair
mapping between the 8-pin connector and the four twisted pairs of the Blue Robotics
Fathom Tether (an Ethernet-type cable), the Advantech patch cable white paper was used
as a reference [29], [30], as it details the standard RJ45 pair-to-terminal assignments.

Figure 3.7: Power over Ethernet connections
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The required power to turn on the camera is 24 [V], the camera had to be powered with
an external source. The injector [31] passively provides suf cient voltage from the be-
ginning of the connection to launch the camera. Besides, the switcher [32] transfers and
monitors the transmitted packages. Both devices are presented in gure with their re-
spective references.

Figure 3.8: Switch and Injector

A port scan was performed on the computer to know the IP address connection. The
employed software were SoftPerfect Network Scanner [33] and SADP [34]. Additionally
the manufacturer (OceanTools [35]) was contacted to verify that the mounting system 3.9
was not harmful to the camera. Moreover, the manufacturer was contacted to consult the
username and password required to get access to the camera settings.

Figure 3.9: Camera Connection Architecture

Subsequently, each pair of cables was soldered and properly insulated. Once the physical
connection was completed, and before attempting communication between the camera
and the computer, a transmission test was carried out to evaluate the quality and integrity

of data packets exchanged between both devices. After contacting the manufacturer, it
was possible to successfully establish a connection with the camera and extract images.
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Figure 3.10 shows the evolution of the insulating process.

Figure 3.10: Cable Soldering & Waterproo ng

To control the entire recording process, VLC Media player [36] to record and store the
images, and then, using a Matlab script, we extracted the desired frames with the best
image quality.

To manage the entire recording process, VLC Media Player [36] was used to capture and
store the video streams. Subsequently, a MATLAB [37] script F was employed to extract
the frames with the highest image quality from the recorded footage.

Camera calibration was performed through the camera's settings interface 3.11. To re-
duce noise caused by movement, the camera was secured to a metal post using safety
ties, which xed the camera's position and orientation relative to the water movement.
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Figure 3.11: C3-30 Subsea Camera's interface

Various tests were performed throughout the calibration process to choose the camera
con guration option with the values that provided the best image quality.Unfortunately,
no samples were collected to be shown.

3.2 Overview of conducted experiments

The objective of the experiments is to evaluate the network's ability to accurately identify
various objects in images affected by turbidity. To assess performance under different
perspectives, two distinct object arrangements were created. For each arrangement, four
experiments were conducted, each corresponding to a different level of turbidity.

The initial experimental plan included capturing an additional image set under clear wa-
ter conditions, intended to serve as a baseline with zero turbidity. However, since the
pool water was not chemically treated, it gradually developed a greenish coloration and
a mild level of turbidity over time. This natural coloration was later masked by the ad-
dition of kaolin during the turbidity experiments. For this reason, the reference test does
not display the same positioning as the other sets and includes an additional element,
removed from the classes to be identi ed.

Regarding turbidity levels, four distinct degrees were de ned, each applied to two dif-
ferent object arrangements. This resulted in a total of eight experiments.

1. Very low turbidity: kaolin is added and visibility remains good.
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2. Low turbidity: kaolin concentration increases and object silhouettes begin to appear
blurred.

3. Moderate turbidity: visibility is reduced; although objects can still be recognized at
a glance, many details are lost.

4. High turbidity: visibility is very poor; it becomes almost impossible to discern ob-
jects and their edges are heavily blurred.

The following image 3.12 shows a diagram used in the experimentation, additionally,
the sequential process is explained. During this entire process the camera has been xed
without changing its orientation or position.

First the position and orientation of the objects to be shown were located and captured.
A photo of their distribution was taken to replicate it later. For a given distribution, the
photos are taken and the second arrangement of objects is made, these are recorded and
kaolin is added to them while it is mixed manually and the entire process is recorded, to
select a signi cant image of this experiment. When the desired degree of turbidity has
been reached and the image stored, it is changed to the previous position and the scene
is recorded again. This iterative process of taking experiments and changing the position
of objects continues until all the desired combinations are achieved.

Figure 3.12: Experiment work ow

3.3 Absorption and Scattering in the Experimental Pool

In the pool with kaolin in suspension, the light that traverses the water is affected by the
physical phenomena of absorption and scattering.

1. Absorption ( 3), that describes the part of the luminous energy converted into heat.

2. Scattering ( ) is the change in direction upon colliding with particles, which makes
the water blurry.

To quantify how the intensity | (1) decays after traveling a distance | [m], It was started
from the Beer—Lambert law [38], [39], equation 3.1 and 3.2 summarize the relations be-
tween intensity and apparent absorbance. Here the intensity is radiometric and measures
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the radiant power incident on a unit area after traveling a distance |. Its unit is watts per
square meter [W/m ?]:

I(1) = loexp Cappl (3.1

Aapp = logyy [ (3.2)

To
* Capp = t Isthe total apparent attenuation coef cient.

* Agpp is the apparent absorbance, the ratio between transmitted and incident irra-
diance; it explains in a dimensionless way how the medium darkens due to par-
ticle suspension. Higher values indicate more attenuation and therefore greater
darkness/turbidity. The apparent absorbance is measured with the Cary 60 UV-Vis
spectrophotometer [40].

 Incident irradiance g is the radiant power per unit area before the light begins to
traverse the distancel.

Transmitted irradiance | (1) is the radiant power that emerges after traversing the
medium.

The factor 2.303 arises when converting between the natural logarithm (In) and the deci-
mal logarithm (' logg):

In(x) = 2:303 log(x): (3.3)
Solving for capp gives

Capp = 72'30?Aapp3 (3.4)
The apparent attenuation coef cient capp can be decomposed into its two fundamental
physical components: absorption ( 5) and scattering ( s). The ratio between these com-
ponents is known as the scattering-to-absorption ratio,de nedas R = = 4. According
to previous studies conducted under controlled coastal and laboratory water conditions,
this ratio typically ranges between 20 and 29 [38], [41]. These references, along with
equations 3.5 and 3.6, describe the optical decomposition of light attenuation and the re-
lationship between absorption and scattering coef cients.

Capp = at s (3.5)

s= R g2 (3.6)

Substituting equations 3.5 and 3.6, the following expressions are obtained

_  Capp .
a - 1+ R! (37)
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R Capp .
1+R’
Finally, by substituting the term capp from equation 3.4 into equations 3.7 and 3.8, the
resulting expressions are given in equations 3.9 and 3.10.

s =

(3.8)

_ 2:303Aqpp

a— |(1+ R) 1 (39)
_ 2:303RAgpp

= TRl (3.10)

D Building upon the theoretical foundations established in the previous section, the fol-
lowing subsection describes the procedure for obtaining water samples and measuring
the apparent total attenuation coef cient. These measurements are subsequently used to
derive the absorption () and scattering ( s) coef cients.

3.3.1 Absorbance analysis

During the experimental phase, 15 [mL] conical centrifuge tubes, commonly known as
Falcon tubes [42], were employed to collect water samples. These containers, depicted
in Figure 3.13, enabled the storage of suf cient water volumes for multiple analyses per
sample, thereby minimizing potential deviations. Each sample underwent four tests,
with the average value representing the analysis.

The analyses were conducted using the Agilent Cary 60 UV-Vis Spectrophotometer [40],

scanning each sample across a wavelength range from 300 [nm] to 800 [nm], recording
absorbance at 5 [nm] intervals. This range adequately encompasses the human visible
spectrum, which spans approximately from 380 [nm] to 700 [nm] [43].

For these measurements, plastic spectrophotometer cuvettes [44] were utilized. However,
for analyses involving wavelengths below 300 [nm], it is recommended to use quartz cu-
vettes due to their superior transparency in the ultraviolet range [45]. The cuvette used
has a path length of 1 [cm]. The apparent absorbance values obtained across the spectral
range are presented in Figure 3.14, while the corresponding absorption and scattering
coef cients at 640 [nm] are summarized in Table 3.4.
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Figure 3.13: Left plastic cuvette [44] and right experimental samples [42]

Figure 3.14: Graph of Apparent Absorbance Vs Wavelength

Sample | [m] Aapp Capp R a s

Baseline 0.01 0.00729 1.678776 25 0.064568 1.614208
Samplel 0.01 0.014091 3.245085 25 0.124811 3.120274
Sample2 0.01 0.014849 3.419752 25 0.131529 3.288223
Sample3 0.01 0.054054 12.44875 25 0.478798 11.96995
Sample4 0.01 0.061359 14.13089 25 0.543496 13.5874

Table 3.4: Apparent absorbance and derived optical coef cients for all samples at 640 [nm] with a ratio of 25
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3.4 Visual Results from Laboratory Testing

During each experiment, a custom script was used to extract individual frames from the
recorded video sequences (see Appendix F). From these, the highest-quality frame per
experiment was manually selected. Despite the xed camera position, suspended parti-
cles present in the water were visible in several of the images due to the turbidity of the
medium.

Once the images were selected for testing the neural network's performance, manual
semantic segmentation was performed using the free software Photopea [46]. Figures
3.15 to 3.23 illustrate the selected images alongside their corresponding manually anno-
tated segmentation masks. The RGB color code assigned to each class remains consistent
across the project, including both the synthetic data generated in Blender and the input
provided to the CNN via the Matlab processing script.

Figure 3.15: Baseline of experimental images

Figure 3.16: Position 1 - Turbidity 1
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Figure 3.17: Position 1 and Turbidity 2

Figure 3.18: Position 1 and Turbidity 3

Figure 3.19: Position 1 and Turbidity 4

Figure 3.20: Position 2 - Turbidity 1
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