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Abstract

While various tracking algorithms have demonstrated effectiveness in terrestrial and aerial
contexts, their performance in underwater settings remains unexplored. Object tracking in
underwater videos presents unique challenges due to variable lighting, water turbidity, and
unpredictable camera movement, all of which are likely to hinder the performance of tradi-
tional detection and tracking methods. Addressing this gap is crucial for applications such as
marine biology research, underwater surveillance, and autonomous underwater vehicles.

This thesis first evaluates existing tracking algorithms, Simple Online and Real-time Track-
ing (SORT), ByteTrack, and Bag-of-Tricks SORT (BoT-SORT), each incorporating motion
estimation and linear data assignment methods on a novel underwater video dataset with
a moving camera. The thesis then improves on the SORT algorithm by adopting velocity
estimation techniques, a formula-based and an optical flow-based, giving rise to two new
algorithms, SORT-V and SORT-OF. Furthermore, the thesis proposes a novel tracker that
utilises an Interacting Multiple Model (IMM) filter to estimate the location of the target
object. The evaluation focuses on finding a balance between specific metrics, such as tracking
accuracy, identity switches, and the number of tracked and lost trajectories. The results in-
dicate that using velocity estimation techniques improves the tracking accuracy by 11% and
tracks more objects by nearly halving the number of lost objects. Incorporating a constant
acceleration model in the IMM filter gives the best result, with the highest tracking accuracy
and with the least number of identity switches, all in real-time computational speed.
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Chapter 1

Introduction

The Earth's oceans play a crucial role in weather regulation and serve as the largest natural
carbon and heat sink. Maintaining the health of the oceans is synonymous with ensuring the
overall well-being of our planet. Yet, up to 12 million metric tons of plastic is dumped into
the oceans each year [19]. This is equivalent to more than100000blue whales every single
year. By 2050, it is estimated that ocean plastic will outweigh all of the ocean's �sh [29].

Plastics being synthetic polymers are notoriously durable and resistant to natural degradation,
which contributes to their persistence in the environment. Over time, they can be broken
down into smaller and smaller pieces by the sun, wind, and water but this then leads to
a bigger issue of microplastics. Microplastics are ingested by marine life and have also now
found their way into human lives. These can now also be found in the air and water around us,
have reached the deep sea [38], and are present in large quantities in the frozen Arctic sea [28].
An average adult consumes approximately2000microplastic particles per year through salt
alone [37].

Several organisations are actively engaged in e�orts to retrieve plastic waste from the ocean,
with a primary focus on addressing �oating plastics, but scientists estimate that 14 million
metric tons of ocean garbage rest on the sea�oor [4]. To tackle this issue, an initiative funded
by the European Union under the Horizon Europe Programme (Grant Agreement 101093822),
SeaClear aims to eliminate seabed and �oating marine pollution [34].

1-1 SeaClear

SeaClear � SEarch, identi�cation, and Collection of marine Litter with Autonomous Robots
� is an initiative aimed at solving the problem of underwater litter [34]. The project employs a
�eet of autonomous, intelligent robots, including two underwater Remotely Operated Vehicle
(ROV), one Unmanned Surface Vehicle (USV), and one Unmanned Aerial Vehicle (UAV)
working collaboratively to monitor and collect marine litter.

Various devices, including cameras and forward-looking sonars, are employed on the observa-
tion ROV to detect litter and mark its location on a reference map. In the subsequent step,
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2 Introduction

Figure 1-1: Detecting trash underwater via SeaClear.

a larger collection ROV approaches each identi�ed piece of litter on the map and re-detects
each of these pieces with high precision before collecting it using a gripper mechanism [34].

1-2 Research Aim and Objective

The SeaClear team has e�ectively incorporated the capability to detect di�erent objects
underwater using a camera at this stage of development. The detection process utilizes a
Convolution Neural Network (CNN) trained on SeaClear-speci�c data. This trained network
can categorize objects into four distinct classes: plant, animal, trash, and ROV. The detection
result is illustrated in Figure 1-1. The subsequent phase involves initiating the collection pro-
cess for the detected trash. The collection ROV descends to collect the trash by continuously
aligning with it on the seabed. Challenges arise at this step, especially in situations where
multiple pieces of trash are clustered together. In such instances, the ROV is unable to pin-
point a speci�c target object for retrieval. Addressing this issue presents a set of intermediate
questions that we aim to tackle in this study.

Challenge 1 Determining the process by which the ROV should prioritise and select objects
for collection.

It is straightforward for us humans to retrieve multiple objects from the ground. After a
quick scan, our brain is capable of computing somewhat of an optimal course to retrieve the
objects. The easiest is to begin with the closest item and progressively continue picking up
objects in a sequential manner. But it is not that straightforward for an autonomous ROV to
navigate this task. The ROV needs various sensors, such as sonar, to understand the depth
and distance of objects from their current location. It must calculate distances from each
object every time it moves to identify the next target object for retrieval. Hence, it is easier
for the ROV to also sequentially pick up the objects if each one is assigned a unique identity.
A key aspect of this process involves ensuring that the ROV assigns a distinct identity to each
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1-3 Thesis Organisation 3

object it encounters. When the ROV moves to retrieve one object, others may temporarily
leave its �eld of view. Upon re-entering its view, the ROV must recognize these objects as
the same ones it previously observed, rather than assigning new identities. This ability to
consistently track and identify objects is crucial for the ROV's motion planning, as it ensures
accurate and e�cient retrieval operations in dynamic environments.

Challenge 2 Assigning unique identities to objects.

Assigning a unique identity to each detected object in an initial image frame is a straightfor-
ward task. However, the target object must be identi�ed in each subsequent frame and the
same identity it had in the previous/initial frame must be allocated to it. This process must
be followed consistently, even in situations where an object is temporarily obstructed for a
few frames or exits and re-enters the frame.

The answer to this is tracking the objects continuously over time. The human mind e�ortlessly
performs this as it can associate objects even after temporary disappearances. However,
replicating this capability in a machine requires the application of various statistical and
image-processing algorithms. Currently there exist multiple State-of-the-art (SOTA) object
tracking algorithms, but all have been designed and implemented for conventional conditions
above sea level [6, 27, 33]. A few examples can be found when object tracking algorithms
were implemented underwater with stationary cameras for counting �sh [42]. However, our
case is unique, involving a moving underwater camera, diverse detection classes (trash, plant,
animal, and ROV), and potential interruptions in object visibility due to the movement of
the ROV creating disturbances at the seabed like moving sand and bubbles.

This thesis aims to initially implement existing object tracking algorithms on underwater
data to evaluate their performance in this speci�c environment. Based on the results, the
next step will involve introducing adaptations to these algorithms to enhance their e�ciency
and e�ectiveness in tracking underwater objects. This approach ensures that the algorithms
are tailored to the unique challenges posed by underwater conditions, leading to more accurate
and reliable tracking outcomes.

1-3 Thesis Organisation

In Chapter 2, a comprehensive overview of object-tracking techniques is presented, including a
detailed discussion of the key steps involved in these processes. This chapter also explores the
current SOTA methods for multiple object tracking. Chapter 3 introduces the novel dataset
developed speci�cally for this research, detailing the methodology used to establish ground
truth for the data. In Chapter 4, the focus shifts to the proposed modi�cations to an existing
object-tracking algorithm, along with the introduction of a new tracking algorithm that in-
corporates multiple motion models. Chapter 5 presents the experimental results, with a focus
on the speci�c use case, and provides a critical evaluation of the strengths and weaknesses of
each approach.

The thesis concludes by summarising the key �ndings and o�ering recommendations for future
research directions in Chapter 6.
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Chapter 2

Overview of Object Tracking

Object tracking focuses on the continuous identi�cation and monitoring of a target object's
spatial and temporal changes within a video or image sequence. The primary goal is to follow
the target's movement and maintain its unique identity over time despite variations in scale,
orientation, lighting conditions, and occlusions [44]. This �eld has found widespread applica-
tions across diverse domains, ranging from surveillance and security to robotics, automotive
systems, augmented reality, and beyond. Object tracking is pivotal in extracting meaningful
information from dynamic scenes, enabling automated systems to make decisions, anticipate
future actions, and respond accordingly.

2-1 Introduction

Object tracking can be categorised into online and o�ine tracking based on when and how
the tracking algorithm processes the video data. Online tracking operates in real-time as the
video frames are captured. It continuously processes each incoming frame and updates the
object's position on the �y. O�ine tracking, on the other hand, processes the entire video
after it has been recorded. The algorithm analyzes the video as a whole rather than in real-
time. Online tracking algorithms need to be memory-e�cient and computationally lightweight
to handle real-time constraints. They often prioritize speed over exhaustive analysis, while
o�ine tracking has more �exibility in terms of computational resources and memory usage. It
can a�ord to use more complex algorithms and analyze the video in greater detail since there
is no time constraint. It also utilizes a batch of frames to process the data, observations from
all the frames are required to be obtained in advance and are analysed jointly to estimate the
�nal output. The former method is crucial for applications where real-time decision-making
is essential, such as surveillance, robotics, and live video analysis while o�ine tracking is often
used in scenarios such as post-event analysis, video summarisation, or o�ine processing for
research purposes like tracking the yearly migration of animals and birds. Since the SeaClear
initiative aims to collect trash as it is detected, the focus of this literature review will be on
real-time algorithms for tracking.
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6 Overview of Object Tracking

Currently, real-time object-tracking algorithms can be divided into two groups based on the
methods used for tracking, these being detection-based tracking and detection-free tracking.
In the former, the system relies on an initial detection step to identify and locate objects
in the scene. This strategy is also commonly referred to as tracking-by-detection. First, an
object detector has to be trained in advance on speci�c kinds of targets, such as pedestrians,
vehicles or face. Detection-free tracking requires manual initialisation of a �xed number of
objects in the �rst frame, then subsequent tracking.

Feature Detection-based Detection-free
Initialisation Automatic, imperfect manual, perfect
No.of objects Varying Fixed at the start
Drawbacks Performance depends on object detector cannot handle new objects

Table 2-1: Comparing detection-based and detection-free tracking.

Detection-based tracking is more popular due to its ability to automatically handle the dis-
covery of new objects and the termination of disappearing objects�a task that detection-free
tracking struggles with. However, detection-free tracking is advantageous in that it does not
rely on pre-trained object detectors and hence there is no requirement for large datasets to
train a model for detection. SeaClear currently implements a trained neural network that
is capable of detecting various objects such as plants, animals, trash, and Remotely Oper-
ated Vehicle (ROV) in the underwater environment. Examples of the detections are shown
in Figure 1-1 and Figure 2-2. With the availability of a well-performing detection model,
tracking-by-detection is a better method to use than the detection-free method since the
drawback of the latter defeats the purpose of proposed object tracking. All the objects can-
not be initialised manually at the start because we will be unaware of how many objects the
ROV encounters. The detection and tracking of the objects will happen in real-time and
hence we will be focusing on algorithms suitable to this approach.

Tracking-by-Detection The majority of the State-of-the-art (SOTA) object tracking algo-
rithms are based on the tracking-by-detection method where the tracking is performed through
continuous detection and association of objects. This method encompasses multiple stages,
with each step employing a range of methods, including deep learning, signal processing, and
statistical modeling. The various steps are discussed below [1,44].

ˆ Detection: Identifying the presence of an object in the initial frame of a video or im-
age sequence. This can be done using various object detection or feature detection
algorithms.

ˆ Initialisation: Establishing a reference or model of the target object based on its ap-
pearance, features, or both by giving it a unique identity. This serves as the starting
point for subsequent tracking.

ˆ Localisation: Continuously estimating the object's position in subsequent frames, often
through methods like motion estimation or feature matching.

ˆ Data Association: Linking the detected object in the current frame with the previously
identi�ed target. This is a critical step in maintaining the object's identity over time.
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2-2 Object Detection 7

Each of these steps can be addressed via di�erent techniques depending on the ultimate use
case. In the subsequent subsections, the above steps will be discussed in more detail giving
examples of relevant work and keeping in mind an underwater, multi-class environment.

2-2 Object Detection

Object detection serves as a foundational step for object tracking when using the tracking-by-
detection method, providing initial information about the objects in a scene. It is imperative
to de�ne the speci�c requirements for object detection by keeping in mind what needs to
be tracked. Various examples are illustrated in Figure 2-1, showcasing di�erent forms of
detection. Di�erent methods are suitable for each of these forms. The most commonly used
form is the bounding box shown in Figure 2-1(a). Deep learning-based approaches have
emerged as the predominant method for detecting objects in this format. A classic example
is using trained Convolution Neural Network (CNN) [30] to extract features from images and
hence detect objects. Subsequent advancements like the fast region-based (Fast R-CNN) [42]
have improved the speed and accuracy of object detection.

Figure 2-1: Illustration of object tracking forms. (a) bounding box, (b) ellipse, (c) contour, (d)
articulation block, (e) interest point, (f) silhouette.

One of the most popular real-time object detection algorithms is the You Only Look Once
(YOLO), known for its speed and e�ciency. It processes the entire image in a single forward
pass through a neural network by dividing the input image into smaller grid cells. Object
detection is done on each of these smaller grids, making the process faster. A bounding box is
presented at each detected box with a con�dence score indicating the model's con�dence that
the box contains an object. The low con�dence scores are �ltered out at the end. The current
detection model for SeaClear uses a YOLOv8 model, which is the latest iteration in the YOLO
series, trained on SeaClear data. The model performance can be seen in Figure 2-2 where
it detects �sh close to the camera and a rope as trash. This image is from a video sequence
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8 Overview of Object Tracking

Figure 2-2: Detecting underwater objects in using the SeaClear YOLOv8 model on unseen data.

taken while scuba diving in Marseilles, France, and is not part of any dataset obtained or
used by the SeaClear team. This shows that the model performs quite well on unseen, new
data.

For contour or silhouette-type detection and tracking, the exact boundaries of the object
have to be extracted from an image. Even though deep-learning-based methods are widely
used, other traditional methods like optical �ow or edge detection which uses colour and pixel
information generally give better results. Dalal et al. [9] use a locally normalised histogram of
gradient orientation features in a dense overlapping grid which is used for human detection.
The same has been used successfully to track humans via drone [13].

Detecting interest points, illustrated in Figure 2-1(e) also known as keypoint detection, serves
various purposes such as image stitching. It is instrumental in recognising speci�c big and
small human movements such as running, walking, and swimming, as well as smiling, crying,
and yawning [40]. A popular method in computer vision for detecting and describing local
features in images is the Scale-Invariant Feature Transform (SIFT). This involves identifying
distinctive key points and extracting descriptors to represent the local image structure. The
key points are invariant to image rotation and scale and are robust across a substantial range
of a�ne distortion, noise, and change in illumination [23]. The SIFT algorithm is discussed
further in Section 2-3-2.

For this research, employing bounding box detection seems to be a suitable method for both
object detection and tracking. This approach is preferred because it doesn't necessitate the
identi�cation of speci�c features of the trash. Additionally, the existing object detection
model for SeaClear e�ectively detects objects and provides bounding box outputs, making it
practical to focus on scenarios involving bounding boxes from now on.

2-3 Object Initialisation and Localisation

Once an object is identi�ed, it must be assigned a unique reference or identity. This identity
must remain consistent across all subsequent frames to ensure that the object detected in
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2-3 Object Initialisation and Localisation 9

earlier frames is recognised as the same in later ones. Two primary methods are typically
employed for this purpose: motion estimation and feature matching. Motion estimation
involves predicting the object's position and velocity using a motion model, while feature
matching relies on comparing the object's appearance and key-points to track it. The choice
between these methods depends on the speci�c use case. For instance, if the objective is to
count the number of cars of di�erent colors, feature matching would be more appropriate,
as cars with similar colors would share visual features and could be grouped. However,
this approach would be less e�ective for tracking the individual trajectories of each car.
The following sections will explore these di�erent methods for object localisation in detail,
discussing their strengths and weaknesses in various scenarios.

2-3-1 Motion Estimation

In object tracking, motion estimation is crucial for predicting the future positions of objects,
enabling real-time monitoring and analysis [35]. This approach is especially useful in sit-
uations where an object's appearance might change or when multiple objects share similar
features, making traditional methods like feature matching less dependable. In such cases,
motion estimation is more e�ective for tracking objects. The most widely used method for
motion estimation, Kalman Filters, will be discussed in detail next.

Kalman Filter Kalman �lter is a mathematical algorithm that estimates the state of a system
in the presence of uncertainty and measurement noise. The �lter achieves this by combining
predictions of the system's state with actual measurements in an optimal way, considering
the uncertainties associated with both the system's dynamics and the measurements [20].
The uncertainty related to the system dynamics, also known as the process noise, captures
factors that are not accounted for in the state transition model. Measurement uncertainty
accounts for the inaccuracies or disturbances present in the sensor measurements. It represents
the discrepancy between the true system state and the observed measurements. Both these
uncertainties are often modeled as a zero-mean random variable with a known covariance
matrix. For a system with state x, state transition matrix F , control input matrix B , and zk

as the measurement atk time, the prediction steps are de�ned as

x̂kjk� 1 = F � x̂k� 1jk� 1 + Buk (2-1)

for the state prediction, where x̂ denotes the estimated state and the subscriptkjk � 1 rep-
resents time stepk given the state estimate at the previous time stepk � 1. The covariance
prediction step is given as

Pkjk� 1 = F � Pk� 1jk� 1 � F T + Q (2-2)

Here Q is de�ned as the process noise covariance matrix andP is the covariance of the state
estimate. The update step of the Kalman �lter process comprises the Kalman gain update,
state update, and covariance update. The Kalman gain adjusts the predicted state estimate
based on the reliability of the measurements and the predicted state. It helps strike a balance
between the predicted state and the observed measurements, giving more weight to the more
reliable source. The Kalman gain is given by

K k = Pkjk� 1 � H T � (H � Pkjk� 1 � H T + R) � 1 (2-3)
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10 Overview of Object Tracking

whereH is the measurement matrix, andR is the measurement noise covariance matrix. The
state update step is given by

x̂kjk = x̂kjk� 1 + K k � (zk � H � x̂kjk� 1) (2-4)

and the covariance update as

Pkjk = ( I � K k � H ) � Pkjk� 1 (2-5)

where I is an identity matrix.

In the case of object tracking, there is no control input, uk . A challenge in using the Kalman
�lter for object tracking is the requirement for a precise discrete-time linear dynamic system.
This system must possess a state transition matrix that accurately relates the current state
and the subsequent state. Mathematically this is given as

xk+1 = Ax k (2-6)

with A being the state transition matrix.

Another challenge is de�ning the state vector x. Vasuhi et al. in [39], de�ned the state vector
as[px ; pv ; vx ; vy ]T for a single human tracking with (px ; pv) as the 2D coordinates of the object
and (vx ; vy) the velocity in each direction. Bewley et al. in [6] de�ned the state vector as
[u; v; s; r; _u; _v; _s]T , where u and v represent the horizontal and vertical pixel location of the
center of the target, while the scales and r represent the scale (area) and the aspect ratio of
the target's bounding box respectively.

Creating a precise discrete-time linear state space model for entities like animals, �sh, and
trash, as relevant to our context, presents a considerable challenge. Additionally, the util-
isation of Kalman �lters is constrained by the necessity for the speci�ed noise to follow a
Gaussian distribution, and for the object model to be linear. Usually, the motion of a �sh
and �oating trash along with the water current does not follow a linear motion. Finding an
accurate linearisation for the nonlinear motion is of utmost importance for the Kalman �lter
giving satisfactory results.

2-3-2 Feature Matching

Feature matching is a widely used method for object localisation which focuses on the iden-
ti�cation and correspondence of distinctive features between consecutive frames. The goal is
to �nd points or regions in one image that correspond to the same points or regions in the
previous image. These regions are generally features like corners, edges, or key points [36].
SIFT [23] is a widely used algorithm in computer vision for detecting and describing dis-
tinctive features in images. It is known for its robustness to changes in scale, rotation, and
illumination. It begins by creating a series of blurred versions, called scale levels, of the
original image using Gaussian smoothing [11]. In this process, the image is convoluted with
a Gaussian function kernel. A Di�erence of Gaussians is computed by subtracting adjacent
blurred images in the scale-space. Local extrema in the Di�erence of Gaussians images are
identi�ed as potential keypoint locations. The algorithm assigns orientations to these iden-
ti�ed key points based on local gradients, ensuring rotation invariance. A local image patch
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(a) Strong water currents. Notice that the objects
in the background are not hazy.

(b) Illustrating the blueish-green tint in underwater
images, part of the SeaClear dataset.

Figure 2-3: Images from the SeaClear dataset.

around each key point is taken, and a descriptor is generated to represent the key point's
appearance. Keypoint descriptors from two images are matched by comparing their feature
vectors. A common method is to use the Euclidean distance between the descriptors.

A major drawback of this method is that it needs stable SIFT features that persist throughout
the video, but this is unlikely to exist in underwater environments due to illumination changes
and most importantly occlusion. Also, I suspect that similar-looking trash, �shes, and plants
would have similar key points and descriptors confusing the algorithm and hindering tracking
in a multi-object scenario. In the underwater environment, the true colour of objects is not
captured by cameras and there is usually a blueish-green tint, as seen in Figure 2-3a and
Figure 2-3b, making the colour histogram very biased to that feature. These considerations
render the feature-matching technique unsuitable for this particular case, leading to a focus
on motion estimation techniques for the remainder of the research.

2-4 Data Association

Data association refers to the process of linking observations or estimates obtained from
sensors or algorithms to the corresponding real-world entities they represent. In the �eld
of object tracking, the goal is to associate the detected objects from frame to frame and
hence maintain a consistent identity for the object. For example, in the Kalman �lter seen in
section 2-3-1, the prediction of each object is to be associated with the detection in the next
frame. This is done by a data association algorithm.

The simplest data association method is to associate each detection in the current frame with
the nearest detection in the previous frame based on a distance metric, such as Euclidean
distance or Mahalanobis distance [17]. The Euclidean distance is the distance between any
two points, P and Q given as

d(P; Q) =
q

(p1 � q1)2 + ( p2 � q2)2 + � � � + ( pn � qn )2 (2-7)
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12 Overview of Object Tracking

and the Mahalanobis distance is a measure of the distance between a pointP and a distri-
bution D . For a point P from a distribution D with mean � and covariance matrix � , the
Mahalanobis distance is given by

DM (P) =
q

(P � � )> � � 1(P � � ): (2-8)

This is the multi-dimensional generalisation of measuring how many standard deviations away
P is from the mean ofD . While Euclidean distance is appropriate for uncorrelated variables,
Mahalanobis distance is more suitable when there is a correlation between variables. It
reduces to the Euclidean distance when the covariance matrix is the identity matrix. E�ective
data association for object tracking use cases ensures that the correct identity of objects is
maintained across frames, even in the presence of challenges such as occlusions, appearance
changes, and noise in complicated and crowded scenarios. For the case of object tracking, each
object prediction in the current frame is compared with every object present in the previous
frame and matched appropriately. This matching cannot be done with a distance metric but
needs to be solved optimally.

The Hungarian algorithm [22], also known as the Kuhn-Munkres algorithm, is a commonly
used method for data matching and solving multiple problems together. It is a combinatorial
optimisation algorithm [12] that deals with �nding the optimal assignment of a set of tasks
to a set of agents, each with an associated cost or weight. In other words, the goal is to
minimise the total cost of assigning tasks to agents while ensuring that each task is assigned
to exactly one agent, and each agent is assigned to at most one task. This is mathematically
represented as a cost matrix, where the rows correspond to tasks, the columns correspond to
agents, and each matrix entry represents the cost of assigning a particular task to a speci�c
agent. A common combinatory optimisation problem is the traveling salesman problem. The
steps followed by the Hungarian algorithm are given below.

ˆ Initialisation: Starting with a cost matrix that represents the costs or pro�ts associated
with assigning tasks to agents.

ˆ Row Reduction: For each row of the cost matrix, the minimum cost in that row is
subtracted from all the elements in the row. This ensures that at least one zero is
present in every row.

ˆ Column Reduction: For each column of the cost matrix, the minimum cost in that
column is subtracted from all the elements in the column. This ensures that at least
one zero is present in every column.

ˆ Cover Columns and Rows: All columns and rows containing zeros are covered with a
line. If the number of lines is equal to the size of the matrix, i.e. (n for a n*n matrix),
the algorithm is done. Otherwise, the algorithm proceeds to the next step.

ˆ Update Costs: The smallest element that is not covered by a line in the previous step is
found and subtracted from all uncovered elements, and added to all elements that are
already covered.

ˆ Repeat: The last two steps are repeated till an optimal solution is reached.
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In the case of data association for object tracking the cost matrix is computed for the Hun-
garian algorithm with di�erent distance metrics such as the Euclidean distance, convolutional
cost, Mahalanobis distance, etc.

2-5 Above-land Object Tracking Algorithms

As evident from the preceding sections, object-tracking is a multi-stage process and the se-
lection of a speci�c algorithm at each step requires careful consideration. This section con-
solidates all the individual steps to engage in a discussion and comparison of diverse SOTA
object-tracking algorithms.

2-5-1 IOU Tracker

The Intersection-over-union (IOU) tracker is a very simple method based on the assumption
that the detector produces a detection per frame for every object to be tracked, i.e. there
are barely any few missing detections [7]. Furthermore, it is assumed that detections of an
object in consecutive frames have an unmistakably high overlap IOU which is commonly the
case when using su�ciently high frame rates. The IOU is a popular metric used in object
detection that calculates the amount of overlapping between two bounding boxes which are
usually a predicted bounding box and a ground truth bounding box. This metric is de�ned
as the ratio of the intersection of the two boxes' separate areas' to their combined areas.
Mathematically this metric is de�ned as

jA \ Bj
jAj [ j Bj

(2-9)

where A and B are the two bounding boxes.

Figure 2-4: Visualising the IOU metric.

A simple IOU tracker continues tracking an object by associating it with the detection in the
previous frame that has the highest IOU score, provided that this score surpasses a speci�ed
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threshold, � IOU . In [7], the performance is further improved by �ltering out all tracks with
a length shorter than a threshold, tmin , and the ones without at least one detection with
a con�dence score above� h . Short tracks are removed because they usually root in false
positives and add clutter to the output. Requiring a track to have at least one high-scoring
detection ensures that the track belongs to a true object of interest while bene�ting from
low-scoring detections for the completeness of the track. Only the best-matching, unassigned
detection is taken as a candidate to extend the track.

If the tracker is used online in conjunction with a state-of-the-art detector, the computational
cost compared to the detectors becomes negligible. Therefore, tracks can be obtained at
almost no additional computational cost from the detections. This algorithm outperforms
the SOTA in terms of object tracking in a simple, non-crowded environment with only a
fraction of the complexity and computational cost. With a good detection model available, a
simple IOU tracker may perform well on the SeaClear data.

2-5-2 SORT

Simple Online and Real-time Tracking (SORT) [6] is one of the most widely used object-
tracking algorithms. It is based on a tracking-by-detection framework which implies that the
tracking system relies on �rst detecting objects in each frame of a video or image sequence
and then associating those detections across frames to establish the trajectory of the object.
Wojke et al. in [6], adopt a straightforward approach that avoids incorporating appearance
features beyond the detection component. Object detection is achieved through a fast region-
based CNN, which produces bounding boxes around objects. SORT relies solely on the
bounding box's position and size for both motion estimation and data association. Motion
estimation is then employed via a Kalman �lter, utilising a linear constant velocity model
that approximates the inter-frame displacements of the objects and remains independent of
other objects and camera motion. The state of each object is characterised by a state vector
de�ned as

[u; v; s; r; _u; _v; _s]T : (2-10)

Here u and v represent the horizontal and vertical pixel location of the centre of the object,
while s and r represent the scale (area) and the aspect ratio of the objects's bounding box
respectively.

Data association is done via the Hungarian algorithm where the assignment cost matrix is
computed as the IOU distance between each detection and all predicted bounding boxes from
the existing targets. A lower limit in the IOU is imposed to reject assignments where the
detection to target overlap is poor. After associating an object with its detection, the detected
bounding box is used to update the target state where the velocity components are solved
optimally via a Kalman �lter framework as explained in Section 2-3-1. If no detection is
associated with the object, its state is simply predicted without correction using the linear
velocity model.

The most important part of the algorithm is creating identities. When objects enter or leave
the video, identities are assigned or removed. For new objects, the tracker is set up using the
size and position of the bounding box of the detected object. Since the speed of the object is
unknown at this point, it is assumed to as not moving and the velocity is set to zero. Hence the
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covariance of the velocity component is set to a large value indicating uncertainty. The new
tracker has a probationary period where it needs to be associated with additional detections.
This is done to gather enough evidence and avoid tracking false positives. If an object is not
detected for a certain number of frames tracking is terminated. to prevent the number of
trackers from growing inde�nitely and reduce errors caused by making predictions without
corrections from the detector for an extended time. This parameter is set to 1 in [6]. This
decision is based on the fact that the method used for predicting the object's future position
is not very accurate given the constant velocity model is a poor predictor of the true dynamics
and the main focus is on tracking from frame to frame. If an object that was previously lost
reappears, the tracking resumes with a new identity. This approach simpli�es the tracking
process and is more concerned with short-term tracking rather than re-identifying objects
over a longer period.

The majority of motion estimation-based algorithms have been built on top of the SORT to
improve tracking performance by handling longer tracking and occlusion. Some of them are
discussed next.

2-5-3 ByteTrack

Zhang et al. in [43] introduces a simple, e�ective, and generic data association method,
Byte. In contrast to most algorithms that only utilize high-score detection boxes, here almost
every detection box is retained and separated into high-score ones and low-score ones. The
low-con�dence detection boxes indicate occluded objects improving tracking performance.

Once objects are detected, the low-scoring and higher-scoring detections are segregated based
on a set threshold. After segregating, the Kalman �lter is employed to predict the new
locations in the current frame for each track. The initial association involves applying the
Hungarian algorithm between the high-score detection boxes and all the tracksT, just like the
SORT algorithm. Tracklets that fail to match an appropriate high-score detection box, most
probably due to occlusion, motion blur, or size changes, are excluded and stored separately
in Tremain . A subsequent association is carried out between the low-score detection boxes and
these unmatched tracks. Following this second association, still unmatched low-score detec-
tion boxes are removed as they are now considered background. The tracks left unmatched
after the second association is placed intoTlost . For each track in Tlost , only when it exists
for more than a certain number of frames is deleted from the tracksT. This is to ensure if an
object re-enters the scene, it can be matched with a previous track inTlost keeping its original
identity. This ensures there are minimum ID switches.

A simple and strong tracker named ByteTrack is designed in [43] by equipping the high-
performance detector YOLO [15] with the association method Byte.

2-5-4 BoT-SORT

Performance of the SORT-like approaches mainly depends on the quality of the predicted
bounding box of the tracklet. In many complex scenarios, predicting the correct location of
the bounding box may fail due to camera motion, which leads to low overlap between the two
related bounding boxes and �nally to low tracker performance. BoT-SORT [2] builds on top of
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ByteTrack by additionally handling camera motion compensation. This is done by adopting
conventional image matching to estimate the camera motion. The global motion compensation
(GMC) technique used in OpenCV's [8] video stabilisation module with a�ne transformation
is followed. This image registration method is suitable for revealing the background motion.
First, the extraction of image key points [36] takes place, followed by sparse optical �ow, which
focuses on tracking a subset of points instead of all the pixels/features for feature tracking.
The sparse matching techniques are leveraged to selectively focus on speci�c features in a
scene, excluding the in�uence of dynamic objects and thus estimating the background motion
more accurately.

Another variation of the algorithm is the BoT-SORT-ReID which enhances object tracking
by additionally combining appearance features with motion cues, providing a more robust
and accurate tracking system compared to traditional methods like SORT. BoT-SORT-
ReID does this by incorporating appearance embeddings extracted from a pre-trained object
reidentifying deep neural network. These embeddings are essentially unique visual signatures
that describe the appearance of an object, capturing details such as color, texture, and shape.
The appearance embeddings in BoT-SORT-ReID allow the algorithm to recognize and re-
identify objects when they reappear or change direction, ensuring that the same object is
tracked consistently throughout the sequence.

While appearance embedding is a valuable feature for tracking objects, it involves the complex
task of extracting and comparing detailed object features to ensure consistent identi�cation
over time. This process is computationally demanding, particularly in real-time scenarios.
Algorithms must quickly handle and process large volumes of data in high-dimensional spaces,
which can strain computational resources and result in latency issues. Therefore, we have
opted not to use this algorithm in our research, as it does not meet the real-time processing
requirements we need.

2-6 Object Tracking Benchmarks

An object-tracking benchmark is a standardised evaluation framework used in the �eld of com-
puter vision to assess and compare the performance of di�erent object-tracking algorithms.
These benchmarks typically consist of a set of video sequences with annotated ground truth
which provides information about the correct position and extent of the objects being tracked
in each frame. By using a common benchmark, researchers can objectively compare the
strengths and weaknesses of di�erent tracking algorithms. Along with the datasets, di�erent
benchmarks de�ne di�erent performance metrics based on speci�c use cases and requirements.
They also provide a common format for both the ground truth and the output generated by
tracking algorithms, facilitating straightforward comparisons.

There have been several object-tracking benchmarks for both single and multiple object track-
ing. The Object Tracking Benchmark (OTB) [41] and Visual Object Tracking (VOT) [21]
were some of the �rst to do so, but both are focused on single object tracking. The most
popular is the Multiple Object Tracking (MOT) benchmark [10], which has evolved into an
annual challenge in computer vision and tracking research, introducing increasingly complex
datasets each year. The challenge typically includes diverse scenarios, such as crowded scenes
and occlusions, to assess the robustness and accuracy of tracking algorithms in various real-
world conditions. Such benchmarks make it easier for researchers and developers to compare
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and advance the SOTA algorithms. In total 22 di�erent datasets were published between 2015
and 2023 for the MOT Challenge. Of these 22, only one, 3D-ZeF [32] is remotely relevant to
the problem of underwater object tracking as it contains Zebra�sh tracking in a laboratory
environment. A laboratory environment has good lighting and �sh tanks are not deep enough
to accurately depict light distortion, and refraction that would occur in deep waters. There
is also an absence of dirt and water currents which contributes heavily in a real underwater
setting. Unfortunately, all the other existing tracking datasets are open-air and are based on
single-category tracking focusing on either pedestrians or vehicles.

Since no publicly accessible dataset for underwater object tracking exists, the aim is �rst
to develop a novel underwater multiclass multi-object tracking dataset. This dataset will
encompass a variety of object trajectories, both short and long, smooth and irregular. It aims
to represent diverse underwater conditions, including clear and murky water, and varying
water currents.

2-7 Comparisons

The SOTA object tracking algorithms are compared in Table 2-2, highlighting the di�erence
in the localisation and association steps and the advantages and disadvantages. Both the IOU
tracker and SORT are lightweight and computationally e�cient, but the motion prediction in
SORT gives it an upper hand over the former. The association method is also optimal in SORT
rather than just matching with the highest IOU score, this improves performance in a crowded
scenario. When compared with SORT, ByteTrack gives a higher tracking accuracy and lesser
numbers of identities on the MOT17 dataset [26]. This result suggests that a simple Kalman
�lter along with a long-range data association can achieve fewer identity switches when the
detection boxes are accurate enough. There is no need for any deep learning models to help
�remember� the object features to improve the tracking capabilities.

BoT-SORT and BoT-SORT-ReID give the best performance from all SORT-like algorithms
on MOT20 datasets containing above-the-sea datasets like pedestrian tracking, but they still
have several limitations. In scenes with a high density of dynamic objects, the estimation of
the camera motion may fail due to a lack of background key points. Wrong camera motion
may lead to unexpected tracker behavior. Another real-life application concern is the run
time. Calculating the global motion of the camera can be time-consuming when large images
need to be processed. With almost no underwater datasets for re-identi�cation training a
neural network that gives an accurate feature embedding generation for BoT-SORT-ReID
is not feasible. Even if there were enough datasets, using appearance embeddings would
not be ideal. Unlike humans, �shes of the same species and the same kind of trash will
have the same features and similar feature embeddings. Despite these challenges, BoT-SORT
achieves tracking accuracy score 63.3% on the MOT20 dataset. In comparison, ByteTrack
is close behind, with a HOTA score of 61.3%. These metrics indicate that while BoT-SORT
slightly outperforms ByteTrack, both o�er strong tracking accuracy and are e�cient, making
them suitable for real-time applications. Meanwhile, the traditional SORT algorithm, though
faster and simpler, generally lags behind in these dense tracking environments. It achieves
a HOTA score of 45-50% on the MOT20 dataset, highlighting the advancements made by
newer methods like BoT-SORT and ByteTrack.
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Hence the SORT, ByteTrack, and BoT-SORT seem like good candidates for a satisfactory
tracking performance along with less computation time. �sh of the same species and similar
debris would likely produce indistinguishable features.

IOU SORT BoT-SORT
Detection CNN CNN CNN

Localisation Bounding box Kalman Filter with Kalman Filter with
No motion prediction scale and aspect ratio height and width of the

of the bounding box bounding box
Association IOU scores Hungarian Algorithm Byte - consider both

with IOU costs high and low scoring
detecting boxes

Advantages Computationally Lightweight Camera motion
e�cient compensation

Disadvantage Performance dependent Poor performance in High image
on detection model occlusion and resolutions slow

nonlinear motion down the algorithm

Table 2-2: Comparing the SOTA object tracking algorithm based on motion estimation methods.

2-8 Summary

This chapter began by outlining the foundational steps in object-tracking algorithms, focusing
on the tracking-by-detection approach. In this approach, object detection, localisation, and
association are the primary stages, each with its own set of applicable algorithms. Localisation
techniques such as motion estimation and feature matching play a critical role, while the
Hungarian algorithm is highlighted for its e�ectiveness in solving linear assignment problems,
thereby optimising data association.

The discussion then delved into various SOTA tracking algorithms, starting with the IOU
tracker, which simpli�es the tracking process by associating objects based solely on the high-
est IOU score. Following this, the SORT algorithm was explored. This algorithm enhances
object localisation through Kalman �ltering and uses an IOU score-based cost matrix within
the Hungarian algorithm for more precise data association. The chapter then discussed Byte-
Track, which builds on SORT by incorporating the Byte association step, which improves
data association by considering both high-scoring and low-scoring detected bounding boxes.

Additionally, the chapter reviewed BoT-SORT and BoT-SORT-ReID, which introduce motion
compensation to address camera stabilisation issues. These methods leverage OpenCV's video
stabilisation module, using background key points to enhance the robustness of ByteTrack.
The latter also incorporates an object re-identi�cation neural network to enhance performance
in occluded scenarios.

The chapter concluded by highlighting the limitations and challenges within the current
object-tracking methodologies and set the stage for the next chapter. The forthcoming chap-
ter will explore existing datasets for object tracking, evaluate their suitability for the speci�c
use case, and develop a novel underwater dataset for future research and implementation
steps.
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Chapter 3

Novel Dataset for Underwater Object
Tracking

This research primarily aims to implement and compare the tracking performance of several
State-of-the-art (SOTA) algorithms, with a subsequent focus on enhancing object tracking in
underwater environments. A substantial dataset is essential to conduct a fair evaluation of
the algorithms. Since the objective is to track the objects, a collection of sequential images
or videos is required. The model for detecting objects in SeaClear currently has four di�erent
classes, namely, animal, plant, Remotely Operated Vehicle (ROV), and trash. So we also
want to achieve multi-class multi-object tracking underwater.

3-1 SeaClear Dataset

As seen in the previous chapter, the Multiple Object Tracking (MOT) Challenge serves as a
signi�cant collaboration among researchers worldwide, contributing groundbreaking e�orts to
improve object-tracking algorithms. However, the datasets available through the MOT bench-
mark comprise only of open-air conditions. An alternative dataset, UOT100 [31], includes
104 underwater video sequences with over 74000 annotated frames derived from both natu-
ral and arti�cial underwater videos, featuring a diverse range of distortions. While lacking
trash-related content, this dataset includes videos with ground truth information for marine
animals. Most sequences depict single objects in a frame, and the videos have been sourced
from platforms like YouTube and National Geographic, with manual annotations provided

While this dataset can be used initially, it does not provide an ideal match for our purposes.
For instance, SeaClear stands out with the challenge of tracking four di�erent classes and
a moving camera, which we have not yet come across while looking for datasets since even
open-air datasets are based on �xed CCTV camera footage. Also, the image sequences in the
UOT100 dataset are close to the surface, captured with good large camera equipment and
hence have good quality with lots of light. The SeaClear team has conducted extensive tests
using their ROV in diverse locations. The dataset derived from these tests will serve as the
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