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Abstract

The thesis explores the advanced deep learning techniques to elaborate on underwater object detec-
tion, multi-label classification, and out-of-distribution detection and focuses especially on the Fathomnet
competition dataset, a comprehensive and open source dataset of underwater images. We propose a
novel augmentation approach, Depth Jitter; a method dedicated to correcting the color distortions in-
troduced by depth-related features. Our method yielded a performance gain in terms of an expected
minimum average precision score of 2-3% mAP@20. Despite challenges like the underwater images’
data imbalance and environmental variability, the models such as Query2Label and YOLOv9 with our
augmentation technique demonstrated robustness and adaptability, and are competently able to obtain
results without referring to external datasets. This study uses the advancement of these models as a
starting point for exploring their utility in the advancement of key applications in marine studies—codifying
species and observing habitat—for the purpose of marine conservation. Future research will focus on
increasing dataset diversity, improving techniques for dealing with data imbalance, improving model
interpretability, and exploring options for real-time deployment. Integrating hybrid models and improv-
ing out-of-distribution detection will help to advance the reliability and applicability of underwater image

analysis.
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imbalance, Environmental variability, Model robustness, Out-of-distribution detection, Marine conserva-

tion






Resumo

A tese explora as técnicas avancadas de aprendizagem profunda para elaborar a detecao de objectos
subaquaticos, a classificagao de varios rétulos e a detegdo de fora da distribuicdo e centra-se especial-
mente no conjunto de dados da competicao Fathomnet, um conjunto de dados abrangente e de fonte
aberta de imagens subaquaticas. Propomos uma nova abordagem de aumento de dados, denominada
Depth Jitter; um método dedicado a corrigir as distorgées de cor introduzidas por carateristicas rela-
cionadas com a profundidade. O nosso método produziu um ganho de desempenho em termos de uma
pontuagao de precisao média minima esperada de 2-3% mAP@20. Apesar de desafios como o dese-
quilibrio de dados das imagens subaquaticas e a variabilidade ambiental, a nossa técnica de aumento
de dados permitiu aos modelos como o Query2Label e 0 YOLOv9 demonstrar robustez e adaptabili-
dade, e sdo capazes de obter resultados sem recorrer a conjuntos de dados externos. Este estudo uti-
liza estes modelos como ponto de partida para explorar a sua utilidade no avanco de aplicacdes-chave
em estudos marinhos - codificacido de espécies e observagao do habitat - para efeitos de conservacao
marinha. A investigagao futura centrar-se-a no aumento da diversidade do conjunto de dados, na melho-
ria das técnicas para lidar com o desequilibrio dos dados, na melhoria da interpretabilidade do modelo
e na exploracao de opgdes para a implementacdo em tempo real. A integracdo de modelos hibridos
e o0 melhoramento da detecao de elementos fora da distribuicao ajudarao a aumentar a fiabilidade e a

aplicabilidade da andlise de imagens subaquaticas.

Palavras Chave

Aprendizado profundo, Detecgao de objetos subaquaticos, Classificagao multilabel, Query2Label, YOLOV9,
Conjunto de dados Fathomnet, Aumento DepthJitter, Pesquisa marinha, Identificacao de espécies, Mon-

itoramento de habitats, Desequilibrio de dados, Variabilidade ambiental, Robustez do modelo.
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1.1 Background

Academic studies confirm that marine life substantially predates terrestrial life. According to Dodd et
al. [19], life in the ocean is documented as having originated approximately 3.7 billion years ago, while
terrestrial life is believed to have appeared around 3.1 billion years ago, as suggested by Battistuzzi et
al. [20]. The fossil record, as detailed by Benton [21], reveals that marine biodiversity has surpassed
terrestrial diversity for about 3.6 billion years. Oceans, which encompass 71% of the Earth’s surface,
support a higher species richness, aligning with bio-geographic theories that correlate habitat extent
with biodiversity [22].

Furthermore, the deep sea, which represents about two-thirds of the planet’s area and includes 84% of
the ocean’s surface and 98% of its volumetric expanse below 2,000 meters, remains the least explored
region on Earth [22]. This vast and understudied area is likely a reservoir for a multitude of yet-to-be-
discovered species. These species are pivotal not only for comprehending adaptive strategies of life
under extreme conditions but also play critical roles in global ecological processes such as climate reg-
ulation and the carbon cycle, as discussed by Danovaro et al. [23,24]. This realization highlights the
fundamental importance of marine biodiversity in the global ecological dynamics, and it warrants addi-
tional and broad exploration and investigation.

The ocean’s diversity of life provides enormous opportunities for exploration and discovery. Marine or-
ganisms often contain unusual biochemical properties that can serve as basis of new explorations and
advancements in science and medicine. The urgent need to conserve these systems is aggravated by
changes due to activities such as deep-sea mining and climate change, increasing the need to under-
stand deep-sea ecosystems.

Conducting research in these elusive regions frequently faces technological and logistical challenges,
primarily due to high costs and the need for advanced safety features. Recently, the development
and deployment of autonomous marine devices, including autonomous underwater vehicles (AUVs) and
submarine gliders, have significantly enhanced our ability to map and monitor the marine environment.
These devices are equipped with sophisticated acoustic sensors and imaging technologies, allowing for
a more detailed exploration of the underwater world [25—-28].

These above mentioned technological developments are further enriched and supplemented by a num-
ber of computer vision techniques that plays a significant role in monitoring and understanding the
marine systems. Image and video classification techniques which are based on Convolutional Neural
Network(CNN) are capable of automatically determining and labelling marine species or objects from im-
ages or videos collected under the water. For example, an Autonomous Underwater Vehicle(AUV) may
take a video of coral reef that includes a variety of fish, corals and/or marine debris. With the CNN based
image/video classification models, researchers can classify marine organisms and objects while at sea,

allowing them to monitor local biodiversity, track health of species and identify the presence of invasive



species. This technique reduce the manual labour needed to analyze the substantial amount of im-
age/video data collected from underwater environment making monitoring the marine biodiversity more
efficient. Object detection algorithms such as YOLO(You only look once) and DETR(Detection trans-
former) advance this field beyond object identification to include object localization in images/videos. For
instance, monitoring of habitats on the ocean floor, these algorithms can detect and visualize individual
fish, coral or even pollutants such as plastic waste. In marine applications this is crucial to track the pop-
ulation dynamics of the species, behavioral aspects such as migration and human impact on the ocean
with regard to detecting areas of debris. Another important technique is segmentation. Segmentation
models like Segment Anything can do more than just detect and localize objects. Thus, they can also
extract object from background area of image or video. In the case of a test video produced as an exam-
ple to simulate fish in schools, segmentation identifies and outlines each individual fish within the school
even if they overlap making it possible for scientists to count the fish, investigate how they interact with
one another and differentiate healthy coral from bleached. In marine monitoring for computer vision, an
out-of-distribution (OOD) detection framework can be a valuable approach within a marine monitor-
ing workflow by identifying observations that are different from trained data such as unknown marine
species, or environmental phenomena that may not have been included in the training dataset. For an
illustrative example, in monitoring fish species using image classification, OOD will flag a fish species
that has a completely different sign for no recognition. This could be indicative of a rare, or unknown,
species. Equally in object detection or segmentation tasks, OOD can also flag observations which do
not fit a recognizable category, such as new types of debris or marine life and will prevent the model
from falsely recognizing descriptions of a known category. This is especially critical in complex and dy-
namic engineering environments such as the ocean where unknown species, human-made objects, and
recognizing when something is outside the model’'s parameters, it is an important aspect of the scientific
discovery and accurate marine monitoring process. In this research work we will mostly focus on image
classification, object detection and out-of-distribution detection as our goal is to identify the category of
marine species and to identify if it is from the training set or not.

A major limitation with contemporary object detection methods is their often exclusive dependence on
existing datasets for training. This is particularly true in the area of deep-sea science. The deep sea is
expansive and essentially uncharted when it comes to biodiversity; thus there is always the potential for
occurrences such as depressed morphology or taxonomy that were not in the training datasets. In order
to gain a thorough understanding of variations in deep-sea biodiversity, we need to create capabilities to
detect and classify the unknown. The ability to detect the unknown represents an exciting new frontier
for marine science to open doors for discovery and further, to understand ecological interactions.

The primary aim of this research is to refine the methodologies used for object recognition and the de-

tection of out-of-distribution instances in studies of deep-sea biodiversity. By enhancing these methods,



this study seeks to advance the field of ecological informatics and provide a more profound understand-
ing of deep-sea ecosystems. The significance of this research transcends academic confines, offering
essential insights for environmental conservation, sustainable management of marine resources, and an
enriched comprehension of life in extreme conditions. Consequently, this study is poised to contribute
significantly to marine science, technological innovation, and ecological preservation, underscoring its

potential to influence a broad spectrum of scientific and practical fields.

1.2 Motivation for this Research

This research was inspired by the vast and mysterious depth of the ocean and the motivation to learn
and understand more about these unexplored regions of the ocean. The deep ocean covers around 71%
of our planet and remains on e of the unexplored ecosystems on earth with many rare and undiscovered
species. The research presented in this dissertation will lead to a greater understanding of some of the
obscured aspects of marine biology and oceanography.

A critical motivation for this study is also the pressing need to develop more advanced tools for biodi-
versity research and underwater exploration. The challenges of studying marine habitats beneath the
surface and the limitations imposed by human accessibility often hinder traditional methods of marine
research. This research seeks to transcend these barriers by leveraging state-of-the-art deep learning
technologies, offering a more efficient, accurate, and comprehensive approach to exploring the deep
sea.

Additionally, This effort is driven by an urgent need to protect the environment. It is important to under-
stand how these environments work in order to protect and manage marine ecosystems in a sustainable
way, especially as human activities continue to impact them profoundly. Through this research, we aim
to enhance our ability to monitor and safeguard the rich biodiversity found beneath the waves.
Ultimately, This thesis is driven by scientific curiosity, determination to advance the technical challenges
of deep-sea science, and the desire to be a steward of the environment. To answer questions related to
the depths of the ocean and preserve it for future generations, we must challenge the limits of what we

know and what we can do.

1.3 Objective of this Research

The primary objective of this thesis is to develop and evaluate deep learning models tailored for the
analysis of marine visual data across varying ocean depths. This initiative aims to tackle the significant
challenges posed by disparities in data acquisition conditions in the ocean, especially differences be-

tween upper ocean regions, where data is more abundant, and deeper waters, which are less explored



and harder to access. The focus will be on enhancing the model’s capabilities in identifying marine
species and detecting shifts in species distributions, enabling robust performance not only in familiar but
also in novel or less-documented environments.

The thesis will specifically aim to design and train machine learning models that leverage the Fathom-
Net annotated image set. Emphasis will be placed on advanced image processing techniques, including
transfer learning, to enable these models to adapt to varying conditions such as changes in lighting,
camera specifications, and environmental factors. The robustness of these models will be crucial, as
they must perform consistently across a range of oceanic conditions and be capable of managing the
transition from data-rich upper ocean scenarios to data-sparse conditions found in deeper waters.
Another key aim is the development of methodologies for out-of-distribution detection. This involves the
ability to flag data that represents new or unusual findings, such as unencountered species or significant
environmental changes. Such capabilities are vital for expanding our understanding of marine biodiver-
sity and for the ongoing efforts in cataloging marine life, particularly in under-explored regions.
Furthermore, this research intends to test and validate the applicability of the developed models for real-
world deployment in marine ecological monitoring and automated data analysis systems. It will provide
actionable insights for marine ecologists and recommendations for improving data collection and analy-
sis strategies. Ultimately, by enhancing the adaptability and scalability of machine learning applications,
this thesis aims to contribute significantly to marine biology. It seeks to improve our understanding of
marine biodiversity, particularly in challenging deep-water ecosystems, and to support the management

and conservation of these vital environments.

1.4 Contribution

This research investigates the techniques to enhance the out-of-distribution(OOD) detection perfor-

mance through multilabel classification or object detection.

» We introduce a depth based augmentation technique for underwater datasets which helps to im-

prove the performance of object classification and detection in underwater environments.

» We provide a moderate benchmark of Fathomnet competition dataset on different multilabel clas-
sification and object detection models which enables further research opportunities on the same

dataset for out of distribution detection.

1.5 Outline

This thesis is organized as follows:

Chapter 2: State of the Art: This chapter outlines the evolution of object detection models from tradi-



tional methods such as the Viola-Jones and HOG detectors, to models based on CNN, such as RCNN,
Fast RCNN, and RTR-CNN, which focus on improving performance using Region Proposal Networks.
Further, it has examined the recent developments of innovation with one-stage detectors, for example,
YOLO and SSD, and transformer-based models, such as DETR, which have established new records
for speed and accuracy. Further, it has discussed work in multi-label classification, from early studies
by Boutell et al. to modern deep learning models such as CNN-RNN, Spatial Regularization Networks,
and Transformer-based models that explain complex label relationships. Lastly it discussed issues with
underwater environments, for example, occlusion of objects, high false positive rate, bias of datasets,
and computational limitations.

Chapter 3: Fathomnet Competition Dataset: This chapter provides an overview of the Fathomnet
Competition Dataset, which was obtained from MBARI. This section covers how the dataset was pre-
pared, properties of the Fathomnet 2023 dataset and the characteristics of the dataset.

Chapter 4: Methodology: This chapter presents a discussion of the pre-process and application of a
known Fathomnet dataset for multi-label classification, through the user of a novel data augmentation
method derived from generating underwater images. The application of the Query2Label (Q2L) model
for multilabel classification and YOLOvV9 for object detection has been presented. Afterwards, methods
for OOD detection have been discussed.

Chapter 5: Results & Discussions: This chapter presents a comprehensive evaluation of the proposed
deep learning models, Query2Label and YOLOV9, for underwater object detection and multi-label classi-
fication using the Fathomnet dataset. Detailed performance metrics, including mAP@20 scores, are pro-
vided to illustrate the effectiveness of the proposed augmentation technique. The chapter also includes
qualitative evaluations, such as attention map visualizations, which highlight the models’ strengths and
areas for improvement. The discussion covers the impact of data imbalance, environmental variability,
and the robustness of the models in real-world scenarios. Furthermore, the out-of-distribution detec-
tion capabilities of the models are examined, showcasing their reliability in handling diverse and unseen
data.

Chapter 6: Conclusion:This chapter summarizes the key findings of the research, emphasizing the
success of the proposed methods in enhancing underwater image analysis. It reiterates the improve-
ments achieved through the Depthditter augmentation and the competitive performance of the models
without relying on external data sources. The conclusion also identifies several areas for future work,
including enhancing dataset diversity, addressing data imbalance, improving model interpretability, ex-
ploring real-time deployment, and ensuring robustness to environmental changes. These directions aim
to build upon the current findings and further advance the field of underwater image analysis for marine

exploration and conservation.
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In this chapter, we will summarize the state-of-the-art(SOTA) methods regarding two in-depth tasks:
object detection and multilabel classification, which we will use for out-of-distribution(OOD) detection
task later on. Object detection requires identifying and localizing objects in the image, where the inputs
are an image, and the outputs are bounding boxes and class labels of the detected objects. The task of
multi-label classification requires predicting several applicable labels for an image and aims to predict all
valid labels for a given image. Performance of both tasks is typically measured using the mean Average
Precision (mAP) metric that calculates how accurate a prediction is across class and threshold. We will
then briefly discuss about the benchmark datasets like COCO, Pascal VOC on airborne images and also

point out the limitations of these traditional methods in underwater environment.

2.1 Evolution of Object Detection Models

Object detection and localization play a vital role in computer vision, being a critical task. The progress
in object detection can be divided into two distinct periods: the era of "traditional object detection” prior

to 2014, and the subsequent era of "deep learning-based detection” [1].
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Figure 2.1: The evolution of object detection in the past twenty years.Source: [1]

Figure 2.1 demonstrates a visual summary of the most significant object detectors over the past
twenty years, which includes pre-deep learning and post-deep learning development of object detection.

The points below summarize the significant advancements in the field of object detection:

2.1.1 Traditional Detectors

Traditional object detection algorithms have been largely depended on hand-crafted features, rather
than directly learning from data.Specifically, these methods utilize pre-defined techniques for feature ex-

traction to learn patterns in the images that can be used later for detecting objects. Though they are



foundational algorithms in the field, traditional object detectors are limited in their ability to develop hand-
crafted features, thus limiting their ability to generalize complex and diverse data. Rather than learning
new features on their own from large datasets, they are less adaptive in various lighting, viewpoints and
occluded image data which are very important in marine environment. Below, some of the traditional
object detectors discussed -

Viola Jones detector: In the early 2000s, P. Viola and M. Jones were able to achieve real-time human
face detection without any limitations [29]. The authors introduced the notion of the Integral Image, a
concept that allows fast calculations of features used in object detection. The integral image is a data
structure that allows computing the sum of pixel values in any rectangular region of the image in constant
time. The image is first preprocessed with a limited amount of operations per pixel. This allows computa-
tionally fast evaluations of Haar-like features at any location and any scale within the image. The authors
also incorporated a learning algorithm based on AdaBoost, which allows for the selection of only a few
critical visual features, as opposed to the much larger set of features. The feature selection process is
considered to be very important in the development of efficient classifiers. This detection mechanism
utilizes Haar-like features, which are merely basic rectangular patterns that use special characteristics
of images effectively. When using the integral image representation with Haar-like features, the rapid
computation and efficiency of the detection system, particularly for face detection, can be facilitated.
HOG Detector: The introduction of the Histograms of Oriented Gradients (HOG)-based approach for
human detection by N. Dalal and B. Triggs resulted in significant improvements compared to existing
feature sets [30]. The HOG descriptor is calculated based on a dense grid of uniformly spaced cells
which capture the particular gradient orientations and thus provide a better representation of the human
shape. A linear Support Vector Machine (SVM) classifies each image, balancing efficiency and speed,
such that the human detection system can process images very quickly with just a slight cost in accu-
racy. Additionally, local contrast normalization helps the descriptor with its robustness towards changes
in illumination and background clutter, thereby enhancing the reliability of the feature. The method incor-
porates fine scale gradients and efficiently uses up to 9 orientation bins to further improve the accuracy
of detection. Descriptor blocks are used to overlap for segments of the image in order to reduce the miss
rate by about 5%. The method also introduced a new dataset that contains more than 1800 annotated
images to support analysis, contributing to robustness across a wide variety of poses and backgrounds.
Furthermore, the combination of features and techniques yields a very good human detection system,
achieving nearly perfect results on the MIT pedestrian database and creating a benchmark in the field.
Deformable Part Model(DPM): Deformable Part Models (DPMs) [31] function as object detection frame-
works that conceptualize objects as sets of deformable parts with filters that model local appearance
features. The ability of the model to account for variability due to changes in viewpoint, human pose, or

occlusion is achieved by modeling the spatial relationships and configurations of parts with the use of



springs.

DPMs can be understood in the context of pictorial structures, representing a star-structured model
where the root filter captures the entire object and the part filters capture the local information and
object features. The model is trained using a discriminative strategy whereby the decision boundary
between positive and negative examples is optimized to improve detection.

A major advance of DPMs is the use of latent variables that allow the model to learn unlabeled part
centroid locations through a latent SVM formulation. The optimization proceeds in an iterative man-
ner by alternating between fixing the values of the latent variables to improve the visible part locations
or training latent location parameters to separately maximize the fit between the negative and positive
examples. The use of latent variables provides a way for the model to accommodate both inter-class
variability (e.g. bear versus dog) and non-rigid deformations (e.g. a dog curling up).

DPMs provide state-of-the-art performance on benchmark datasets such as PASCAL VOC by utilizing
intelligent optimization and feature representations including Histogram of Oriented Gradients (HOG). By
modeling complex categories using mixtures of deformable parts, DPMs established a new foundational

technique in object localization and detection.

2.1.2 CNN based Two-stage Detectors

After reaching a peak in the performance of manually designed features, progress in object detection
research stagnated after 2010. However, the introduction of convolutional neural networks in 2012 by
A. Krizhevsky reinvigorated the field of object detection [32]. These deep convolutional neural networks
have the ability to learn robust and high-level features from images. In 2014, R. Girshick et al. published
a paper titled "Regions with CNN Features” which further advanced the field of object detection [2].

Since then, object detectors have continued to rapidly evolve.

R-CNN: Regions with CNN features
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Figure 2.2: Architecture of RCNN [2]

RCNN: The main idea behind RCNN is quite simple, it starts by generating a set of object proposals,
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which are candidate bounding boxes, using a method like selective search [33]. These proposed regions
are then standardized to a uniform image dimension and passed through a pretrained CNN model, such
as AlexNet [32], to extract relevant feature representations. These feature vectors are then used for two
main purposes: to determine if an object is present in each proposal and to categorize the object using

linear SVM classifiers.

This approach significantly improved the mean Average Precision (mAP) from 33.7% to 58.5% on
the VOCO7 dataset, outperforming previous methods like DPM-v5 [31]. However, a notable limitation
of RCNN is its long detection times, mainly due to repetitive feature computations over a large number
of overlapping proposals. This often leads to long processing time which is far from real-time. To
overcome this limitation, a subsequent advancement called SPPNet [3] was introduced in the same

year, significantly improving the computational efficiency of object detection.

Object detection accuracy improvements
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Figure 2.3: Accuracy improvement of the object detectors on VOC and MSCOCO datasets. [1]

SPPNet: In 2014, K. He et al. proposed the Spatial Pyramid Pooling Networks (SPPNet) [3] as a
solution to the fixed-size input requirement of previous CNN models like AlexNet [32]. The key innovation
of SPPNet is the inclusion of a Spatial Pyramid Pooling (SPP) layer, which enables a CNN to generate
a fixed-length representation regardless of the size of the image or region of interest, without the need
for rescaling. When SPPNet is used for object recognition, the feature maps are computed once for the
entire image and fixed-length representations of random areas are created for training the detectors.

This approach eliminates the need to compute the convolutional features again.
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Figure 2.4: Architecture of SPPNet [3]

SPPNet enhances performance compared to R-CNN while preserving detection accuracy (VOCO07
mMAP = 59.2%). Nevertheless, there are limitations associated with SPPNet: it continues to be training in
a multi-stage fashion and continues to only fine-tune the fully connected layers, while the earlier layers
remain fixed. To address these concerns, Fast R-CNN [4] was introduced later in the same year.

Fast R-CNN: In 2015, Girshick introduced the Fast RCNN detector [4], which builds on the advances
of R-CNN and SPPNet [2] [3]. The Fast RCNN detector enables simultaneous training of a detector and
a bounding-box regressor within the same network configuration. By doing so, it significantly improved
the mean average precision (mAP) from 58.5% (achieved by RCNN) to 70.0% on the VOCO07 dataset,

while also being nearly 200 times faster in terms of detection speed compared to R-CNN.
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Figure 2.5: Fast RCNN Architecture [4]

However, despite effectively combining the advantages of R-CNN and SPPNet, the detection speed
of Fast R-CNN is still constrained by proposal detection. Subsequently, Faster R-CNN [5] was published,
offering further enhancements in performance.

Faster R-CNN: In 2015, Ren et al. introduced the Faster RCNN detector [5] as an improvement
over the Fast R-CNN. The Faster R-CNN, which operates at near-real-time speeds, achieved a COCO
MAP@.5 of 42.7% and a VOC07 mAP of 73.2% when using ZF-Net, with a frame rate of 17fps [34]. The

12



key contribution of the Faster R-CNN is the introduction of the Region Proposal Network (RPN), which
allows for efficient region proposals. Over time, various components of object identification systems,
including proposal detection, feature extraction, and bounding-box regression, have been integrated
into a single learning framework, starting from R-CNN and progressing to Faster RCNN. Despite the
performance improvements of Faster RCNN over Fast RCNN, there still remains some redundancy in the
subsequent detection step. Subsequent advancements, such as RFCN [35] and light head RCNN [36],
have been proposed to address these issues.

classifier
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Figure 2.6: Architecture of Faster RCNN [5]

Feature Pyramid Network: In 2017, T.-Y. Lin et al. proposed the concept of FPN (Feature Pyramid
Network) [37] as a solution to the limitations of deep learning-based object detectors that only relied on
the top layer feature maps of the networks. While the deeper layers of a convolutional neural network
(CNN) are valuable for category classification, they are not effective for object localization. In order to
address this issue, FPN introduces a top-down architecture with lateral connections, allowing for the
development of high-level semantics at all scales. By leveraging the inherent feature pyramid structure
created by a CNN during forward propagation, FPN achieves significant advancements in object recog-
nition for objects of different sizes. The application of FPN in a simple Faster R-CNN system yields
state-of-the-art results for single model identification on the COCO dataset, with a COCO mAP@.5 of
59.1%.

2.1.3 CNN based One-Stage Detectors

Many object detectors follow a two-stage approach, where the first stage focuses on detecting proba-
ble objects to achieve high recall, and the second stage fine-tunes the object location and increases

discrimination. While these two-stage detectors can achieve high accuracy without the need for addi-
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tional features, their slow processing speed and high computational complexity make them impractical
for real-world applications. On the other hand, one-stage detectors aim to detect all objects in a single
step, making them popular for mobile devices due to their real-time processing capability and ease of
deployment. However, one-stage detectors may struggle to effectively identify densely positioned and
small objects.

YOLO: The YOLO (You Only Look Once) framework for object detection was first introduced by R.
Joseph et al. [6] in 2015, marking the emergence of one-stage detectors in the deep learning era [6].
YOLO is well-known for its impressive speed, with a faster variant achieving a remarkable 155 frames
per second (fps) and a mean Average Precision (mAP) of 52.7% on the VOCOQ7 dataset. An enhanced

version maintains a rapid pace at 45 fps while achieving a higher VOC07 mAP of 63.4%.
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Figure 2.7: YOLO Architecture [6]

Unlike traditional two-stage detectors, YOLO utilizes a single neural network that processes the en-
tire image. This network divides the image into regions and simultaneously predicts bounding boxes
and object probabilities for each region. However, compared to two-stage detectors, YOLO sacrifices
some localization accuracy, particularly for small objects. To address this issue, subsequent revisions
of YOLO, such as YOLOv7 [38] and the addition of Single Shot MultiBox Detector(SSD) [39], have fo-
cused on improving localization accuracy. YOLOv7 utilizes two major advancements—dynamic label
assignment, which assigns the best-suited labels to anchors during training, and model structure repa-
rameterization, which optimizes the models through changes to physical parameters to provide a more
efficient inference time. These developments allow YOLOV7 to outperform all other object detectors cur-
rently developed in terms of Speed (5 - 160 FPS) and Model accuracy. [38].

Single Shot Multibox Detector: SSD (Single Shot MultiBox Detector) was introduced by W. Liu et
al. in 2015 [39], representing a significant breakthrough in the field of object detection. One of the
key contributions of SSD is its utilization of multi-reference and multi-resolution detection techniques,
which greatly enhance the accuracy of one-stage detectors, particularly when dealing with smaller ob-

jects. This unique approach offers SSD a dual advantage: it achieves impressive detection speed and

14



accuracy, achieving a COCO mAP@.5 score of 46.5%, with a faster variant capable of running at an im-
pressive 59 frames per second (fps). Unlike previous detectors that mainly focused on detection within
their top layers, SSD stands out by its ability to detect objects of different scales across multiple layers
of the neural network.

RetinaNet: Despite their advantages in terms of speed and simplicity, one-stage detectors have his-
torically lagged behind two-stage detectors in terms of accuracy. In 2017, T.-Y. Lin et al. sought to
understand the reasons behind this performance gap and proposed a solution called RetinaNet [40].
Their investigation revealed that the significant foreground-background class imbalance encountered
during the training of dense detectors was the primary cause. To address this issue, RetinaNet intro-
duced a novel loss function called "focal loss.” This loss function modifies the conventional cross-entropy
loss, giving the detector a stronger focus on challenging and misclassified examples during training. The
introduction of focal loss proved to be a game-changer, allowing one-stage detectors to achieve accu-
racy levels comparable to those of two-stage detectors, while still maintaining a high detection speed.
Specifically, RetinaNet achieved a COCO mAP@.5 score of 59.1%.

DETR: In recent years, Transformers have had a significant impact on deep learning, particularly
in the field of computer vision. Unlike traditional convolutional operators, Transformers rely solely on

attention processes to enable the development of a global-scale receptive field.
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Figure 2.8: DETR architecture [7]

In 2020, N. Carion et al. proposed DETR [7], a groundbreaking approach that treats object detection
as a set prediction problems. They put forward an end-to-end detection system, rooted in Transforms,
that eliminates the use of anchor boxes or anchor points by directly predicting the location and class of
objects. The object detection model, DETR, used bipartite matching to associate predictions to ground
truth object during training and enabling the model to learn object detection without any anchor mecha-
nism. This approach transformed object detection due to its engineering simplicity and ability to improve
performance. Building on this, X. Zhu et al. introduced Deformable DETR [41] to address DETR’s
long convergence time and challenges in recognizing small objects. This innovative technique achieved
state-of-the-art performance on the MSCOCO dataset, achieving a COCO mAP@.5 score of 71.9%.
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2.2 Multi-label Classification

Multi-label image classification must assign more than one relevant label to a single image, in contrast to
single-label classification where one label is predicated. This is useful in complicated situations such as
the marine environment, where an image may have multiple species of marine habitats, lots of different
underwater features, or objects like coral reef and marine debris that must be identified together. This
task requires recognizing one or multiple objects, which can also overlap, within one frame, and that
in itself is difficult. In this section, we will summarize the ways, challenges, and novel developments in

multi-label image classification, while emphasizing underwater image exploration.

2.2.1 Early Research & Foundation

Acknowledging the earlier works for multi-label classification, Boutell et al. (2004) [42] proposed one of
the initial frameworks for multi-label classification, taking into consideration situations in which instances
could belong to multiple classes at the same time; unlike the traditional single-label classification. The
work modified the process of redefining multi-class instances to making a classification assignment for
each label. Although applied to scene classification at first, their framework can be applied to many
areas; for example in medical diagnosis where a patient can have multiple conditions, or in a document
classification where text can belong to multiple categories. Their contribution demonstrated how useful
it is to construct models to account for label correlation and dependencies; which was stimulation for

many proposed approaches into the multi-label classification space.

Models of Training

In multi-label classification, multiple models are used to deal with the difficulty of instances associated
with multiple labels. The main difference among them is how they process multi-label data; to do this,
some models will make the problem easier, while others will ignore the label information or utilize the
label information to its full extent. In the following list, we summarize several common approaches to

training models with multi-label data which was introduced by Boutell et al. [42]:

MODEL-s (Single-label): Assigns the class with the highest dominance to multi-label data.

MODEL-i (Ignore): Ignores multi-label data while training.

MODEL-n (New Class): Creates new classes for multi-label data, though this is done at the

expense of data sparsity.

MODEL-x (Cross-training): The use of multi-label data multiple times augments data utilization

and enhances accuracy.
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Testing Criteria

To effectively evaluate and compare the performance of multi-label classification models, a set of testing
criteria is especially useful in scenarios where we have a complex judgment task, such as underwater
image exploration, where the criteria would help us judge how well our model predicts a number of
labels for each specific instance, and how well it handles overlapping classes. In their article "Learning
Multi-Label Scene Classification” published in 2004, Boutell et al. [42] introduced a set of testing criteria

as determinants for model performance. The testing criteria that they introduce are as follows:
» P-Criterion (Positive): Labels all positive classes.
» T-Criterion (Top): Labels with the top scoring class even if scores are negative.

» C-Criterion (Close): Multi-class labels if the scores are close for top classes, constrained by a
threshold.

Their experiments on 2400 images show that their cross-trained models (MODEL-x) outperform others.
The delicate balance between recall and precision shown by the C-Criterion is excellent, and « is versa-
tile for performance evaluation.

Significant results are presented, showing that the introduction of cross-training (MODEL-x) dramatically
enhances the potential of multi-label classification. The C-Criterion effectively handles multi-label clas-
sifications, with a-evaluation providing a customizable approach to performance evaluation. Both the
methods combined result in robust multi-label scene classification, offering one of the promising direc-

tions for serving as an example with large datasets and different classifiers.

2.2.1.A Binary Relevance

Multi-label classification is particularly helpful in contexts where one example connects to multiple rele-
vant classes. For example, in underwater images, a single image may display multiple marine species
requiring classification and identification. Based on the survey by Tsoumakas and Katakis [43], multi-
label methods are broadly categorised into problem transformation methods and algorithm adaptation
methods. Problem transformation methods consist of Binary Relevance (BR) and Label Power-set (LP),
where multi-label problems are transformed into multiple issues of single-label classification. LP is a
straightforward and easily scalable approach but quite often lacks capturing the label correlation. In con-
trast, LP models the label correlation by treating each unique combination of labels, aiming at increasing
computational complexity with possibly low benefits. Advanced transformation methods, such as classi-
fier chains (CC), model label sequences in sequence, thus enhancing predictive power efficiently in BR.

Multi-label data handling has been an important direction of research, and many algorithms have been
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developed or adapted to make them natively support multi-label data. It does offer better performance
by inherently modeling label correlations. Starting from ML-kNN, which extends k-nearest neighbors by
considering prior probabilities, AdaBoost extensions like AdaBoost-MH and AdaBoost-MR [44] apply the
boosting technique for multi-label problems. Tsoumakas and Katakis [43] proposed label density and
label cardinality metrics to quantify how multi-label a dataset is, allowing one to relate method perfor-
mance across different contexts. They conclude that "simple” BR methods are sufficiently efficient, while
in more sophisticated methods CC, some adapted algorithms include label dependencies and, therefore

will increase the importance of balanced methods.

2.2.2 Advances in Multi-label Classification
2.2.2.A Classifier Chains

Binary Relevance (BR) is a very basic technique in multi-label classification, treating each label as an
independent binary classification problem. From its simplicity and scalability, although BR has been
criticized for not modeling interdependence between labels, these facts can lead to sub-optimal pre-
dictive performance. To remedy this drawback, Read et al. (2011) [45] have proposed the Classifier
Chains (CC) method by extending the BR to chain-linked binary classifiers to model label dependen-
cies. Each classifier in the chain predicts the relevance of a label using features and predictions made
by the preceding classifiers. Still computationally efficient, this approach dramatically improves predic-
tive performance by capturing label correlations.

Authors take the CC method a step further by incorporating it within an ensemble framework, named
ECC, in which it trains numerous CC models with random orders of labels, and their predictions are
averaged out to offer more robust and accurate predictions at the same time avoiding problems like error
propagation along the chain. Extensive empirical studies on several multi-label datasets have shown
that CC and ECC have better predictive performance and good computational efficiency than traditional
BR and other state-of-the-art methods. The study at this moment indicates the efficiency of BR in con-
siderable improvements due to label correlation incorporation, which is done by means like CC and ECC,

making them potent means for large-scale multi-label classification tasks.

2.2.2.B Ensemble Method (Random k-Labelsets)

Tsoumakas and Vlahavas (2007) [46] further enhanced the field with the Random k-labeLsets algo-
rithm. To tackle this problem, an RAKEL develops a pool of base classifiers for predicting with the help of
a random set of labels generated for each training instance. The difficulty it addresses, due to the label
correlations, is solved by learning the single-label classifiers that will predict each element in a powerset

of the subset—effectively balancing the gap between the dependencies learned between the labels and
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the computational burden of the task.

They have demonstrated that their experiments were validated in quite a few domains, such as pro-
tein function classification, document categorization, and semantic scene analysis, in which RAKEL
outperformed the traditional measures of BR and Label Powerset (LP). The results showed that both

classification accuracy and challenges in multilabel classification are improved by RAKEL.

2.2.3 Deep Learning Approaches

VGG ConvNet
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Figure 2.9: An example of the CNN-RNN multilabel classification system for images, where the label dependency
and relationship between the picture and label are captured by the framework, which learns a joint
embedding space. Here, red and blue points correspond to the label and image embeddings, while the
black ones correspond to the sum of the image and recurrent neuron output embeddings. The label
embeddings are concatenated in the joint embedding space concerning the co-occurrence dependen-
cies of the labels. Taking the picture embedding and the output of the recurrent neurons, at every time
step, an estimation of the likelihood of a label is made [8].

2.2.3.A  CNN-RNN: A Unified Framework for Multi-label Image Classification

The unified framework proposed by Wang et al. (2016) [8] extends a combination of Convolutional
Neural Networks (CNNs) with Recurrent Neural Networks (RNNs) for solving multi-label classification
challenges. Traditional methods often assume independence among labels, and hence, essential label

dependencies are ignored. A CNN-RNN framework incepted from a unified framework learns a joint
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image-label embedding in capturing semantic label dependencies and the relevance of the image-label.
The CNN extracts the semantic representations from the images, while the RNN models the relation-

ships between labels using its sequential processing capabilities.

The CNN-RNN model [8] can jointly model image features and label embeddings in this shared em-
bedding space. The ability of an RNN to incorporate contextual information of the predicted labels and
condition future predictions comes from the use of recurrent neurons. Adaptively using this to focus
within an image would be beneficial for the smaller objects, which are missed by using only global im-
age features. End-to-end training is one of the significant advantages of this framework. It can train a
model directly without forcing the engineer to manually design the model so that it integrates all image
features and besides, all label dependencies. The unified approach also captures the redundancy in
label semantics, which reduces computational time and promotes generalization by allowing the use
of shared parameters for semantically similar labels. Experiments were done on benchmark datasets
like NUS-WIDE, Microsoft COCO, and PASCAL VOC 2007 for the CNN-RNN framework. Among ex-
isting methods, it was observed that this method achieved the lead in effective models, especially in its
complicated label dependencies and in varying object sizes within images. Deconvolutional networks
were employed to visualize the model’s capability to focus on different regions of an image in predicting

various labels, which was human-like in multi-label classification.

2.2.3.B Spatial Regularization with Image-level Supervisions for Multi-label Image Classification

Feng Zhu et al. (2017) [9] introduced a Spatial Regularization Network for improved multilabel image
classification, capturing semantic and spatial relationships between the labels using only image-level
supervision. Classic methods fell into the aspect of very often failing in the spatial modeling dependen-
cies since most of them did not have spatial annotations. The spatial regularization network generates
attention maps for each label and applies learnable convolutions to capture the underlying relationships
among the labels. The classification results of regularization, in turn, become consolidated with those
obtained in a ResNet-101 network for enhanced performance.

Additionally, end-to-end training of the SRN framework eliminates extra efforts toward annotation, which
is usually difficult. This is further evidenced since the SRN performs remarkably when tested on stan-
dard public datasets like NUS-WIDE, MS-COCO, and WIDER-Attribute, proving its strong generalization

ability against state-of-the-art methods.

2.2.3.C Cross-Modality Attention with Semantic Graph Embedding for Multi-Label Classification

Renchun You et al. (2020) [10] developed a new framework that considered the shortcomings of pre-

vious multilabel classification approaches and integrated cross-modality attention with semantic graph

20



Spatial Regularization Net
Input Image

sunset water

f
I
1
1
1
1
1
1
I
1
]
1
1
1
1
I
I
1
1
\

Label Attention Maps

[ CNN]

[ Learnmg Spatial Regu/ar/zatfon ]

R 2 T
| clouds: 0.803 sky: 0.945 l 1 clouds: 0.880 sky: 0.973
! lake: 0.685  sun: 0.339 jup gy lake: 0.679 sun: 0.519
) ocean: 0.974 sunset: 0.908 ocean: 0.966 sunset: 0.903

\-———————————————————

e

: rocks: 0.405 water: 0.958 : : rocks: 0.526 water: 0.963
/nitial Confidences Regularized Confidences

Figure 2.10: lllustration of Spatial Regularization Net(SRN) [9].

embedding. Previously, these methods essentially disregarded the explicit relations between semantic
labels and regions of the image, making them underperforming. In light of these shortcomings, they
introduced a novel method: Adjacency-based Similarity Graph Embedding (ASGE), a model for learn-
ing semantic label embeddings to capture rich label relations. These embeddings are used in guiding
the generation of cross-modality attention maps, which is beneficial for improving the model’s ability
to locate discriminative features and capture spatial dependencies among the labels. The CNN-based
backbone is used to extract the visual features, which are projected by the Cross-Modality Transformer
(CMT) module into semantic space. The learned label embeddings develop category-specific attention
maps for each respective label, thereby bringing out respective relevant regions in the image for each
specific label and allowing the model to pay more attention to the relevant areas and less to the not-so-
meaningful regions.

The effectiveness of this method has been well explored on benchmark datasets, including MS-COCO,
NUS-WIDE, and YouTube-8M Segments. Experiment results showed that the cross-modality atten-
tion mechanism achieves state-of-the-art or better performance on the multilabel image classification
task. Besides, the model established new performance benchmarks on image and video classification

datasets with strong generalization capability.
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Figure 2.11: General architecture for the MLIC task of the MS-CMA. Label embeddings are given through ASGE.
At the early stage, backbone network extraction of the visual data, which are projected in semantic
space to get the projected visual features through the CMT module. The projected visual features and
learned label embeddings are input into the CMA module to prepare category-wise attention maps.
These maps are then used to average the visual features and produce category-wise aggregated
features weightedly. The classifier is then utilized to make the last prediction [10].

2.2.3.D Multi-Class Attentional Regions for Multi-Label Image Recognition

The MCAR model presented by Gao and Zhou [11] is a two-stream approach tailored to efficiently and
effectively recognize multiple objects in an image. It comprises a global image stream and a local region
stream, merging the gap between global image features and the local region.

Global Image Stream: This entire image was processed in this stream to extract global features using
a deep convolutional neural network. These global features give a general idea of what the image con-
tains.

Local Region Stream: This stream operates on the areas of the image identified by the global stream.
The MCAR module dynamically creates very few diversified attentional regions to maintain a high diver-
sity level, all the while not incurring high computational costs. These areas are then dissected in detalil
for better accuracy in object recognition.

Key Contributions Region Localization: The MCAR framework designs an extra parameter-free
module to suppress irrelevant context, using an attention mechanism on effective regions and relieving
heavy object proposals or bounding-box annotations. The underlying idea is that human visual percep-
tion relies on global context to steer attention to the particular areas of the visual field.

State-of-the-Art Performance: The new state-of-the-art results by Gao and Zhou’s method rely on their
extensive benchmarking on MS-COCO and PASCAL VOC datasets in multilabel image classification. It
greatly enhances the existing approaches to semantics in images without involving label dependencies.
Robustness and Generalization: The excellent design of the MCAR framework is demonstrated to

stand well under various circumstances—worldwide pooling strategies, input sizes, and network archi-
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Figure 2.12: The multi-label image recognition pipeline of the MCAR framework commences with extracting the
global image stream for feeding an input image into the deep CNN model to obtain its global feature
representation. The multi-class attentional region module approximates the localization of regions of
potential objects by adding data from the global stream. The MCAR technique is then applied later for
inference by aggregating the final prediction through category-wise max-pooling of predictions from
both the local and global streams. These localized regions are ultimately input to the shared CNN to
acquire the expected class distributions via the local region stream [11].

tectures. High performance can be obtained at much reduced computational costs, which is appropriate

for the practical application.

2.2.3.E Transformer-based Dual Relation Graph for Multi-label Image Recognition

After that, Jiawei Zhao et al. (2020) [12] proposed a new Transformer-based Dual Relation Graph
(TDRG) framework for multilabel image recognition. Most traditional methods of multi-label classifica-
tion rely on static label correlations or use simple co-occurrence statistics, which may not model the
complex relationship between labels within an image adequately. The TDRG framework thus models
structural and semantic information jointly by two mutually complementary relation graphs: a structural
relation graph and a semantic relation graph.

Structural Relation Graph The long-range contextual correlation of the regions is learned within the
object context by the structural relation graph. This architecture allows position-wise building of spa-
tial relations across scales, which is very important for high-precision recognition of objects with sig-
nificant variations in size and appearance. The application of transformers in this context widens the
receptive capability of conventional CNNs, allowing the model to look at global contextual information
effectively. Semantic Relation Graph The semantic relations graph manages to model the dynamic
semantic meaning of image objects by explicit semantic-aware constraints. Compared to the static
approaches, this graph is also adjusted dynamically to the specific content of each image, which, there-

fore, enhances the model’s capability to deal with objects that tend to have less frequent co-occurrences.
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Figure 2.13: The general structure of the Transformer-based Dual Relation Graph (TDRG) network, which is com-
prised of two fundamental modules: the semantic relation graph module, which models the dynamic
class-wise dependencies, and the structural relation graph module, which incorporates long-term con-
textual information [12].

Moreover, structural information in the semantic graph enhances the robustness of the representations
by integrating both the mechanisms of adjacent correlation construction and feature-wise complemen-
tary mechanisms.

Collaborative Learning The TDRG framework employs a collaborative learning approach to optimize
both the structural and semantic relation graphs jointly. This ensures that, in the final classification
model, the spatial relationships captured by the structural graph and the semantic dependencies mod-
eled by the semantic graph can be taken advantage of. The collaborative learning process significantly
enhances the model’s performance on multi-label classification tasks since it dramatically enriches the

depth and breadth of understanding of image content.

2.3 Overview of Underwater Object Detection and Classification
Methods

Object detection and classification is an important aspect in underwater computer vision and image pro-
cessing, which enables computers to understand and analyze underwater scenes. Understanding and
interpreting underwater scenes is critical to understanding and utilizing marine environments and shows
the possibility of impacts in revealing and utilizing underwater resources. Object detection has been tra-
ditionally researched using manually engineered features; although feature engineering has established

early research in the field, there are significant limitations in their performance in real-world underwater
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situations. Relying on handcrafted features for analysis requires specialized knowledge, with complex
algorithmic adjustments and measurements for systems relying primarily on humans to handle variable
underwater settings; furthermore, handcrafted features often lack universality and have a lower true pos-
itive rate, which limits the contributions to related fields.

Recently, there has been a sea-change towards deep learning methods in the domain of underwater
object detection. The deep learning paradigm has the potential for the models to automatically learn
hierarchical feature representations from raw data and reduce dependency on manually engineered fea-
tures. This evolution resolves so many of the challenges of traditional methods, with an increase in
flexibility and accuracy around challenging underwater sessions. The use of deep learning does not
solely advance an understanding of underwater scenes, but it can significantly move forward exploration
capabilities and factually support a sustainable use of marine resources. According to Jian et al. [18], in
this field, many methods have been devised over the years, and they can be broadly grouped into two
general styles of methods: classical methods using handcrafted features and modern methods based on
neural networks or deep learning. Duan et al. [47] thoroughly reviewed the state of research concerned
with the visual attributes of marine organisms—including size, shape, and color—seen from a computer
vision perspective. Their work analyzed several stages of image processing, from image acquisition to
contour extraction to feature calibration to calculations. They also addressed the use of computer vision
methods to diagnose, detect, and classify diseases in aquatic organisms. However, such traditional
methods are sometimes severely limited in terms of their practical application under real underwater
conditions (e.g., variable light, visibility, the dynamic nature of aquatic organisms).

Lighting conditions play a vital role in underwater image quality and object detection & classification ac-
curacy. Wu et al. [48] studied the impact of various lighting environments on the characteristic of under-
water images, specifically, modifying various image processing algorithms to extract invariant features
that will be less affected by each of the lighting environments during experimentations with underwa-
ter detections of red ball objects, to see what was feasible and reliable depending on the underwater
illumination conditions. This work led to further understandings of how lighting conditions could effect
invariant feature extraction techniques by each of the lighting environments and, overall performance
of underwater object detection system. In addition, Yu et al. [49] conducted research on techniques
of data collection of marine habitats, comparison of different datasets and some preprocessing tech-
niques of underwater images. They also studied about the application of object detection algorithms
in underwater datasets. The study by Peng et al. [50] explored the use of deep learning techniques
for preprocessing underwater images. They reviewed the advantages of deep learning approaches to
real-world underwater imaging challenges such as varying lighting conditions and water turbidity. They
also noted the limitations of existing deep learning models, and suggested improvements such as the

formulation of stronger architectures and the inclusion of domain-level knowledge to tackle underwa-
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ter application challenges. Jian et al. [18] did a comprehensive survey on the techniques used by the
researchers for object detection and tracking in underwater images. The summary is given in a table

format below - Underwater object detection techniques can be classified into three categories based

Table 2.1: Summary of underwater object detection methods based on traditional artificial features. Source: [18]

Category Reference

Texture features Han and Choi [51]; Beijbom et al. [52]; Nagaraja et al. [53]; Fatan
et al. [54]; Srividhya and Ramya [55]; Shi et al. [56]

Color and motion features | Gordan et al. [57]; Chen and Chen [58]; Singh et al. [59]; Komari
Alaie and Farsi [60]; Susanto et al. [61]

Saliency detection Wang et al. [62]; Zhu et al. [63]; Jian et al. [64]

upon traditional-techniques, as shown in the table2.1 above: object detection using texture features, ob-
ject detection using color and motion features, and object detection using saliency detection. Generally,
most of the initial work in underwater object detection relied heavily on texture-based analysis, as this
type of analysis is easier to implement. When considering color and motion features, this technique
relies on the dynamic aspects of underwater environments, such as marine life movement and changes
in illumination. Commercial and scientific aerial cameras may also exploit color and motion features to
facilitate detection. The most recent type of categorization is saliency detection, which attempts to iden-
tify the most distinguished visual features, in an image, to aid object detection, especially for complex
scenes. Despite the contributions of traditional methods in earlier years, all of the traditional methods
are not robust against noise, varying light conditions, and occlusion, perhaps indicating the need for
more advanced techniques based upon deep learning that will account for some of these challenges.

The table2.2 provides a summary of the various algorithms developed with deep learning for underwater

Table 2.2: Summary of the deep learning methods for underwater object detection. Source: [18]

Category Reference

Single-stage algorithm Liu et al. [39]; Bochkovskiy et al. [65]; Hu et al. [66]; Ge et al. [67];
Lei et al. [68]

Two-stage algorithm Girshick et al. [2]; Girshick [4]; Ren et al. [69]

High noise and low con- | Chen et al. [70], [71]; Sun et al. [72]

trast

State changes and occlu- | Yang et al. [73]; Lin et al. [74]; Lau and Lai [75]; Zhang et al. [76]

sion

Shadows and uneven illu- | Song et al. [77]; Cao et al. [78]; Li et al. [79]; Ding et al. [80]; Yu

mination et al. [81]; Fan et al. [82]; Wei et al. [83]; Chen et al. [84]

Weak lighting and low | Rashwan et al. [85]; Chen et al. [86]; Han et al. [87]; Ge et al. [67],

quality b; Liu et al. [88]

Low data volume Zurowietz and Nattkemper [89]; Zeng et al. [90]

Saliency detection Li et al. [79]; Mou et al. [91]; Zhou et al. [92]; Chen et al. [93]

object detection organized by each focus area/technique. Generally, single-stage algorithms are used

for real-time detection. Each of the single-stage algorithms listed is able to directly predict the placement
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and class of pools in one prediction. Each of the two-stage methods first proposes region proposals for
the object or objects and the class regard after which the model is able classify more accurately than
can be achieved with a single prediction while sacrificing some speed. Certain methods concentrate on
the problem of noise and low contrast of underwater images while others focus on the issues with state
change and occlusion that can occur in a dynamic marine environment. Other methods focus on the
dealing with shadows and illumination changes to maintain a high accuracy rate for finding objects even
with the illumination has changed from undulating object movement. Further, some methods deal with
weak lighting and quality of images to mitigate error associated with the generative algorithms of high
resolution and reliable computer detection. Further, low data availability is an issue tempoed and dedi-
cated methods have been developed to address all situations in which the data are controversial in the
number of training available and generally, the type of model used to implement. Finally, saliency detec-
tion consideration considered generated of sensing and situating the most salient or prominent objects
from the backgrounds subjects of the underwater environments. This extensive and diverse amount of

methods demonstrates how well deep learning can promote and facilitate underwater object detection.

2.3.1 Improving Model Robustness through Data Augmentation

Data augmentation is an important and useful tool for improving the robustness of a model to deep
learning failure in computer vision (CV) settings, particularly in challenging environments like underwa-
ter imaging. When augmentations are made to a dataset by artificially enlarging the current available
dataset, these augmentations improve the ability of the algorithm to generalize to new data and possible
future loss of performance in a real-world application.

Leveraging these techniques in computer vision is one of the contributions of this research, to address
model robustness. Geometric transformations, which may appear as rotation, scaling, and flipping in
addition to color changes (brightness, contrast, hue modifications, etc.) using the PyTorch ColorJit-
ter Library, can simulate the variety of conditions that typically occur with underwater images. Other
augmentation methods such as adding noise, blurring and sharpening, to successful computer vision
models may also improve the model’s ability to adapt to situations regularly encountered underwater as-
sociated with low visibility, increased noise and variability in image quality. Methods utilizing cutouts—a
methodology where spatial areas of an image are randomly obscured—train models to recognize ob-
jects that could be partially occluded at the time of capture, which commonly appears with vegetation or
other marine organisms when framing an underwater scene. Generating synthetic data, typically relying
on Generative Adversarial Networks (or GANs), provide more examples with desirable properties and
variations necessary when real accessible data is limited if available at all.

These augmentation techniques contribute profoundly to the robustness of the underwater object detec-

tion system, by improving the performance and adaptability in complex underwater environment.
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2.4 Challenges & Limitations

2.4.1 Technical Challenges

Traditionally, most established object detection and classification methods have been evaluated in the
context of airborne or terrestrial data, their applicability to underwater imaging an open question. The
underwater environment poses challenges that are unique in terms of lighting variability, particulate
visibility, and occlusion, and is not similar to airborne environment. The factors require approaches that
address the challenges associated with the underwater environment. Here we discuss the challenges

with underwater scenes and why these environments need to be separately considered.

A - Occlusions in Object Detection or Classification The underwater world is dynamic and com-
plex, making object detection or classification very challenging. In many cases, marine life, vegetation,
and particulates would occlude critical features of the objects, reducing the accuracy of object detection.
Traditional object detectors do pretty well in explicit, unobstructed scenes but fail to perform satisfactorily
in aquatic scenes unless trained for the same. For instance, a model trained on images of fish in open

water may not be able to recognize a fish that is partially covered by algae.

B — High False Positive Rates in Anomaly Detection Identifying anomalies in the unstable under-
water environment is challenging. Light behaves differently underwater, affecting object appearance and
visibility, and the swift water flow can change the background, causing common objects to be mistakenly
identified as anomalies. For instance, unusual shadowing caused by sunlight refraction through water
may lead to a harmless object being perceived as a hazardous anomaly. As a result, models might ei-
ther raise too many false positives or miss actual anomalies necessitating sophisticated definitions and

models of ‘normality’ in underwater contexts.

C — Complexity in Multi-label Classification Underwater views are usually packed with many ob-
served objects and species. This means that multi-label classification is required where a certain image
can be assigned to multiple labels. However, this task is complicated by dissimilar appearances of
objects, inter-class relations, and object scales vary greatly. These dependencies cannot be captured
using the classical multi-label classifiers that typically treat each label as an independent entity resulting

into misclassifications.

2.4.2 Broader Issues

A — Dataset Biases The effectiveness of machine learning models heavily relies on the quality and

representativeness of training data. Unfortunately, most available datasets are biased towards terres-
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trial images. Models trained on such data are likely to perform poorly in marine environments and
misidentifying or failing to recognize underwater objects. For example, a common coral structure might
be incorrectly classified as a foreign object due to its absence in the training set. Developing diverse
datasets that reflect the wide variety of underwater scenes is crucial for creating robust and accurate

models.

B — Model Interpretability The black box nature of sophisticated machine learning models presents
significant interpretability issues, especially in critical underwater applications. For instance, it would be
difficult to correct an autonomous underwater vehicle’s mistake if it misidentified a rock as a danger-
ous underwater mine. This lack of transparency in the model's decision-making process complicates
troubleshooting and improvement efforts. There is a strong need for explainable Al where the rationale

behind model decisions can be understood and trusted by human experts.

C - Computational Demands Capturing the information needed for precise underwater item and
anomaly identification requires high-resolution images. However, real-time analysis of this kind of data
necessitates large computer resources, which are frequently unavailable in isolated underwater locales.
Creating models that can operate on small, low-power devices without compromising speed or accuracy
is a problem. This is especially important for applications where delays might mean missing important

occurrences or not capturing fleeting phenomena, such as real-time monitoring of marine habitats.

D- Absence of Benchmark in Underwater Datasets: Setting up benchmarks specifically designed
for underwater conditions is essential to efficiently assess and create models for marine applications. In
order to create models capable of recognizing underwater items and abnormalities, these benchmarks
must take into consideration the particular constraints associated with the underwater environment, such

as fluctuating visibility, complicated backdrops, and different objects.

E - Environment Variability Changes in the underwater environment can occur quickly and signifi-
cantly. Changes in water clarity, depth, and time of day may all have a significant impact on how an item
appears in the light. Applications needing constant performance, such tracking marine life across time
or traversing underwater terrains for exploration, may find it difficult to use models learned in one set of
circumstances to perform effectively in another. The development of flexible models that can react to

shifting environmental circumstances must be the main goal of future study.

F - Unpredictable Elements Underwater surroundings present an additional layer of difficulty due to
their unpredictable nature. Rare aquatic creatures might suddenly materialize, or human activities could

bring inadvertent items like plastic garbage. Models that have not been exposed to these kinds of data
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may classify these unanticipated elements incorrectly. One of the main challenges facing researchers
is the construction of models that can swiftly adapt to new components on which they have not been

explicitly trained.

G - Need for Specialized Training Data Developing specialized underwater datasets that include a
wide range of marine settings and species is crucial to addressing these difficulties. Collaborations in Al,
oceanography, and marine biology can help achieve this, and robust model training can be supported

by the creation of synthetic data and data augmentation.
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3.1 Dataset Description & Preparation

The FathomNet dataset is an extensive underwater imagery dataset that has been amassed through
collaboration with the FathomNet community associated with the Monterey Bay Aquarium Research In-
stitute (MBARI). The dataset provides a variety of marine species images captured at various depths in
the ocean, in support of underwater object detection and classification research.

The quality and relevance of the provided imagery data was achieved through a selection process tar-
geting specific depth ranges, along with a specific search area to minimize species variation biases due
to location. Additionally, the search was limited to specific geographic regions to minimize the effects of
temporal species variation [13]. This dataset was constructed by concentrating on species that live at
the bottom, utilizing a list of concepts developed by local taxonomic specialists and all the represented

290 categories are benthic fauna captured by similar camera systems in that area.

Figure 3.1: S. fragilis. is the most commonly found concept in the Fathomnet 2023 Dataset both in the training and
the evaluation set.

All the camera systems were developed by the MBARI which were mounted on two Remotely Op-
erated Vehicles (ROVs). These data were collected exclusively from the Greater Monterey Bay Area
(35.38N to 37.199N, - 122.8479W to - 121.0046W) between the surface and 1300 meters depth [13].
The annotation with the dataset is provided in multi-label classification and object detection formats.
The multi-label classification annotations provides for each image a set of categories found in it. The
object detection annotations are presented in COCO Object detection standard format with each image
containing at least one localization. There are 20 semantic supercatogies in addition to the fine-grained

labels. Every supercategory is present in both the training and evaluation data, however not all fine-
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grained categories are represented in both sets [13].

3.2 Properties of Fathomnet 2023 Dataset

In the field of underwater image analysis and species identification, the properties of Fathomnet Com-
petition 2023 Dataset [13] have important effects for object detection/multilabel classification and out of
sample detection. The following are some significant ways that the characteristics of the dataset may
affect these areas:

Depth-Based Distribution: The Fathomnet 2023 Competition Dataset is divided into depth-specific
subsets to explore the distribution of the marine organisms. The training data comprises images from
0 to 800 meters depth while the evaluation data extends up to 1300 meters depth. This setup helps to
investigate how species distribution varies with depth. The species distributions in these two regions
overlap, but they are not exactly the same and they diverge as the vertical distance increases. Figure

3.2 shows the depth distribution in both train and test set.
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Figure 3.2: The overall distribution of categories in the FathomNet 2023 training and evaluation datasets. They
differ greatly from one another, with some classes existing in only one of them [13].

Characteristics: The Fathomnet training set contains 5950 images with 23703 localized annotations
and the evaluation set contains 10744 images with 49798 localized annotations.Of these, 6,313 images
were collected from deeper waters, beyond a certain depth threshold, and are considered as out-of-
distribution data [13]. The Fathomnet dataset is relatively long tailed as most of the fine grained image
datasets. The most frequently occurred category in both training and evaluation dataset is S. fragilis.

Beyond S. fragilis the order and magnitude of the other categories is quite variable between the sets.
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Figure 3.4: Annotation Sample of the Fathomnet Dataset

The dataset contains 290 categories which belong to 20 semantic supercategories. In the training set
157 categories of the 290 categories do not have any images and almost 80 of the categories have less
than 10 samples from which it can be told that the dataset is very imbalanced and long tailed. Figure
3.3 shows the distribution of the number of categories in the supercategories. It can be seen that fish
is the most represented and sea spider is the least represented supercategory in the Fathomnet 2023
Competition dataset.

Annotation and Localization Quality: In addition to fine-grained labels, the dataset offers annotations
in the forms of object recognition and multi-label classification. Every image has at least one localiza-
tion labeled as a supercategory. To train reliable object detection algorithms, these annotations’ quality
and detail are essential. Figure 3.4 shows some examples of the annotations which were provided with
the Fathomnet dataset. There are insufficient annotations and label noise in certain photos which may

result in a decrease in the performance of the model, especially when it comes to differentiating closely
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related species or recognizing animals that are partially obscured or fuzzy. Representation of Super
Categories and Fine-Grained Categories: In the Fathomnet 2023 dataset all the Super Categories are
represented in both the training and evaluation dataset but not all fine-grained categories are present in
both sets. This imbalance can lead to biased models that perform well on over-represented categories
but poorly on underrepresented or unseen categories. In out-of-distribution detection, this could lead to
lower accuracy or confidence in detecting less common species.

To sum up, the Fathomnet 2023 dataset’s parameters annotation quality, category representation, long-
tailed distribution and natural picture variability have a big impact on how successful object detection
/ classification models are. The capacity of the model to detect a broad range of species under var-
ious underwater settings, as well as its generalizability to out-of-sample data, can all be impacted by
these aspects. Therefore, while developing and assessing classification or object detection models for

underwater imaging and marine biology, it is crucial to take consideration of these factors.
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As the Fathomnet dataset comes with object detection and multi-label classification annotations we
tried both methods to check which one performs best in terms of out of distribution detection and ma-
rine species category classification. Underwater imagery presents challenges due to high variability in
appearance caused by light transport in the medium. Factors such as light absorption and scattering
significantly affect colors depending on the view and the distance from the object. To improve this vari-
ability and improve model robustness we came up with a data augmentation technique to reproduce this
variability. To achieve this, we relied on the existing works on underwater image formation models and
color restoration. For our augmentation method, we first estimate depth of the scene in a given image,
along with the underwater image formation parameters that are relevant to the particular image. Once
these image formation parameters are established, we then apply offsets to the estimated depth and
re-render the image with the same parameters. We simulate natural variability of underwater scenes
by applying this method, which creates a more diverse training set for species classification, and bet-
ter prepares our model for actual scenarios. Lastly, in addition to inputs into our model, we performed
stratified sampling to mitigate class imbalance in a multi-label classification task with respect to species

categories.

4.1 Dataset Pre-Processing

4.1.1 Underwater Light Propagation

Underwater Light Propagation
Emitted Light
Direct Light
Light Source Forward Scattered Light
= P Back Scattered Light

. Particle in Suspension

Camera

Figure 4.1: As light travels through water, a portion of the emitted light is absorbed and transformed into other forms
of energy. Additionally, some photons interact with suspended particles en route to the sensor, causing
scattering by acting as secondary light sources [14].
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Both absorption and scattering effects have a major impact on the light behaviour in the underwater
environment [14,94-97] as illustrated in figure 4.1. Absorption is converting light energy into other forms
of energy in the interaction with water molecules and dissolved substances. Naturally, absorption varies
with light wavelengths. Longer wavelengths are absorbed more intensely, for example, red and infrared,
compared to blue and green. This results in a decrease in color and contrast while the light travels
deeper underwater. On the other hand, scattering occurs when light comes into contact with particles
suspended in the water, including tiny solids, phytoplankton, or other contaminants. Underwater scenes
appear fuzzy or less defined as a result of these interactions, which also cause light to shift direction
and scatter at different angles, reducing visibility and causing image blurring and light diffusion. Similar
to absorption, scattering is wavelength-dependent and dependent on light's path length. As shown in
the figure 4.1, there are two types of scattering found in practice which are forward scattering and back

scattering. Backscattered light, in contrast to forward scatter, does not provide any information about

20,0
115
15.0
125
10.0
15
50
25
0.0

(a) Underwater Image (b) Distance Map

the observed scene [97].

Distance (metersh

Figure 4.2: This figure presents an underwater image alongside its corresponding depth map, which was generated
using Depth Anything [15].

For observing this situation in real life context, we test the relationship between pixel intensity and the
corresponding distance of the scene being observed. Figure 4.2 shows an example of underwater image
and the distance map of the same image which was obtained from Depth-Anything [15] model. Figure
4.3 illustrates different absorption rates in different wavelength of the red, blue and green channels. The

longer wavelength like red is being absorbed quickly than the shorter ones like green and blue.
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Pixel Intensity vs. Pixel Distance for RGB Channels

Red Channel
Green Channel
+  Blue Channel
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Figure 4.3: Plotting pixel intensities against observation distances of Figure 4.2 shows that underwater absorption
causes red light to diminish faster with distance than blue light.

4.1.2 Underwater Image Formation Model

We have seen previously the main effects which occur in the underwater images. Now, we will try to
model these effects in the resulting images. The main component we will use for retrieving the images
without these disturbing effects is the underwater image formation model which describes how the colors

of the underwater scene have impact on the water medium [14].

Variable Description Type

I underwater images RNXHEXWXC
J restored images RN XHXWxC
z distance maps of images RNXHxW

B veiling light R¢

Ié] color absorption coefficient R

v backscatter coefficient RC

i image index [1..N]

c color channel index [1..C]

D pixel index [1..H x W]

Table 4.1: Underwater Image Formation model variables. Source: [14].

Based on the initial underwater image formation model proposed by Schechner and Karpel [98],

numerous color restoration techniques [99—101] have been proposed which addresses backscatter and
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color absorption under natural lightning condition. The underwater image formation model shows that

the pixel intensities are driven by the following equation:
I., = Jcpe” %% + B.(1 — e~ **r) (4.1)

where a € R® denotes the wavelength-dependent coefficient that influences the distance dependency
of color absorption and backscatter. The other variables are described in the table 4.1. However,
Akkayanak et al. [96] further refined the model presented in Eq. 4.1 to differentiate between backscatter
and absorption coefficients. The revised relationship between pixel intensities and observation distance
is expressed as:

Iep = Jepe P 4 Be(1 — e 7e%), (4.2)

where 5 and ~ are the absorption and backscatter coefficients defined in Table 4.1.

Boittiaux [14] observed that pixel intensities in underwater images tend to follow a normal distribution,
with their mean and standard deviation dependent on distance. Leveraging this insight, he proposed an
optimization method of Sea-Thru [96] called Gaussian SeaThru, which enhances the Sea-Thru approach
by incorporating Gaussian priors over the red, blue, and green channels of the restored image. This
technique aims to improve the accuracy of color restoration in underwater images by more effectively

modeling the statistical properties of pixel intensities.
Jep ~ Npe; 07) (4.3)

where the channel-wise mean and standard deviation of the restored image pixel intensities are denoted
by 1. and o, respectively. By adjusting the parameters of Equation 4.3 in accordance with Equation 4.2,

we can infer that the acquired image’s pixel intensities likewise conform to a normal distribution:

I., ~N(me,, si,p), (4.4)
where
Mep = pee P 4 B, (1 — e77<?r), (4.5)
and
Sep = e Pe?r (4.6)
From Equation 4.4, we can express the likelihood of observing I.:
1 (Ie,p — Me,p)®
L(I.) = ——exp| ————«—— 4.7
(Ie) 1;[ <sc,p\/ﬁ p( 233’17 (4.7)
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We can then estimate the veiling light (B.), color absorption coefficient (3.), and backscatter coefficient

() by minimizing log(L(1.)):

arg Bmin Z (log(sc,p\/%) + M) (4.8)
I3

csBerYe 253’17

Then the restored image J. is obtained using Equation 4.2:

Jop = (Ie,p — Be(1 — e=7e%)) Be(zp)z (4.9)

Figure 4.4: Some examples of the visualization of the original image(left), distance map(middle) obtained from
Depth-Anything [15] and the restored image(right).

4.1.3 Using Underwater Image Formation Model for Data Augmentation

For our multi-label image classification we used the image formation model described in the eq.4.2 as
one of the augmentation techniques. We performed this augmentation on the go while training the
classification model. Here we further optimize the calculation of 7. ,. Suppose I2/ is the original image
and Ig};d is the restored modified image. We can denote both of the image by the image formation

model as follows:

1279 = J,pe P 4 Bo(1 — e %), (4.10)
and
I70% = Je,e P 4 Bo(1 — e 7%m), (4.11)

we can eliminate J. ;, as follows:

First, solve for J. , from Equation 4.10:
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I8 — Bo(1 — e Yo%)

Jep = Bz (4.12)
Next, substitute this expression for J., into Equation 4.11:
ymoa — (Ig;}ig — ]:i(;cz: e—v.:ZP)) e=Beim 4 Bo(1 — e=emm) (4.13)
Simplify the equation:
170" = (12779 — Bo(1 — e77%) ) e Pe(85m=5) 4 Bo(1 — e A4%m) (4.14)

In the equation 4.14 we can insert Az, as the depth offset added with the original depth map. Thus it
will generate synthetic data with depth offsets which we can use as the data augmentation to make out

model more robust to different color and depth settings in the underwater environment.

43



Pixel Intensity

depth Offset: 0.75 meters depth Offset: 2.875 meters depth Offset: 5.0 meters
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Figure 4.5: This figure shows the pixel intensity tracking and change on the image in different depth settings.

Figure 4.5 illustrates the pixel intensity tracking in different depths. The further we take the depths

the pixel intensity reduces and the color of the image becomes more dark. On the other hand, the more

less the depth the more pixel intensity and color intensity the image has. The change of intensity can

be easily seen in the depth maps of the corresponding images in the figure 4.5. While applying the

augmentation we select a range of depths based on the dataset, in our case the depth range is -5m to

5m which gives the most optimal results. We apply the range randomly so each time the batch is called

the depth offset applied to the image is different. That's how this technique makes the dataset more

diverse.

It is important to note that the parameter estimation of the Underwater Image Formation Model (UIFM)
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and DepthAnything inference may be computationally expensive, which can be handled in the pre-
training phase. The only computation that will occur in the training iteration is the re-rendering images
with the adjusted depth offset (expressed in Equation 4.14). This makes this augmentation strategy

more efficient in the training procedure.

(a)Clean

(b)Color
Jitter

(c)Depth
Jitter(1)

(d)Depth
Jitter(2)

(e)Depth
Jitter(3)

(f)Depth
Jitter(4)

Figure 4.6: Comparison of Different Augmentation techniques.

In figure 4.6 total three(3) types of augmentation techniques were applied. First row represents the
images without any augmentation. The second row represents the Pytorch Color Jitter augmentation.
This is a fixed augmentation technique which remains same for each epoch for each image. We make
our comparison against Color Jitter since it is a simple and commonly used technique to create appear-
ance variability through color change. By serving as a baseline, it helps to highlight the effectiveness of
our proposed technique.

Last four(4) rows represent our proposed augmentation technique Depth Jitter. We can see that the
depth of each image is different each time the batch is called. This is only possible because we use ran-

domized depth offset to each image in the equation 4.14. Thus we get more balanced and generalized
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dataset than to use only the Pytorch Color Jitter to make our neural network model more robust to the

real world environment for detecting out of distributed samples relative to the training set.

4.2 System Overview

4.2.1 Multi-Label Image Classification

We utilized the Query2Label (Q2L) model for multi-label image classification, which is inspired by Face-
book Research’s DETR model. Q2L shares a similar architecture with DETR, using a CNN backbone
and a transformer, but differs in key aspects. Instead of predicting bounding boxes, it directly associates
features with label embeddings, allowing for efficient multi-label classification.

The Q2L architecture is shown below:

{ Loss Function (BCE/ASL/MLL) }

2 CIass 1 Class 2 ........... CIass 52 ............................ CIass 290
Logits 0.05 0.09 0.92 0.03

PPl

rrrrrrrrrr Highlighted image

h
Backbone
(CNN/VIT)
)

Spatial
Features

& Key &
L 1 Value r
- Transformer Decoders ]
Input {
A
Image query
class 1 class 2 class 290

Learnable Label Embeddings

Figure 4.7: Query2Label (Q2L) model framework. The model extracts spatial features from images, processes
them through a transformer, and generates attention maps that pool relevant features for label predic-
tion. Source: [16]

Key stages of the Q2L model include:
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1. Backbone Processing: Images are processed using a pre-trained CNN (e.g., ResNet).

2. Feature Projection: Feature maps are reduced via a linear layer.

3. Position Encoding: Encodings are added for transformer input compatibility.

4. Transformer Integration: A transformer processes the features, using learnable label embed-

dings to query the feature map.

5. Classification Head: The transformer’s output is passed through a sigmoid activation to predict

label probabilities.

4.2.1.A Feature Extraction

The model starts by extracting spatial features from input images using a CNN backbone. These features
are projected to a lower dimension and reshaped for transformer processing. The final feature map is

reshaped into a matrix where each spatial location is represented as a feature vector [16].

4.2.1.B Query Updating

Once spatial features are extracted, label embeddings act as queries. These embeddings pool rele-
vant category-specific features using multi-layer transformer decoders. The transformer layers update
the embeddings through a series of self-attention and cross-attention operations, enriching the label

embeddings with contextual information from the spatial features [16].

 Self-Attention: Embeddings interact with themselves to capture dependencies between labels.

» Cross-Attention: Embeddings query spatial features to extract relevant information.

» Feed-Forward Network (FFN): Queries are further processed to refine their representations.

Unlike class-agnostic queries in DETR, Q2Ls label embeddings are class-specific, allowing for better

interpretability and accuracy in multi-label classification.

4.2.1.C Feature Projection

After processing by the transformer, the queried feature vectors are obtained. For each label, a binary
classification task is performed. The final feature vectors are projected to logits and passed through a

sigmoid function to output the probability for each label [16].

47



4.2.1.D Loss Function

The model uses an Asymmetric Loss (ASL) function to address sample imbalance. ASL is a variation
of focal loss, with separate adjustments for positive and negative samples. This helps in better handling

class imbalance, which is common in multi-label classification tasks.

The loss function for each sample is calculated as:

1 i {(1 — )" log(pk), yk =1

L: —_— —
K pp log(1—pg), yr =0

k=1
Where y; represents the true label and py, is the predicted probability. The loss is optimized using

stochastic gradient descent, with default parameters v = 0 and v~ = 1 [16,102].

4.2.2 Object Detection

In our study, we employed several state-of-the-art object detection models to evaluate their performance
and determine the most suitable model for our application. The models tested included DETR, Co-
DETR, Deformable DETR, RTDETR, YOLOv8, YOLOv9, and YOLOV5. After extensive experimentation
and analysis, we found that YOLOv9 provided the best results in terms of accuracy, efficiency, and
robustness. Therefore, we chose YOLOV9 as our primary object detection model. Below, we provide a

detailed overview of the YOLOV9 architecture and its components.

4.2.2.A YOLOV9 Architecture

YOLOV9, or "You Only Look Once version 9,” builds upon previous iterations of the YOLO series by
incorporating novel architectural improvements aimed at enhancing both accuracy and efficiency. The
architecture of YOLOV9 is designed to address common issues in deep learning models such as infor-

mation bottlenecks and the effective utilization of gradient information.

4.2.2.B Generalized Efficient Layer Aggregation Network (GELAN)

The core of YOLOV9’s architecture is the Generalized Efficient Layer Aggregation Network (GELAN).
GELAN is a lightweight network architecture based on gradient path planning, which facilitates the
efficient aggregation of features across multiple layers. This design leverages conventional convolu-
tion operators to achieve superior parameter utilization compared to state-of-the-art methods based on

depth-wise convolution.
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Figure 4.8: The architecture of GELAN: (a) CSPNet, (b) ELAN, and (c) proposed GELAN. GELAN extends ELAN
to support any computational blocks. Source: [17]

4.2.2.C Programmable Gradient Information (PGl)

YOLOV9 introduces the concept of Programmable Gradient Information (PGl), which aims to address the
problem of information loss during the feedforward process in deep networks. PGl generates reliable
gradients through an auxiliary reversible branch, ensuring that deep features maintain key characteristics

necessary for the target task. This mechanism allows for better parameter updates and more accurate

predictions.
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Figure 4.9: PGl and related network architectures: (a) Path Aggregation Network (PAN), (b) Reversible Columns
(RevCol), (c) conventional deep supervision, and (d) proposed PGI. PGl comprises three components:

main branch, auxiliary reversible branch, and multi-level auxiliary information. Source: [17]
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4.2.2.D Network Components

1. Main Branch: The main branch is used for inference and incorporates GELAN for feature extraction
and aggregation. It does not incur additional inference costs.

2. Auxiliary Reversible Branch: This branch generates reliable gradients by maintaining complete
information through reversible transformations, which are then used to update the main branch.

3. Multi-Level Auxiliary Information: This component aggregates gradient information across multiple

levels, ensuring that the main branch retains comprehensive information for accurate prediction.

4.3 Out-of-Distribution (OOD) Score Calculation Methods

4.3.1 Method 1: Maximum Softmax Probability (MSP)

Maximum Softmax Probability (MSP) is a widely used method for out-of-distribution (OOD) detection on
classification tasks. For multi-label classification, where a single input may belong to multiple classes,
MSP provides a means to assess whether the sample is likely to belong to a known distribution for those
classes. The key intuition is that in-distribution samples will yield a model output with high confidence
(high softmax probability) for at least one of the classes, whereas low maximum probabilities indicate
the sample is more likely to be out-of-distribution.

Mathematically, the OOD score is defined as:

1.0 if |C] =0

. (4.15)
1 —max.cc P(c|lx) otherwise

00D = {
Where:

- C represents the set of predicted classes for the input z, based on a threshold applied to the

softmax probabilities.
» Cis the set of all possible classes.
* P(c|x) is the softmax probability for class ¢ given input x.

In the event that the predicted class set Cis empty (i.e., no classes meet the threshold of probability), the
OOD score is assigned a value of 1.0, indicating a very high level of uncertainty. On the other hand, if the
predicted class is not empty, the OOD score is calculated as 1 minus the maximum softmax probability.
In other words, the OOD score indicates the model’'s confidence in its predicted most-likely class. This
OOD scoring methodology can be applied to both multi-label classification tasks and out-of-distribution

detection tasks, as it provides a simple metric to quantify uncertainty.
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4.3.2 Method 2: Average Confidence Score

The Average Confidence Score method evaluates the OOD score by averaging the confidence scores
of the predictions. This method provides a measure of how confident the model is about its predictions.

The OOD score is computed as:

N
1
00D =1- > conf, (4.16)

n=1
Here, conf, represents the confidence score for the n-th prediction, and N is the total number of
predictions. The OOD score is one minus the average confidence score, with lower confidence indicating

higher likelihood of being out-of-distribution.
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5.1 Quantitative Evaluation

In this section, we are interested in evaluating the performance of object detection and multi-label clas-
sification models on the complex underwater imagery of FathomNet — specifically, we focus on detecting
marine species and assessing the models’ ability to detect out-of-distribution (OOD) samples. Fur-
thermore, we assess how effective various data augmentation techniques, particularly our proposed
technique, Depth Jitter, are in improving model robustness to underwater color and lighting variations
with depth. In these experiments, we will evaluate the success of these various approaches on model
performance and generalizability to underwater object detection and classification.

To address these questions, we will conduct experiments leveraging the challenge framework from the
FathomNet competition 2023 (hosted by the Monterey Bay Aquarium Research Institute (MBARI) ) which
was held on Kaggle platform from March to May,2023. This framework involves model evaluation on two
primary evaluation metrics, category prediction via mean Average Precision (mAP) and OOD via the
Area Under the Receiver Operating Characteristic Curve (AUC). We will investigate several types of
augmentation techniques and train different object detection and classification models to evaluate per-

formance on these metrics, which will be reported in the subsequent sections.

5.1.1 Evaluation Metrics

In this evaluation, we assess the performance of our object detection and multi-label classification mod-
els against the challenging and highly complex underwater data found in the FathomNet dataset. Our aim
is two-fold, to not only predict the species of marine life and identify out of distribution (OOD) samples,
but also to evaluate how more advanced data augmentation can improve model robustness, specifically
the Depth Jitter augmentation method introduced in this study.

In order to complete this evaluation process, we adopt two types of evaluation metrics: mean Average
Precision (mAP) for predicting species and Area Under the Receiver Operating Characteristic Curve
(AUC) for detecting OOD samples. Both metrics allow us to analyze the ability of deep learning models
to classify marine life, and detect OOD samples, given the variability from underwater environmental
conditions. The following subsections offer a detailed explanation of these metrics and how they con-

tribute to our analysis of model performance.

5.1.2 Out-of-Distribution Detection

To assess the performance of the models for out-of-distribution detection, we use the Receiver Operating
Characteristic ROC curve as it is a common metrics for binary classification tasks. In this topic, it will help
us to understand how well or how poorly models ended up separating in-distribution images, denoted as

ID images, and out-of-distribution images, denoted as OOD images. As mentioned, the ROC curve has
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the True Positive Rate or TPR, which signifies how many OOD samples the model correctly highlighted
and the False Positive Rate or FPR, which signifies how many in-distribution ID samples the model
mislabeled as being OOD, plotted in relation to multiple classifications thresholds.

As this evaluation metrics is part of the Fathomnet 2023 challenge and there were no labels for the in-
distribution and out-of-distribution images for the dataset separately, we could not show the ROC curve

explicitly. We had to depend on the final score that we got after submitting the results on the kaggle.

TP

TPR= T N
FP

FPR= T

As the threshold of classification becomes more lenient, both TPR and FPR will increase towards
one, meaning that more samples will be classified as OOD, including some that are false positives.
The area under the ROC curve (AUC) is an indication of the model’s ability to differentiate between
in-distribution and OOD samples. AUC of 1.0 is a perfect classifier while an AUC of 0.5 indicates a high
level of random guessing.

The AUC is primarily used for OOD detection tasks, where the goal is to identify whether an image

belongs to the known training distribution or not.

5.1.3 Category Predictions

For the evaluation of multi-label category predictions, we utilize the mean Average Precision at 20
(mAP@20). This metric assesses how well a model predicts the presence of multiple categories in
an image and ranks it accordingly. Mean Average Precision (mAP) is chosen in this case because it
takes into account precision (how accurate the predicted categories are) and whether the categories are

ranked correctly.

U min(n,20)
1 .
mAP@20 = i E min ( ];:1 P(k) x rel(k), 1)

u=1

where:
U is the number of images.
» P(k) is the precision at cutoff k.

 n is the number of predictions per image.

rel(k) is an indicator function that equals 1 if the item at rank & is a relevant (correct) label and 0

otherwise.
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This score tells us how well the model ranks the relevant categories among the top 20 predictions for

each image.

5.1.4 Final Score

A unified score is computed to rank the models based on their performance with respect to the two
main tasks, namely category prediction (mMAP@20) and OOD detection (AUC). The motivation behind
combining these two tasks is due to the challenge evaluation framework: a unified ranking system
is required to conduct evaluations of all of the models. This allows participants to focus on both the
accuracy of category predictions and the ability to detect out-of-sample images. The combined score is
calculated as follows:

Final Score = %(SAUC + mAP@20)

Here, the sAUC is the rescaled AUC score, defined as:
sAUC =2 x AUC — 1

To summarize, the AUC is normalized to reach consistency with the second metric (MAP@20), after
which we average the rescaled AUC and mAP@20 together to create the final score. This guarantees
that both OOD detection as well as category prediction are weighted equally in the final ranking. The
overall rank of a model in the challenge is driven by the combined score, which constitutes a single,

global metric for performance.

5.1.5 Performance of Object Detection Models

This experiment is aimed to assess the performance of existing object detection (OD) models on a
challenging dataset made specifically for underwater imagery, the FathomNet dataset. Specifically, we
assess which existing object detection model performs the best in predicting marine species and con-
text of transparent, underwater environments. By comparing and contrasting various models of object
detection with distinct parameter configurations, we hope to contribute a benchmark to models of this
dataset, where none currently exists. The goal is to determine which model is most suited for accurately
detecting objects and categories in the complex underwater environment of FathomNet.

We trained several object detection models on the FathomNet competition dataset. The dataset con-
tains images of different sizes and while we could have run all of the different size images from the
original dataset, we decided to resize all images to the same 640x640 pixels size during training using
PyTorch while maintaining the aspect ratio of all images. Resizing the images standardized the input

size for all models while also allowing for a direct comparison across different architectures.As there is
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no predefined benchmark available for this specific task, we established one by testing several object
detection models with different configurations. We created a benchmark by testing multiple object de-
tection models, with different structure settings. The Baseline model reported in the FathomNet dataset
paper [13] is based on a YOLOv8 model and we have used it for reference when comparing perfor-
mance. In Table 5.1, we see that many of these models exceed the baseline result. Of the models
tested, the YOLOV9 [17] model performs best overall with an mAP@20 score of 0.74 on the validation
set, the primary evaluation metric for category predictions.

Because this task was part of a Kaggle competition, the evaluation set does not provide any ground truth
to evaluate during development, and as such, it is impossible to consider the individual evaluation met-
rics for the test set. The only information that will be reported is a final score that combines the results of
several evaluation metrics to summarize model performance. The final score will be discussed in more

detail later on in this chapter. For every model, we have incorporated early stopping with patience set

Models Backbone Epochs Train Image Size TestImage Size mAP@50 mAP@20 Training Time # of GPUs
Deformable DETR Resnet50 70 640X640 640X640 0.196 0.40 24 hours 2 X RTX3090
DETR Resnet50 150 640X640 640X640 0.209 0.42 36 hours 1 X RTX3090
Conditional DETR Resnet50 91 640X640 640X640 0.259 0.50 24 hours 4 X A40-48
Co-Dino (Photometric Distortion) Resnet50 50 640X640 640X640 0.327 0.60 58 hours 1 X A100-80
YOLOv8m cspDarknet 100 640X640 640X640 0.300 0.62 19 hours 1 X A40-48
Yolov8m(BaseLine) cspDarknet 50 640X640 640X640 0.330 0.69 - -

RT-DETR HGnetV2 94 640X640 640X640 0.372 0.69 07 hours 4 X RTX3090
Co-Dino (Photometric Distortion) SWINL 49 640X640 640X640 0.337 0.70 72 hours 1 X A100-80
RT-DETR (Tuned) HGnetV2 51 640X640 640X640 0.358 0.72 06 hours 1 X A40-48
YOLOv9-e Gelan 120 640X640 640X640 0.391 0.74 22 hours 1 X A100-80

Table 5.1: Performance of Different Object Detection Models on the FathomNet Dataset.

to 30 epochs, which signifies that if the model performance worsens through 30 epochs, we effectively
stop the training early to prevent overfitting to the training data. Each model was trained for 150 epochs
maximum, though training could terminate earlier due to early stopping. Throughout training, the best
preforming checkpoint was regularly saved.

In order to assess the best checkpoint, we utilized the performance of the model on a validation subset,
which is programmed into Ultralytics while training and validating YOLO models. This Validation set was
derived from the training set, and the model’s performance was monitored within the validation set to
determine the best checkpoint. The size and selection of this validation set is conducted internally by the
Ultralytics framework to determine the selected model checkpoint based on best validation performance
(accuracy) or mAP (mean Average Precision).

For every model we use the default augmentation settings of Ultralytics-YOLO. The learning rate is set
to 1 x 10~* and the SGD optimizer is used as the optimizer. As there is noise and imbalance in the
annotations we use label smoothing of 0.1 to regularize. Depending on the availability of the GPU we
changed the batch size from 16 to 128. We also use multiple GPU and distributed training for some of
the trainings. Those trainings take less time to train as the batch size is higher and parallel computation

is higher than one single GPU. Further, we should consider that not all batch sizes produce the same
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performance for training a model as the updates to the gradient and convergence can be associated

with batch sizes. Further work should address the impact of varying batch size with individual models.

5.1.6 Performance of Query2Label Model in Different Augmentation Settings

The purpose of this experiment is to quantitatively assess various augmentation techniques’ utility on the
Query2Label model for multi-label classification. In particular, we want to evaluate how augmentation
methods -including our method of Depth Jitter- affect the model’s generalization capability and accuracy

to classify marine species in the depths of the FathomNet dataset.
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Figure 5.1: Comparison of Val-mAP@20 Scores Across Different Augmentation Techniques: This graph illustrates
the validation mAP@20 scores for three augmentation techniques: Clean, Colorditter, and Depthdit-
ter. The mAP@20 score, which measures the model’'s average precision at an intersection over union
threshold of 20%, is displayed on the y-axis. The x-axis lists the augmentation techniques. The Clean
technique shows a baseline score of 0.81, while ColorJitter slightly improves the score to 0.82. Depthdit-
ter achieves the highest score of 0.85, indicating its superior performance in enhancing the model’'s
accuracy on the validation set.

We trained the Query2Label image classification model for category classification alongside object
detection models. Although classifying objects and multi-label classification are traditionally viewed as
two separate tasks, in this instance the procedures for both of these modes can be employed to pre-
dicting the categories of marine species in the datasets that are part of FathomNet competition, which

was the reason unified labels were provided for both object detection and multi-label classification. This
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creates the opportunity to compare the ability of both image classification and object detection models to
predict the correct categories for the images reported.Query2Label is one of the top performing image
classification models for multi-label classification and produced improved outcomes than the object de-
tection models that were evaluated as part of this study for dataset completion. Therefore we considered
Query2Label to provide categories in images within the multi-label classification task, because this was
seems like a more reliable approach than object detection.

Similar to object detection models, we utilize different settings with a variety of backbones such as
ResNest and TResnet from the Hugging Face timm library, and attempted several augmentation proto-
cols. The training image was 384 x 384pizels, and the test was 640 x 640pixzels. The use of different
images during training and testing is simply because the larger images increases model performance
through better capturing fine detail, and in particular, the models we evaluated ResNest and TResnet
are designed to take advantage of size difference. Consideration of different image sizes is advised in
the design of those types of architectures and have been widely observed to produce more favorable
outcomes.

To produce meaningful and robust outcomes, we performed the evaluation for each configuration five
times with different random seeds and take the mean of the results to reduce random variability during
training, thereby considering model performance more consistent and fair.

The table 5.2 illustrates the performance of the Query2Label classification model on the FathomNet
competition dataset. Our results demonstrate that the proposed augmentation technique achieves the
highest mMAP@20 on the validation set, outperforming both the PyTorch ColorJitter and the without aug-
mentation(Clean) techniques. This indicates that our method effectively enhances the model’s ability to
generalize and accurately classify marine species under diverse underwater conditions.

For training, we initially selected a learning rate of 0.0001 and a weight decay of 0.05. These values were
chosen after performing a learning rate range test, which involved gradually increasing the learning rate
to observe how the loss evolved during training. The goal was to identify a rate that allowed for rapid
convergence without causing instability or overshooting in the training process.

We observed that a learning rate of 0.0001 worked well across most settings, providing a good balance
between fast convergence and stable training. However, for some deeper backbones, such as ResNest
and TResNet, the training and validation loss showed signs of instability, particularly during later stages
of training. This indicated that the learning rate might be too high for these complex architectures, lead-
ing to the gradient updates being too aggressive.

In these cases, we reduced the learning rate to 5 x 10~° to mitigate the issue. This allowed the model to
make smaller, more controlled updates to the weights, stabilizing the training process. The adjustment
was particularly necessary for models with a large number of parameters, as they tend to be more sen-

sitive to higher learning rates.
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For different augmentation techniques, such as ColorJitter and Depthditter, the learning rate remained
consistent across most experiments, as we did not observe significant differences in how these aug-
mentations influenced training stability. The main variations in learning rate adjustments were driven by

the complexity of the backbone models rather than the augmentation methods themselves.

Augmentation backbone_desc Train Image Size Test Image Size loss train_loss valloss val.mAP val. mAP@20
Clean ResNest101e 384X384 640X640 ASL 0.095 0.234 0.751 0.813
Color Jitter ResNest101e 384X384 640X640 ASL 0.187 0.227 0.762 0.827
Depth Jitter(Ours) ResNest101e 384X384 640X640 ASL 0.165 0.223 0.803 0.855

Table 5.2: Performance comparison of different multi-label classification models on the FathomNet dataset using
various augmentation techniques. The table evaluates three augmentation strategies: Clean (no aug-
mentation), Color Jitter, and the proposed Depth Jitter method. All models use the ResNest101e back-
bone for feature extraction. The models are trained on 384x384 image size and evaluated on 640x640
image size. The loss function used is Asymmetric Loss (ASL). The table provides training loss (train
loss), validation loss (val loss), mean Average Precision (val mAP), and mAP@20 for each configuration.
Depth Jitter outperforms both the Clean and Color Jitter augmentations, achieving the highest validation
mAP (0.803) and mMAP@20 (0.855), demonstrating its effectiveness in improving model performance on
the Fathomnet competition dataset.

For multi-label classification, we used Asymmetric Loss (ASL), which is well-suited for imbalanced data
by focusing more on misclassified positive labels and reducing the focus on easily classified negatives.

The loss is computed over each batch during training. For each image, ASL calculates the loss by com-
paring the predicted probabilities for all categories with the ground truth labels. The batch loss is the
average of the individual image losses and is used for backpropagation to update the model’s weights.
Validation loss is similarly computed over the validation set at the end of each epoch to monitor general-
ization. This approach allows the model to effectively handle multiple labels per image while addressing

label imbalance.

Our proposed augmentation technique significantly enhances the performance of the Query2Label
model on the FathomNet dataset, improving generalization and classification accuracy. These results
also positively impact the out-of-distribution (OOD) score, highlighting the model’s robustness in identify-
ing data that deviates from the training distribution—critical for real-world applications. Key factors such
as appropriate learning rate adjustments, gradient clipping, and advanced strategies like the one-cycle
learning rate scheduler and AdamW optimizer further contribute to the model’s effectiveness, boosting
both validation mAP@20 and OOD detection.
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5.1.7 OOD Score Performance
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Figure 5.2: Comparison of Out-of-Distribution (OOD) Scores Across Different Augmentation Techniques: This
graph depicts the OOD scores for four augmentation techniques: Baseline, Clean, ColordJitter, and
Depthditter. The OOD score, representing the model’s ability to handle out-of-distribution data, is plot-
ted on the y-axis. The x-axis lists the augmentation techniques. The Baseline technique shows the
lowest OOD score at 0.27, while Clean improves to 0.39. Colorditter achieves an OOD score of 0.40,
and Depthditter has the highest score at 0.42. These results indicate that Depthditter is the most effec-
tive technique for enhancing the model’s robustness to out-of-distribution data.

Figure 5.2 shows the comparison of the OOD score across different augmentation techniques on the
evaluation set. The ood score is the average of sAUC and mAP@20 which is described in the evaluation
metrics section above. The baseline [13] used YOLOvS8 for classification and the average confidence
score technique for calculating ood score. The other techniques in the above figure use the Query2label
[16] for classification and maximum softmax probability technique for ood score calculation. Both of
these ood score calculation techniques have been discussed in the Capitulo 4. We see that our proposed
technique used for classification scored highest in the ood score calculation than other augmentation

techniques. Our proposed technique performs more than 1.5 times than the baseline.
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5.1.8 Kaggle Competition Performance
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Figure 5.3: Comparison of OOD Scores for Top Teams in Kaggle Fathomnet Competition-2023: This graph
presents the out-of-distribution (OOD) scores for the top three teams in the Kaggle Fathomnet
Competition-2023. The OOD score, displayed on the y-axis, is a measure of the model’s ability to
identify out-of-distribution samples. The x-axis lists the teams by their ranking: our team in 3rd place
with a score of 0.42, the 2nd place team with a score of 0.60, and the 1st place team with the highest
score of 0.66. The plot highlights the progressive improvement in OOD scores from 3rd to 1st place.

This challenge was part of a Kaggle competition that took place in 2023. If we had participated with our
proposed method, we would have placed 3rd in the competition. The graph in the figure 5.3 shows a
significant gap in scores between the top two teams and our team. One possible reason for this disparity
is that the top teams likely used additional images from external sources [103] to make their datasets
more balanced, resulting in higher scores. In contrast, we worked exclusively with the provided dataset

without incorporating external data.
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5.2 AQualitative Evaluation

5.2.1 Object Detection(Visual Inspection of Predictions)
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Figure 5.4: (a) The ground labels for object detection. (b) The predicted labels by yolov9 object detection model.

Figure 5.4 presents a comparison between the ground truth labels and the predicted labels of the
YOLOV9 object detection model on the Fathomnet competition dataset. The majority of the predic-
tions made by YOLOv9 are accurate, demonstrating the model’'s strong performance. However, there
are some edge cases where the model fails to detect objects. These missed detections may be at-
tributed to the insufficient representation of certain examples in the training set. Overall, the YOLOv9
model performs satisfactorily, but further improvements could be achieved with a more balanced and

comprehensive training dataset. The quality of the bounding boxes is also quite good and accurate.
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5.2.2 Multilabel Classification(Attention Map Visualization)

Figure 5.5: Attention maps generated by Query2label [16].

The attention map visualization in Figure 5.5 illustrates how the model focuses on different regions of
the images when making predictions. Each set contains 3 images. The left side of each set shows
the original image, the middle image depicts the corresponding attention map generated by the model
and the right image shows the highlighted areas on the original image. These attention maps highlight
the areas that the model considers most relevant for identifying and classifying the objects within the

images.
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The visualization demonstrates the model’s ability to pinpoint key features and regions associated with
the objects of interest. In most cases, the highlighted areas correspond well with the actual locations of
the objects, indicating that the model is effectively learning to focus on significant parts of the images.
However, there are instances where the attention is dispersed or not concentrated on the target objects,
which may suggest areas for improvement.

Overall, this attention map visualization provides valuable insights into the model’s interpretability and
decision-making process, showing that the model generally performs well in identifying relevant regions.
Enhancing the model’s training data and refining its architecture could further improve its accuracy and

focus in challenging scenarios.

5.3 Limitations of the System

Despite the promising performance of our proposed method, there are quite a few limitations that needs

to be addresses:

5.3.1 Technical Limitations

The system’s computational requirements are high, especially during the training phases. Models like
Query2Label and YOLOv9 demand high-performance hardware for training, which may not always be
available in all deployment environments. For instance, training Query2Label on a single NVIDIA A100
GPU (80 GB VRAM) took approximately 10 hours, while YOLOv9 required around 24 hours on the same
hardware. Both models required significant VRAM, with Query2Label using up to 40 GB and YOLOv9
utilizing up to 48 GB. The fine-tuning process also requires substantial computational resources, which

adds to the overall time and hardware demands.

5.3.2 Data-related Limitations

Although extensive, the Fathomnet dataset has a few drawbacks. The dataset has a long-tailed distribu-
tion that is imbalanced, with relatively few occurrences in many classes. This imbalance may cause the
system to perform poorly on rare classes but well on often occurring classes, resulting in biased model
performance. Furthermore, the model's capacity to generalize to new contexts can be constrained by

the dataset’s lack of diversity in terms of underwater conditions and geographic locations.

5.3.3 Environmental Constraints

The underwater environment presents unique challenges, such as varying light conditions, water tur-

bidity, and occlusions by marine flora and fauna. These factors can significantly affect image quality
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and, consequently, the system’s performance. The current model may struggle in conditions that are
markedly different from those seen during training. Our proposed augmentation technique is highly de-
pendent on the lighting condition. If the lightning condition of the image is not ideal the veiling light and
the backscatter coefficient can be wrongly estimated and default to the lower and upper bounds set by
the user. This leads to Depth Jitter not affecting the image appearence. One solution can be getting the
parameters of the underwater image formation model again by adjusting the lower and upper bounds

which can improve the augmentation technique performance.

5.3.4 Interpretability and Usability

Although the attention map visualizations provide some level of interpretability, understanding the model’'s
decision-making process remains challenging. This black-box nature of deep learning models can be a
barrier for end-users who need to trust and understand the system’s outputs. Additionally, the usability
of the system in practical applications needs further validation, particularly in terms of its integration into

existing workflows and its user-friendliness for marine biologists and other stakeholders.

By acknowledging these limitations, we aim to provide a balanced view of the system’s capabilities
and areas for future improvement. Addressing these issues in subsequent research will be crucial for
enhancing the robustness, reliability, and applicability of the system in real-world underwater exploration

and monitoring tasks.
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6.1 Conclusion

This thesis has demonstrated the effectiveness of advanced deep learning techniques, specifically the
Query2Label and YOLOvV9 models, for underwater object detection and multi-label classification. The
challenging underwater environment, characterized by poor visibility, varying lighting conditions, and
complex object appearances, necessitates robust and adaptive methods. Our research introduced the
Depthditter augmentation method, which proved to enhance model performance. The Depthditter tech-
niqgue addresses the issue of depth-related color distortions, thereby improving the models’ ability to
generalize across varying underwater conditions. As a result, the models achieved superior mMAP@20
scores on the Fathomnet dataset, surpassing other conventional augmentation methods.

The application of these models was rigorously tested on the Fathomnet competition dataset, which
provided a diverse and realistic set of underwater images. Despite the inherent challenges such as data
imbalance and environmental variability, our models performed competitively. One of the noteworthy
aspects of this research is the reliance solely on the provided dataset without incorporating external
data sources. This constraint underscores the robustness and adaptability of the models and the ef-
ficacy of the Depthditter augmentation. The models’ success in handling complex underwater scenes
and accurately detecting and classifying multiple marine species highlights their potential for practical

applications in marine research and conservation.

6.2 Future Work

For future research, several key areas need to be addressed to further enhance the performance and
applicability of underwater image analysis models. First, enhancing dataset diversity is crucial. Incorpo-
rating more varied and extensive datasets can help models learn a wider range of underwater scenarios,
thereby improving their generalization capabilities. This can include expanding the dataset with images
from different geographic locations, depths, and environmental conditions.

Addressing data imbalance remains a significant challenge. Techniques such as synthetic data gen-
eration, oversampling of underrepresented classes, and advanced augmentation methods can be ex-
plored to ensure a more balanced representation of different marine species. This can help in improving
the detection accuracy for rare and less frequent objects, which are often missed by current models.

Improving model interpretability is another critical area. Understanding how models make decisions
and what features they focus on can help in diagnosing errors, improving model architecture, and building
trust in automated systems. Techniques such as attention mechanisms and visualization tools can be
further developed to provide deeper insights into the models’ workings.

Real-time deployment of these models is a promising direction that can significantly impact marine

research and conservation efforts. Developing lightweight and efficient models that can operate on
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low-power devices will enable real-time monitoring and analysis of underwater environments. This can
facilitate immediate detection and response to ecological changes, illegal activities, or other significant
events.

Exploring hybrid models that integrate multi-modal data, such as combining visual data with sonar or
environmental sensors, can provide a more comprehensive understanding of underwater scenes. This
multi-modal approach can enhance the accuracy and reliability of detection and classification tasks.

Ensuring robustness to environmental changes is essential for practical deployment. Models need to
be resilient to variations in water clarity, lighting conditions, and other environmental factors. Techniques
such as domain adaptation and transfer learning can be explored to improve model robustness.

Lastly, improving out-of-distribution detection is vital for enhancing model reliability. Models should
be able to identify when they encounter data that is significantly different from their training data and
respond appropriately. This capability is crucial for ensuring the safety and effectiveness of autonomous
underwater systems.

By pursuing these directions, future work can build upon our findings, contributing to more effective
and reliable underwater image analysis techniques. This will not only advance the field of computer
vision but also support marine exploration, research, and conservation efforts, helping to protect and

preserve our oceans.
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More visualization of the Depth Jitter
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