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Abstract

Problems faced by marine scientists during the assessment of Nephrops norvegicus species
during underwater TV surveys have been addressed in this thesis. One of the main contributions
of the work has been the study of the behavior of deep learning algorithms on the complex
underwater dataset.

Currently, the Nephrops data are collected through the UWTV surveys and are reviewed
manually by trained experts. Burrows systems are quantified following the protocol established
by ICES.

Our first contribution is to develop the dataset for the deep learning models. No such dataset
exists that someone can use to validate the results. After many revisions, the current work
selected a few videos for annotation (the videos are selected with Marine experts based on the
Nephrops burrows densities). The Marine expert validates each annotation before adding it to
the dataset. After validating each annotation, a curated dataset is used for training and testing
the model.

Different types of deep learning-based models have been finetuned and applied to the created
dataset. The work proposed five different neural networks: MobileNet, Inception, ResNet50,
ResNet101, and YOLOV3. All the models are trained and tested with the different combinations
of datasets. A complete methodology is proposed for automatically detecting Nephrops
burrows. The automatic detection algorithms could replace the human review of data, with the
promise of better accuracy, coverage of more significant areas and higher consistency in the
assessment.

Deep learning algorithms performed very well in identifying the burrows. Generic CNN-based
object detectors still face challenges in underwater object detection. These challenges include
image blurring, texture distortion, color shift, and scale variation, which result in low precision
and recall rates. This thesis contributes by developing a Novel Detection Refinement
Technique for Accurate Identification of Nephrops norvegicus burrows. The proposed
technique is based on each detection’'s spatial-temporal value. When integrated with any
detector, the proposed method consistently increased the performance. The performance was
calculated using mAP.

Another contribution lies in the tracking and counting burrows. Multiple OpenCV tracking
algorithms are applied to that task, but due to three significant challenges, these tracking
algorithms fail to track the Nephrops burrow. The first challenge is the camera's movement.
The second challenge is the characteristics and size of burrows that are not fixed. The third
challenge is the angle/opening of the burrow. The traditional object-tracking mechanism is not
very effective. We proposed the tracking and counting of burrows using the spatial-temporal
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values of each burrow. The unique burrows are counted using the intersection values of
detected burrows in consecutive frames.

From an experimental point of view, our contribution lies in comparing burrows detection with
different models, the deep analytics and application of detection refinement algorithm by
calculating the precision, recall and F1 score. The proposed tracking algorithm is also
compared with the OpenCV tracking algorithms. All these experiments were performed for the
different combinations of datasets and different levels of parameters. Results show that our
approach has better results regarding burrows detections, refinements, tracking and counting
of burrows.
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Summary

The earth’s ecosystem mainly comprises oceans, producing 50% oxygen and 97% water. Also,
it is a significant source of our daily food as it provides 15% of proteins in the form of marine
animals. There are more studies on terrestrial ecosystems than on marine ecosystems because
it is more challenging to study the marine ecosystem, especially in the deeper sea areas. Also,
studying the marine ecosystem is costly and requires special equipment and human expertise
to research a particular area.

Research in underwater image analysis has gained popularity in many applications of marine
sciences. There are various research directions in underwater image analysis, for instance,
aquatic species classification and detections, seafloor image recognition, coral reef
classification, and flora and fauna recognition. Underwater image analysis requires a set of
images processing tasks, including underwater object detection, classification, visual content
recognition, and image annotation of large-scale marine species. Certain challenges, such as
turbidity, color variations, and illumination changes, make underwater environments difficult
for the models to detect and classify the objects automatically.

Monitoring the habitats of marine species is challenging for biologists and marine experts. The
environmental features, such as depth-based color variations and the movement of species,
make it a challenge. Marine scientists used satellites, shipborne, and camera sensors several
years ago to collect underwater species images. In recent years, with the advancement of
technology, scientists have used underwater Remotely Operated Vehicles (ROVS),
Autonomous Underwater Vehicles (AUVs), and sledge and drop frame structures equipped
with high-definition cameras to record videos and images of marine species. These vehicles
can capture high-definition photos and videos. Besides all this quality equipment, the
underwater environment is still challenging for scientists and marine biologists. The two main
factors which make it difficult are the free natural environment and variations of the visual
content, which may arise from variable illumination, scales, views, and non-rigid deformations.

There are thousands of species in the ocean all over the world. One of Europe's most important
commercial species is the Norway lobster, Nephrops norvegicus. The Norway lobster,
Nephrops norvegicus, is one of the leading commercial crustacean fisheries in Europe, where
in 2018, the total allowable catch (TAC) was set at 32,705 tons for International Council for
the Exploration of the Sea (ICES) areas.

Nephrops norvegicus species (hereafter referred to as Nephrops) are distributed from 10 m to
800 m in depth in the Atlantic NE waters and the Mediterranean Sea, where sediment is suitable
for constructing their burrows. Nephrops spend most of their time inside the burrows, and their
emergence behavior is influenced by time of year, light intensity, and tidal strength. These
burrows can be detected through optimal lighting set-up during video recordings of the seabed.
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The burrows themselves can be easily identified from surface features once specialist training
has been taken. This species excavates into and inhabits burrow systems mainly in muddy
seabed sediments, with more than 40% silt and clay.

A Nephrops burrow system typically can have single or multiple openings to different tunnels.
A unique individual is assumed to occupy a burrow system. Burrows show signature features
that are specific to Nephrops. The burrow features are summarized as follows:

1. At least one burrow opening is particularly half-moon shape.

2. There is often proof of expelled sediment, typically in a wide delta-like ‘fan’ at the tunnel
opening, and scratches and tracks are frequently evident.

3. The centre of all the burrow openings has a raised structure.
4. Nephrops may be present (either in or out of the burrow)

The Nephrops burrow system comprises one or more burrows of the abovementioned
characteristics. The presence of more than one burrow nearby doesn’t mean the presence of
more than one Nephrops.

Nephrops spend most of their time inside the burrows, and their emergence behaviour is
influenced by several factors: time of year, light intensity, or tidal strength. For this reason,
abundance indices obtained from the commercial catch or the traditional bottom trawl surveys
are considered poorly representative of the Nephrops population and are not considered
appropriate.

The abundance of Nephrops populations is currently monitored by underwater television
(UWTV) surveys on many European grounds. The methodology used in UWTYV surveys was
developed in Scotland in the 1990s and is based on identifying and quantifying the burrow
systems over the known area of Nephrops distribution. Nephrops abundance from UWTV
surveys is the basis of assessment and advice for managing these stocks.

Videos are recorded using a camera system mounted on the sledge with an angle to the bottom
ranging between 37-60° depending on the country. The recorded videos are saved in the DVDs,
which are later reviewed manually by the trained marine experts and quantified by following
the protocol established by the ICES.

The ICES is an international organization of 20 member countries. ICES is working on the
marine sciences with more than 6,000 scientists from 7000 different marine institutes of the
member countries. Multiple marine groups are working under the ICES umbrella. The Working
Group on Nephrops Surveys (WGNEPS), formerly the Study Group on Nephrops Surveys
(SGNEPS), is the coordinating expert group for Nephrops UWTYV and trawl surveys. The
expert group specializes in Nephrops norvegicus underwater television and trawl surveys
within ICES. The group aims to provide international coordination for Nephrops UWTYV and
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trawl surveys in the North Atlantic. WGNEPS has focused on Nephrops planning, protocols,
quality control, design, and survey development issues.

UWTYV and Trawl surveys provide population estimates for Nephrops based on Functional
Units (FU) in ICES areas and in a preliminary and exploratory way in some Geographical sub-
areas (GSA) in the Mediterranean.

There are two main UWTV survey design approaches currently in use: grid (fixed or
randomized) or stratified random design, where in some surveys, there is a buffering between
stations to ensure better spatial coverage. Both approaches will allow the application of
geostatistical models to estimate abundance and precision levels. Usually, the grid is extended
adaptively until boundaries are established. The stratified random approach uses a priori data
on sediment and or integrated VMS data to define strata with more similar densities. The
definition of the survey boundaries and their stratification is essential to meet the required level
of precision.

UWTYV surveys were pioneered in Scotland in the early 90s to monitor the abundance of
Nephrops populations. Estimating Norway lobster populations using this method involves
identifying and quantifying burrow density over the known area of Nephrops distribution that
can be used as an abundance index of the stock. Nephrops abundance from UWTYV surveys is
the basis of assessment and advice for managing these stocks. The UWTYV surveys should be
carried out annually when water clarity conditions are optimal, and weather conditions are
likely to be calm. Surveys are not restricted to a particular time of day, and 24-hour operations
can occur.

A sledge is used for the survey that is designed in Scotland. The sledge should be robust enough
to secure all instruments, but the system must be flexible enough to adjust the balance. A
proper light system on the sledge should be evenly distributed over the entire field of view.
Two laser lights are fixed vertically on the sledge, showing the field of view.

Functional Units (FU) assess and manage Nephrops populations, where there is a specific
survey for each FU. In 2019, 19 surveys covered the 25 FU’s in ICES and one geographical
subarea (GSA) in the Adriatic Sea. These surveys were conducted using standardized
equipment and agreed protocols under the remit of WGNEPS. This study considers data from
the Gulf of Cadiz (FU 30) and the Smalls (FU 22) Nephrops grounds to detect the Nephrops
burrows using the image data collected from different stations in each FU using our proposed
methodology.

The underwater environment is hard to analyze as it presents formidable challenges for
Computer Vision and machine learning technologies. The image classification and detection
in underwater images differ significantly from other visual data. Also, data collection in an
aquatic environment is the biggest challenge. One reason for this is light, as light and water are
not considered good friends, because when light passes through the water, it cannot absorb and
reach the sea surface, which makes the images or videos a blurring effect. Also, scattering and
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non-uniform lighting make the environment more challenging for data collection. Poor
visibility is also a common problem in the underwater environment. The poor visibility is due
to the ebb and flow of tides, which causes fine mud particles to suspend in the water column.
The ocean current is another factor that causes frequent luminosity change. Visual features like
lightning conditions, color changes, and low pixel resolution make it challenging. Some
environmental elements, such as depth-based color variations and the turbidity or movement
of species, make data collection very difficult in an underwater environment. Thus, two main
factors which make it difficult are the free natural environment and variations of the visual
content, which may arise from variable illumination, scales, views, and non-rigid deformations.

Currently, the Nephrops data are collected through the UWTV surveys and are reviewed
manually by the trained experts. Many of the data were difficult to process due to complex
environmental conditions. Burrows systems are quantified following the protocol established
by ICES. The image data (which refers to video or still data) for each station is reviewed
independently by at least two experts, and the counts are recorded for each minute onto the log
sheet records. Each row of the log sheet records the minute, the number of burrows system
count, and the time stamp. Count data are screened to check for any unusual discrepancies
using Lin’s Concordance Correlation Coefficient (CCC) with a threshold of 0.5. Lin’s CCC
measures the ability of counters to precisely reproduce each other’s counts on a scale of 0.5 to
1, where 1 is perfect concordance. Only stations with a threshold lower than 0.5 were reviewed
again by the experts.

With the massive amount of data collected for videos and images, manually annotating and
analysing is laborious and requires a lot of data review and processing time. All stations
manually analyse the UWTYV surveys to classify and count the Nephrops. Due to limited human
capabilities, the manual evaluation of image data requires a lot of time by trained experts to
process the data to be quality-controlled and ready for use in the stock assessment. Due to these
factors, only a limited amount of collected data is used for analysis that usually does not provide
deep insights into a problem. Also, in some stations, it is tough for the human eye to classify
and detect the burrows from a running video.

With the recent advancement in artificial intelligence and computer vision technology, many
researchers employ Al-based tools to analyze marine species. Some people use feature
extraction mechanisms to count and identify the species, while others use advanced techniques
such as neural networks. Convolutional neural networks (CNN) bring a revolution in object
detection. Deep convolutional neural networks gain tremendous success in object detection,
classification, and segmentation tasks. These networks are data-driven and require a lot of
labelled data for training.

The literature cannot provide any concrete solution to automatically detect and classify the
Nephrops burrow system for habitat monitoring. This thesis is an effort to automate the existing
method of Nephrops burrows counting. The work proposed a complete framework for
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automatically detecting Nephrops burrows systems. The thesis work is divided into three major
parts. The first part of the thesis shows the framework for automatic detection of Nephrops
burrows using deep neural networks. Deep learning networks are used to automatically detect
and classify the Nephrops burrows that take underwater video data as input and learn the
hierarchical features from the input data to detect the burrows in each input video frame. The
FU 30 and FU 22 datasets were collected using different image acquisition systems (Ultra HD
4 K video camera and HD stills camera) from Nephrops populations in 2018-19. At FU 22, 42
UWTYV stations were surveyed in 2018. Out of 42, we used seven stations for data preparation.
The sledge recorded 10-12 min videos at different frame rates ranging from 15 fps, 12 fps, and
10 fps at Ultra HD. Also, the high-definition images were captured with the camera. The images
were recorded with a resolution of 2048 x 1152 pixels. At FU 30, the videos are recorded at 25
frames per second in good lighting conditions. Every station at FU 30 has 10-12 min recorded
video footage. A total of 70 UWTYV stations were surveyed in 2018. Out of 70 surveyed
stations, 10 were rejected due to poor visibility and lighting conditions. Seven stations were
selected for our experimentation with good lighting conditions, low noise and few artefacts,
higher contrast, and a high density of Nephrops burrows. Data collected from FU 22 and FU
30 is converted into frames. The collected data set has a lot of frames with low and non-
homogeneous lightning and poor contrast. The frames without burrows or poor visibility are
discarded during the annotation phase, and consecutive frames with similar information are
discarded. The next step is to annotate the collected data. Image annotation is a technique
Computer Vision uses to create training and test ground truth data, as supervised deep learning
algorithms require this information. Usually, any object is annotated by drawing a bounding
box around it. Currently, the marine experts who work with Nephrops burrows are not using
any annotation tool to annotate Nephrops burrows, as this is a time-consuming job. We used
the Microsoft VOTT image annotation tool to annotate the burrows manually. The annotations
are saved in the Pascal VOC. The saved XML annotation file contains the image name, class
name (Nephrops), and bounding box details of each object of interest in the image. The
annotated images are validated by marine sciences experts from the Gulf of Cadiz, Spain and
Ireland. The validation of annotation is essential to obtain high-quality ground-truth
information. This process took a long time as confirming every annotation is time-consuming
and sensitive. After validating each annotation, a curated dataset is used for training and testing
the deep neural network models. The annotated images are recorded into XML files and
converted to TensorFlow (TF) Record files, a sequence of binary strings that TensorFlow
requires to train the model. The dataset is divided into two subsets: train and test. The aim is to
apply deep learning models to detect, classify, and count the Nephrops burrows automatically.
Instead of training the network from scratch, this work utilized transfer learning to fine-tune
the Faster R-CNN Inceptionv2, MobileNetv2, ResNet50, ResNet101, and YOLO v3 models in
TensorFlow. Inceptionv2 is one of the architectures that have a high degree of accuracy. The
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basic design of Inceptionv2 helps to reduce the complexity of CNN. We used a pre-trained
version of the network model trained on the COCO dataset.

Inceptionv2 is configured to detect and classify only one class (¢ = 1), “Nephrops”. The
MobileNetv2 CNN architecture was proposed by Sandler et al. in 2018. One of the main
reasons for choosing the MobileNetv2 architecture was the relatively small training dataset
from FU 30. This architecture optimizes memory consumption and execution speed with minor
errors. MobileNetv2 architecture has depth-wise separable convolution instead of conventional
convolution. This architecture initially has a convolution layer with 32 filters, followed by 17
residual bottleneck layers. ResNet50 is a variant of the model ResNet. The ResNet50 has 48
convolutional layers, one max pool, and one average pool layer, so it is a 50-layer-deep
convolutional network. The ResNet101 is a dense convolutional neural network that has 101
layers. YOLOvV3 uses darknet to train the model. The darknet originally had 53 layers. In
YOLOV3, another 53 layers are added to the darknet for detection, making 106 layers of fully
convolutional architecture.

The model training, validation, and testing are conducted on a Linux Machine powered by an
NVIDIA TitanXP GPU. Multiple combinations are created for model training, i.e., trained
separate models for FU 22 and FU 30 datasets, training a model by combining both datasets
(called hybrid model), and training and testing with different datasets. Models were trained
using a random approximately 70-75% sample of the annotated dataset. The remaining is used
for testing. The turning checkpoints during training are recorded after every 10k iterations, and
the mAP50 is on the validation dataset. The model is evaluated using mAP, precision and recall
curve, and visual inspection of the images with automatic detections. The model is tested to
assess the performance. The models are tested against unseen images from the FU 30 and FU
22 datasets and evaluate the model’s performance. The experiments show the evaluation of
these networks quantitatively and qualitatively. Thirty different combinations of sets of
experiments are performed with varying models of training. Each set is iterated seven times.
So, 210 experiments were carried out. The models used 200 images from the FU 30 dataset to
train the model, while 48 images were used to test the models.

Similarly, these models used 618 images from the FU 22 dataset for training and 359 for testing.
The models trained using the FU 30 data set and tested using the FU 22 dataset used 200 images
for training the model and 150 images for testing. The models that used the FU 22 data set for
training and the FU 30 data set for testing used 618 images to train the model, while 200 images
were for testing. Finally, the models that used the hybrid data set for training and testing used
818 images for training the model while 407 images for testing the model. Quantitatively, the
work evaluates the performance of mAP, a prevalent metric in measuring object detector
algorithms’ accuracy, like Faster R-CNN, SSD, etc. Average precision calculates the average
precision value for recall values over 0 to 1. Precision measures prediction accuracy, while
Recall measures the positive predictions. The mAP is computed with the dataset of Nephrops
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from FU 22 and FU 30 stations over 100Kk iterations. The work achieves a mAP higher than
75%, a positive indication to change the current paradigm of manual counting of Nephrops
burrows. The performance of models is also evaluated using precision-recall curves. For model
evaluation, true positive (TP), false positive (FP), and false negative (FN) annotations are
calculated. The results prove that deep learning algorithms are a valuable and effective strategy
to help marine science experts assess the abundance of Nephrops norvegicus species when
underwater video/image surveys are carried out yearly, following ICES recommendations. The
automatic detection algorithms could replace the tedious and manual review of data, which is
nowadays the standard procedure, with the promise of better accuracy, coverage of more
significant sampling areas, and higher assessment consistency. This work makes a
considerable advancement for WGNEPS on the Nephrops norvegicus counting for stock
assessment, where it is shown to detect and accurately count the Nephrops burrows
automatically.

The second part of this thesis is talking about detection refinements. In the first part of the
thesis, the models achieved good results in detecting the burrows from the image test data.
However, when these trained models were tested on a video from the Gulf of Cadiz (FU 30),
the accuracy of the detectors degraded. The problem is figured out with many FP and missed
TP detections that adversely affect the accuracy of these models. This work proposes a
detection refinement mechanism based on spatial-temporal information to enhance the
detection of missed true positives and suppress false positive detections. The work presented
in the literature used temporal information to track the faces and suppress false positive
detections. Their approach used low-level tracking to detect the faces in real images.
Furthermore, their approach does not recover the missed detections. In our problem, the low-
level tracking cannot be applied as the Nephrops burrows are on the ground, where the
characteristics are very different from the natural image. The previous work integrates temporal
information to track the faces and suppress the false positives. In the proposed approach, spatial
and temporal information is used to suppress the false positives and recover the missed
detections. The work is divided into two parts. First, the model is trained using state-of-the-art
Faster RCNN models Inceptionv2, ResNet50, and ResNet101 to detect Nephrops burrows. The
work's second part applies the proposed spatial-temporal-based detection refinement
algorithm. Each detected burrow's spatial and temporal information is obtained in a video
sequence. This information is used across multiple frames to refine the Nephrops burrow
detections. The spatial-temporal mechanism helped in suppressing the FP burrows. It allowed
us to find the missed TP detection, achieving better accuracy and tracking and counting
burrows in a video sequence. To address the detector's challenges, the work proposed “A Novel
Detection Refinement Technique for Accurate Identification of Nephrops norvegicus Burrows
in Underwater Imagery” based on spatial-temporal analysis that enhances the mAP of a generic
detector. The proposed detection refinement mechanism identified the missed detections,

xXiii



recovered them, and suppressed the false positives. Generally, our approach has the following
contributions:

e The spatial-temporal filtering (STF) model extracts the spatial and temporal
information of all the detections of the consecutive frames of an input video by
suppressing the false positives and recovering the missed detections. The proposed
method will improve the performance of the generic detectors (such as Inception and
ResNet, in our case).

e Performance evaluation of the proposed framework on our proposed novel dataset.
From the experiment results, the effectiveness of the proposed approach is presented.

This algorithm is divided into two sections, i.e., suppression of false positives and identification
of missed detections. The results are evaluated by different experiments performed using the
proposed detection refinement algorithm. The work uses three models (Inception, ResNet50,
and ResNet101) for training with the FU 30 dataset. Each model is trained up to 100k iterations,
and a log is maintained for each 10k iteration for evaluation. The quantitative analysis uses an
annotated video with a frame rate of 25 fps to test the Inception, ResNet50, and ResNet101
models. The video is divided into five temporal segments, each of one minute. Each temporal
segment has 1500 frames.

All three models record the number of detections of each temporal segment. The detection is
then processed through the proposed refinement algorithm to identify the TP, FP, and missed
detections. The algorithm is run with window size (W) = 8, 12, and 16. “W’ is the temporal
window that reads the consecutive frames to identify the missing and false positive detections.
In each temporal window, the algorithm is tested with a threshold (A) value of 0.3 and 0.4 to
determine the number of TP, FP, and missed detection. The F1-score (geometric mean of
precision and recall metrics) in each minute of the video is also calculated in each temporal
window. The performance of the proposed detection refinement algorithm is analyzed using
qualitative analysis by applying it to the results obtained from the Inception, ResNet50, and
ResNet101 models. The proposed method consistently increased the model's performance
when integrated with any detector. This mechanism helps marine science experts in the
assessment of the abundance of this species. The proposed mechanism is also helpful in
counting the unique burrows, as discussed in the next section.

The third part of the thesis is about the tracking and counting of Nephrops burrows. In this
work, the data from FU 30 is used and trained by YOLOvV3 (You Only Look Once), a real-time
object detection algorithm to identify the Nephrops burrows. YOLOvV3 is a single-stage and
extremely fast and accurate model. The annotated data set is converted to YOLO Darknet TXT
annotation format to train the models. The work is implemented in TensorFlow and OpenCV
deep learning libraries. The model is trained with an FU 30 station. The trained model is tested
with the videos from the FU 30 station to detect the burrows. The major challenge is to track
and count the unigque burrows in consecutive frames.
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The literature used many tracking algorithms that can be used underwater. Some of them used
OpenCV KCF tracker, while others used Optical flow or Kalman filters to track the objects in
the underwater environment. The Nephrops burrows have different characteristics than other
marine objects with fixed dimensions, and their features can be easily extracted. Also, the size
of each burrow and the angle of the same burrow vary in the consecutive frames due to the
variation in camera angle. The other factor that makes the tracking challenging is the camera
movement. The burrows are fixed objects. They are not moving while the camera is moving in
the forward direction, making the tracking of burrows difficult. Tracking and counting
Nephrops burrows are proposed using the spatial-temporal values of each burrow. The
proposed spatial-temporal technique tracks each burrow based on its spatial and temporal
values and counts the unique burrows. The unique burrows are counted using the intersection
values of detected burrows in consecutive frames. The experiments were performed on
different temporal sets of a sample video from the FU 30 station. The work also implemented
the state-of-the-art OpenCV object tracker algorithms to track the Nephrops burrows and
discover false positive results. The work compared the proposed algorithm results with these
algorithms and found that the proposed solution provides much more accurate results than
already available tracking algorithms. The results are presented quantitatively and
qualitatively. The results show the counting accuracy up to 90%. The developed system is a
complete framework that annotates, detects, corrects, tracks and counts the Nephrops burrows.
The system is currently trained with FU 30, but the work is tested on a different dataset from
Iceland, Scotland, Italy, and Aberdeen, UK, and got some promising initial results.
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Resumen de la tesis doctoral en espanol

Titulo de la tesis doctoral en espafiol

Deteccion y clasificacion de madrigueras de Nephrops norvegicus a partir de videos

submarinos mediante técnicas de “Deep Learning”

RESUMEN

Presentacion

El ecosistema terrestre esta formado principalmente por océanos, que producen el 50% del
oxigeno atmosférico y que acumula el 97% del agua. Ademas, es una fuente importante de
nuestra alimentacion diaria ya que aporta un 15% de proteinas en forma de animales marinos.
Sin embargo, hay mas estudios sobre los ecosistemas terrestres que sobre los ecosistemas
marinos. Porque es mas dificil estudiar el ecosistema marino, especialmente sus regiones mas
profundas. El estudio del ecosistema marino es muy costoso y requiere equipamientos y
experiencia humana especiales para investigar en ese ambito tan particular.

Por otro lado, la investigacion en el analisis de imagenes submarinas ha ganado popularidad en
muchas aplicaciones de las ciencias marinas. Los Oceandgrafos suelen decir a los ingenieros,
cuando discuten sobre tecnologias: “lo que queremos saber es qué pasa en el fondo del mar”.
Y es muy complicado saber lo que pasa en el fondo del mar. A lo largo de los afios de la
Oceanografia se han desarrollado decenas de sensores que ayudan a contestar a la pregunta. En
esta ocasion, sin embargo, la expresion popular de “una imagen vale mas que cien palabras”
parece que no esta del todo desencaminada. La adquisicion de imagenes esta convirtiéndose en
una herramienta de gran utilidad a los Oceanografos. Pero miles de imagenes complicadas y
no siempre de Gptima calidad demandan de técnicas que ayuden a su interpretacion. Existen
varias lineas de investigacion en el anélisis de imagenes submarinas, por ejemplo, la
clasificacion y deteccion de especies acudticas, el reconocimiento de imagenes del fondo
marino, la clasificacion de arrecifes de coral y el reconocimiento de flora y fauna. El analisis
de imégenes submarinas requiere un conjunto de tareas de procesamiento de imégenes, incluida
la deteccidn de objetos submarinos, la clasificacién, el reconocimiento visual de contenido y
la anotacion de imagenes de especies marinas a gran escala. Ciertos desafios, como la turbidez,
las variaciones de color y los cambios de iluminacion, dificultan que los entornos submarinos
detecten y clasifiquen los objetos automaticamente.

La monitorizacion de los habitats de las especies marinas es un desafio para los bidlogos y
expertos marinos. Las caracteristicas ambientales, como las variaciones de color basadas en la
profundidad y el movimiento de las especies, lo convierten en un desafio. Los cientificos
marinos utilizaron satélites, sensores a bordo de barcos y camaras hace varios afios para
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recopilar imagenes de especies submarinas. En los Gltimos afios, con el avance de la tecnologia,
los cientificos han utilizado vehiculos submarinos operados a distancia (ROV, remotely
operated vehicle), vehiculos submarinos autbnomos (AUV, autonomous underwater vehicle)
y estructuras de trineo y bastidor abatible equipadas con camaras de alta definicidn para grabar
videos e imagenes de especies marinas. Estos vehiculos pueden capturar fotos y videos de alta
definicion. Ademas de todos estos equipos de calidad, el entorno submarino sigue siendo un
reto para los cientificos y biélogos marinos. Los dos factores principales que lo dificultan son
la libertad del entorno natural y las variaciones del contenido visual, que pueden surgir de la
iluminacién variable, las escalas, las vistas y las deformaciones no rigidas.

Nephrops norvegicus - la cigala — y sus madrigueras

Hay miles de especies en el océano de todo el mundo. Una de las especies comerciales mas
importantes de Europa es la cigala, Nephrops norvegicus (en lo sucesivo, Nephrops). La
Nephrops es una de las principales pesquerias comerciales de crustaceos en Europa, donde en
2.018 el total admisible de capturas (TAC) se fijo en 32.705 toneladas para las zonas del
Consejo Internacional para la Exploracion del Mar (CIEM).

La especie Nephrops se distribuye desde los 10 m hasta los 800 m de profundidad en las aguas
del Atlantico NE y del mar Mediterraneo, donde los sedimentos son adecuados para construir
sus madrigueras. Las Nephrops pasan la mayor parte de su tiempo dentro de sus madrigueras,
y su comportamiento esta influenciado por la época del afio, la intensidad de la luz y la fuerza
de las mareas. Estas madrigueras pueden detectarse mediante técnicas de analisis de imagen si
se ha usado una configuracion 6ptima de la iluminacion durante las grabaciones de video del
fondo marino. Las madrigueras en si mismas pueden identificarse facilmente a partir de las
caracteristicas de la superficie del fondo una vez que se ha adquirido la capacitacion
especializada. Esta especie excava y habita en sistemas de madrigueras principalmente en
sedimentos fangosos del fondo marino, con mas de un 40% de limo y arcilla.

Un sistema de madriguera Nephrops generalmente puede tener una o varias aberturas y
diferentes tlneles. Se asume que un Gnico individuo ocupa un sistema de madriguera. Las
madrigueras Nephrops muestran caracteristicas distintivas que es lo que permite identificarlas
y distinguirlas de otras madrigueras o simplemente accidentes del fondo. Las caracteristicas de
la madriguera se resumen de la siguiente manera:

1. Al menos una abertura de madriguera tiene forma de media luna.

2. A menudo hay pruebas de sedimentos expulsados, normalmente en un amplio
"abanico" en forma de delta en la abertura del tanel, y los arafiazos y las huellas son
evidentes con frecuencia.

3. El centro de todas las aberturas de la madriguera tiene una estructura elevada.

4. Las Nefrops pueden estar presentes (ya sea dentro o fuera de la madriguera)
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El sistema de madrigueras de Nephrops comprende una o mas madrigueras de las
caracteristicas antes mencionadas. La presencia de mas de una madriguera cercana no significa
la presencia de mas de una Nephrops.

Las Nefrops pasan la mayor parte de su tiempo dentro de las madrigueras, y su comportamiento
esta condicionado por varios factores: la época del afio, la intensidad de la luz o la fuerza de
las mareas. Por esta razon, los indices de abundancia obtenidos de las capturas comerciales o
de las prospecciones tradicionales de arrastre de fondo se consideran poco representativos de
la poblacion real de cigalas y no se considera una técnica de estimacion apropiada.

Estimacién de la poblacion

La abundancia de las poblaciones de Nephrops es actualmente monitorizada por estudios de
television submarina (UWTV, underwater television) en una mayoria de paises europeos. La
metodologia utilizada en los estudios UWTV se desarroll6 en Escocia en la década de 1990 y
se basa en la identificacion y cuantificaciéon de los sistemas de madrigueras en las regiones
donde se conoce que hay una distribucion de Nephrops. La abundancia de Nephrops de los
estudios de UWTV es la base de la evaluacion del stock de sus poblaciones y del asesoramiento
a las autoridades competentes en la gestion de su explotacion.

Los videos se graban utilizando un sistema de camara montado en el trineo con un &ngulo hacia
la parte inferior que oscila entre 37° y 60° (distintos paises usan distintos angulos, segun su
criterio y experiencia previa, asi como de los medios Opticos de que dispongan). Los videos
grabados se guardan en soporte DVD. Los videos son posteriormente visualizados por los
expertos marinos con cualificacion al respecto, siguiendo el protocolo establecido por el CIEM.

El Consejo Internacional para la Exploracion del Mar, CIEM (en inglés ICES, International
Council for the Exploration of the Sea), es una organizacion internacional de 20 paises
miembros. La accion y razén de ser del CIEM son las ciencias marinas. Cuenta con méas de
6.000 cientificos de méas de 700 institutos marinos diferentes de los paises miembros. Cada
afio, mas de 2.500 cientificos colaboran en actividades del CIEM. El CIEM tiene un Grupo de
Trabajo sobre Censos de Nefrops (WGNEPS), antes llamado Grupo de Estudio sobre Censos
de Nefrops (SGNEPS), que es el grupo de expertos que coordinan los estudios sobre
poblaciones de Nephrops mediante UWTV vy redes de arrastre y que estan especializados en la
realizacidn de encuestas sobre la poblacion de cigalas usando esas dos técnicas. Uno de los
objetivos del grupo es la coordinacion internacional de las encuestas de poblaciones de
Nephrops en el Atlantico Norte. WGNEPS se ha centrado en la planificacion, los protocolos,
el control de calidad, el disefio y los problemas de desarrollo de las encuestas, con objeto de
mejorar las estimaciones y, al homogenizar las técnicas de realizacion de encuestas, los
resultados obtenidos por cientificos de distintos institutos puedan ser comparados.
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Los estudios de UWTYV vy de arrastre proporcionan estimaciones de la poblacion de cigalas
basadas en unidades funcionales (FU) en las zonas del CIEM y de forma preliminar y
exploratoria en algunas subzonas geograficas (GSA) del Mediterraneo.

En la actualidad se utilizan dos enfoques principales de disefio de encuestas UWTYV: disefio de
cuadricula (fija o aleatoria) o disefio aleatorio estratificado, en el que en algunas encuestas hay
solapamiento entre estaciones para garantizar una mejor cobertura espacial. Ambos enfoques
permiten la aplicacién de modelos geoestadisticos para estimar los niveles de abundancia y
precision. Por lo general, en el primer enfoque, la cuadricula se extiende de forma adaptativa
hasta que se establecen limites por parte de los expertos, basados en experiencia previa. El
enfoque aleatorio estratificado utiliza datos a priori sobre sedimentos y datos de estratificacion
vertical marina (VMS, vertical marine stratification) que se integran en la encuesta para definir
estratos con densidades mas similares. La definicion de los limites de la encuesta y su
estratificacion es esencial para cumplir con el nivel de precision requerido.

Los estudios UWTYV fueron pioneros en Escocia a principios de los afios 90 para monitorear la
abundancia de las poblaciones de Nephrops. La estimacion de las poblaciones de cigala
utilizando este método implica identificar y cuantificar la densidad de madrigueras en el area
conocida de distribucion de Nephrops que se puede utilizar como indice de abundancia de la
poblacion. La abundancia de Nephrops de los estudios de UWTV es la base de la evaluacion y
el asesoramiento para la gestion de estas poblaciones. Los estudios UWTYV deben llevarse a
cabo anualmente cuando las condiciones de claridad del agua sean éptimas y sea probable que
las condiciones climéticas sean tranquilas. Las encuestas no estan restringidas a una hora
particular del dia y pueden llevarse a cabo operaciones durante las 24 horas del dia.

En la técnica estandarizada por WGNEPS se utiliza un trineo que se disefié en Escocia para la
adquisicion de datos. El trineo debe ser lo suficientemente robusto como para asegurar todos
los instrumentos de medida y adquisicién de datos, pero también debe ser lo suficientemente
flexible como para asegurar su equilibrio. El sistema de iluminacion adecuado en el trineo se
distribuye de forma que se garantice una iluminacion uniforme en todo el campo de vision.
Dos luces laser estan fijadas verticalmente en el trineo, mostrando el campo de vision.

Las Unidades Funcionales (FU) evaltan y gestionan las poblaciones de Nephrops. Hay una
valoracion (o encuesta) especifica para cada FU. En 2019, 19 encuestas abarcaron las 25 FU
del CIEM y una GSA, la del mar Adriatico. Estas encuestas se llevaron a cabo utilizando
equipos estandarizados y protocolos acordados bajo el mandato de WGNEPS. Este estudio
considera datos de los territorios de Nephrops del Golfo de Cadiz (FU 30) y los Smalls (FU
22) para detectar las madrigueras de Nephrops utilizando los datos de imagen recogidos de
diferentes estaciones en cada FU utilizando nuestra metodologia propuesta. Los Smalls es una
zona de capturas en el mar Céltico, al sur de Irlanda y al suroeste del canal de san Jorge, que
es de enorme importancia econdémica para la flota pesquera de esa region de Irlanda.
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El entorno submarino es dificil de analizar, ya que presenta desafios formidables para las
tecnologias de vision artificial y aprendizaje automatico. La clasificacion y deteccion de
imagenes en imagenes submarinas difiere significativamente de la de otros tipos de imagenes.
Ademas, la recopilacion de datos en un entorno acudtico conlleva enormes dificultades
técnicas. Una de las razones de esto es la luz o, mejor dicho, la ausencia de luz, porque cuando
la luz se propaga a traves del agua, la absorcion, refraccion, dispersion y aberracion deforman
las imagenes. Ademas, la dispersion y la iluminacion no uniforme hacen que el entorno sea
maés dificil para la calidad de las imagenes recopiladas. La mala visibilidad también es un
problema comun en el entorno submarino. La escasa visibilidad se debe al flujo y reflujo de las
mareas, lo que hace que las particulas finas de lodo se suspendan en la columna de agua. La
corriente oceanica es otro factor que provoca frecuentes cambios de luminosidad. Las
caracteristicas visuales, como las condiciones de iluminacion, los cambios de color y la baja
resolucion de pixeles, lo hacen un desafio. Algunos elementos ambientales, como las
variaciones de color basadas en la profundidad y la turbidez o el movimiento de las especies,
dificultan mucho la recopilacion de datos en un entorno submarino. Por lo tanto, dos factores
principales que lo dificultan son el entorno natural libre y las variaciones del contenido visual,
que pueden surgir de la iluminacion variable, las escalas, las vistas y las deformaciones no
rigidas.

Actualmente, los datos de Nephrops se recopilan a través de las encuestas UWTV y son
revisados manualmente por los expertos cualificados. Muchos de los datos eran dificiles de
procesar debido a las complejas condiciones ambientales. Los sistemas de madrigueras se
cuantifican siguiendo el protocolo establecido por el CIEM. El proceso es muy tedioso y lento,
lo que es causa de error y, en cierta forma, una pérdida del valioso tiempo de los expertos. A
continuacion, se describe someramente ese proceso. Los datos de imagen (que se refieren a
datos de video o fijos) para cada estacion son revisados de forma independiente por al menos
dos expertos y los recuentos se registran para cada minuto en los registros de la hoja de registro.
Cada fila de la hoja de registro registra el minuto, el nimero de madrigueras que cuenta el
sistema y la marca de tiempo. Los datos de recuento se examinan para comprobar si hay
discrepancias inusuales utilizando el coeficiente de correlacion de concordancia (CCC) de Lin
con un umbral de 0,5. EI CCC de Lin mide la capacidad de los contadores para reproducir con
precision los recuentos de los demés en una escala de 0,5 a 1, donde 1 es la concordancia
perfecta. Solo las estaciones con un umbral inferior a 0,5 fueron revisadas de nuevo por los
expertos.

Con la enorme cantidad de datos recopilados en videos e imagenes, anotar y analizar
manualmente es laborioso y requiere mucho tiempo de revision y procesamiento de datos.
Todas las estaciones analizan manualmente los sondeos de UWTYV para clasificar y contar las
Nefrops. Debido a las limitadas capacidades humanas, la evaluacion manual de los datos de
imagen requiere mucho tiempo por parte de expertos capacitados para procesar los datos con
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el fin de que se controle la calidad y estén listos para su uso en la evaluacién de las existencias.
Debido a estos factores, solo se utiliza una cantidad limitada de datos recopilados para el
andlisis que, por lo general, no proporciona una vision profunda de un problema. Ademas, en
algunas estaciones, es dificil para el ojo humano clasificar y detectar las madrigueras a partir
de una grabacién de video.

Con el reciente avance de la inteligencia artificial y la tecnologia de visién por ordenador,
muchos investigadores emplean herramientas basadas en IA para analizar especies marinas.
Algunas personas utilizan mecanismos de extraccion de caracteristicas para contar e identificar
las especies, mientras que otras utilizan técnicas avanzadas como las redes neuronales. Las
redes neuronales convolucionales (CNN) suponen una revolucion en la deteccién de objetos.
Las redes neuronales convolucionales profundas obtienen un gran éxito en las tareas de
deteccion, clasificacion y segmentacion de objetos. Estas redes estdn basadas en datos y
requieren una gran cantidad de datos etiquetados para el entrenamiento.

Materiales y métodos

Para detectar y clasificar automaticamente el sistema de madrigueras de Nephrops para el
monitoreo del habitat, la literatura no puede proporcionar ninguna solucion concreta. Esta tesis
es un esfuerzo por automatizar el método existente de conteo de madrigueras de Nephrops. El
trabajo propuso un marco completo para la deteccion automatica de sistemas de madrigueras
de Nephrops. El trabajo de tesis se divide en tres grandes partes. La primera parte de la tesis
muestra el marco para la deteccion automatica de madrigueras de Nephrops utilizando redes
neuronales profundas. Las redes de aprendizaje profundo se utilizan para detectar y clasificar
automaticamente las madrigueras de Nephrops que toman datos de video submarino como
entrada y aprenden las caracteristicas jerarquicas de los datos de entrada para detectar las
madrigueras en cada fotograma de video de entrada. Los conjuntos de datos FU 30y FU 22 se
recopilaron utilizando diferentes sistemas de adquisicion de imagenes (cAmara de video Ultra
HD 4K 'y camara de iméagenes fijas HD) de poblaciones de Nephrops en 2018-19. En FU 22,
se encuestaron 42 estaciones de UWTYV en 2018. De un total de 42, se utilizaron siete estaciones
para la preparacion de los datos. El trineo grabd videos de 10 a 12 minutos a diferentes
velocidades de fotogramas que iban desde 15 fps, 12 fps y 10 fps en Ultra HD. Ademas, las
iméagenes de alta definicion fueron capturadas con la camara. Las imagenes fueron grabadas
con una resolucion de 2048 x 1152 pixeles. En FU 30, los videos se graban a 25 fotogramas
por segundo en buenas condiciones de iluminacién. Cada estacion de FU 30 tiene secuencias
de video grabadas de 10 a 12 minutos. En 2018 se encuesto a un total de 70 emisoras de UWTV.
De las 70 estaciones encuestadas, 10 fueron rechazadas debido a las malas condiciones de
visibilidad e iluminacion. Se seleccionaron siete estaciones para nuestra experimentacion con
buenas condiciones de iluminacion, bajo nivel de ruido y pocos artefactos, mayor contraste y
una alta densidad de madrigueras de Nephrops.
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Propuesta técnica

Los datos recopilados de FU 22 y FU 30 se convierten en tramas. El conjunto de datos
recopilados tiene una gran cantidad de fotogramas con iluminacién baja y no homogénea y
poco contraste. Los fotogramas sin madrigueras o poca visibilidad se descartan durante la fase
de anotacion, y los fotogramas consecutivos con informacion similar se descartan. El siguiente
paso es anotar los datos recopilados. La anotacion de imagenes es una técnica que Computer
Vision utiliza para crear datos reales de entrenamiento y prueba, ya que los algoritmos de
aprendizaje profundo supervisados requieren esta informacién. Por lo general, cualquier objeto
se anota dibujando un cuadro delimitador a su alrededor. Actualmente, los expertos marinos
que trabajan con madrigueras de Nephrops no estan utilizando ninguna herramienta de
anotacion para anotar madrigueras de Nephrops, ya que este es un trabajo que requiere mucho
tiempo. Utilizamos la herramienta de anotacion de imagenes VOTT de Microsoft para anotar
las madrigueras manualmente. Las anotaciones se guardan en Pascal VOC. El archivo de
anotaciéon XML guardado contiene el nombre de la imagen, el nombre de la clase (Nephrops)
y los detalles del cuadro delimitador de cada objeto de interés de la imagen. Las imagenes
anotadas son validadas por expertos en ciencias marinas del Golfo de Cadiz, Espafa e Irlanda.
La validacion de la anotacién es esencial para obtener informacion veraz de alta calidad. Este
proceso llevé mucho tiempo, ya que la confirmacion de cada anotacidn requiere mucho tiempo
y es sensible. Después de validar cada anotacidn, se utiliza un conjunto de datos seleccionado
para entrenar y probar los modelos de redes neuronales profundas. Las imagenes anotadas se
registran en archivos XML y se convierten en archivos de registro de TensorFlow (TF), una
secuencia de cadenas binarias que TensorFlow requiere para entrenar el modelo. El conjunto
de datos se divide en dos subconjuntos: entrenar y probar. El objetivo es aplicar modelos de
aprendizaje profundo para detectar, clasificar y contar las madrigueras de Nephrops de forma
automatica. En lugar de entrenar la red desde cero, este trabajo utilizd el aprendizaje por
transferencia para ajustar los modelos Faster R-CNN Inceptionv2, MobileNetv2, ResNet50,
ResNet101 y YOLO v3 en TensorFlow. Inceptionv2 es una de las arquitecturas que tienen un
alto grado de precision. El disefio basico de Inceptionv2 ayuda a reducir la complejidad de
CNN. Utilizamos una version previamente entrenada del modelo de red entrenado en el
conjunto de datos COCO.

Inceptionv2 esta configurado para detectar y clasificar solo una clase (c = 1), " Nephrops ". La
arquitectura CNN MobileNetv2 fue propuesta por Sandler et al. en 2018. Una de las principales
razones para elegir la arquitectura MobileNetv2 fue el conjunto de datos de entrenamiento
relativamente pequefio de FU 30. Esta arquitectura optimiza el consumo de memoria y la
velocidad de ejecucion con errores menores. La arquitectura MobileNetv2 tiene convolucién
separable en profundidad en lugar de convolucion convencional. Esta arquitectura tiene
inicialmente una capa de convolucion con 32 filtros, seguida de 17 capas de cuello de botella
residuales. ResNet50 es una variante del modelo ResNet. ResNet50 tiene 48 capas
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convolucionales, un grupo maximo y una capa de grupo promedio, por lo que es una red
convolucional de 50 capas de profundidad. ResNet101 es una red neuronal convolucional densa
que tiene 101 capas. YOLOv3 utiliza darknet para entrenar el modelo. Originalmente, la
darknet tenia 53 capas. En YOLOV3, se agregan otras 53 capas a la darknet para su deteccion,
lo que hace 106 capas de arquitectura totalmente convolucional.

El entrenamiento, la validacion y las pruebas del modelo se llevan a cabo en una méaquina Linux
con una GPU (graphics processing unit) NVIDIA TitanXP. Se crean varias combinaciones para
el entrenamiento de modelos, es decir, se entrenan modelos separados para conjuntos de datos
FU 22 y FU 30, se entrena un modelo combinando ambos conjuntos de datos (lo que se
denomina modelo hibrido) y se entrenan y prueban con diferentes conjuntos de datos. Los
modelos se entrenaron utilizando una muestra aleatoria de aproximadamente el 70-75% del
conjunto de datos anotado. El resto se utiliza para las pruebas. Los puntos de control de giro
durante el entrenamiento se registran después de cada 10k iteraciones, y el mAP50 esta en el
conjunto de datos de validacion. EI modelo se evalla mediante mAP, curva de precision y
recuperacion, e inspeccion visual de las imagenes con detecciones automaticas. EI modelo se
prueba para evaluar el rendimiento. Los modelos se prueban con imagenes no vistas de los
conjuntos de datos FU 30 y FU 22 y evaltan el rendimiento del modelo. Los experimentos
muestran la evaluacion cuantitativa y cualitativa de estas redes. Se realizan treinta
combinaciones diferentes de conjuntos de experimentos con diferentes modelos de
entrenamiento. Cada conjunto se repite siete veces. Asi, se llevaron a cabo 210 experimentos.
Los modelos utilizaron 200 imégenes del conjunto de datos FU 30 para entrenar el modelo,
mientras que se utilizaron 48 imagenes para probar los modelos.

Del mismo modo, estos modelos utilizaron 618 imagenes del conjunto de datos FU 22 para el
entrenamiento y 359 para las pruebas. Los modelos entrenados con el conjunto de datos FU 30
y probados con el conjunto de datos FU 22 utilizaron 200 imagenes para entrenar el modelo y
150 imagenes para las pruebas. Los modelos que utilizaron el conjunto de datos FU 22 para el
entrenamiento y el conjunto de datos FU 30 para las pruebas utilizaron 618 imégenes para
entrenar el modelo, mientras que 200 imagenes fueron para las pruebas. Por ultimo, los
modelos que utilizaron el conjunto de datos hibridos para el entrenamiento y las pruebas
utilizaron 818 imagenes para entrenar el modelo, mientras que 407 imagenes para probar el
modelo. Cuantitativamente, el trabajo evalta el rendimiento de mAP, una métrica prevalente
en la medicion de la precision de los algoritmos de deteccion de objetos, como Faster R-CNN,
SSD, etc. Precisién media calcula, como su hombre indica, el valor de precision media para los
valores de recuperacion superiores a 0 a 1. La precision mide la exactitud de la prediccion,
mientras que la recuperacion mide las predicciones positivas. La mAP se calcula con el
conjunto de datos de Nephrops de las estaciones FU 22 y FU 30 en 100Kk iteraciones. El trabajo
logra una mAP superior al 75%, una indicacion positiva para cambiar el paradigma actual de
conteo manual de madrigueras de Nephrops. El rendimiento de los modelos también se evalla
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mediante curvas de precision-recuperacion. Para la evaluacion del modelo, se calculan las
anotaciones de verdadero positivo (TP), falso positivo (FP) y falso negativo (FN). Los
resultados demuestran que los algoritmos de aprendizaje profundo son una estrategia valiosa y
eficaz para ayudar a los expertos en ciencias marinas a evaluar la abundancia de la especie
Nephrops norvegicus cuando se llevan a cabo estudios de imagen/video submarinos
anualmente, siguiendo las recomendaciones del CIEM. Los algoritmos de deteccion automatica
podrian reemplazar la tediosa y manual revision de datos, que hoy en dia es el procedimiento
estandar, con la promesa de una mayor precision, cobertura de areas de muestreo mas
significativas y una mayor consistencia de evaluacion. Este trabajo supone un avance
considerable para WGNEPS en el conteo de Nephrops norvegicus para la evaluacion de
poblaciones, donde se demuestra que detecta y cuenta con precision las madrigueras de cigalas
de forma automatica.

La segunda parte de esta tesis trata sobre los refinamientos de deteccion. En la primera parte
de la tesis, los modelos lograron buenos resultados en la deteccion de las madrigueras a partir
de los datos de prueba de imagen. Sin embargo, cuando estos modelos entrenados se probaron
en un video del Golfo de Cadiz (FU 30), la precision de los detectores se degrado. EI problema
se resuelve con muchas detecciones de FP y TP perdidas que afectan negativamente a la
precision de estos modelos. Este trabajo propone un mecanismo de refinamiento de deteccion
basado en informacidn espaciotemporal para mejorar la deteccion de verdaderos positivos
perdidos y suprimir las detecciones de falsos positivos. El trabajo presentado en la literatura
utilizé informacidn temporal para rastrear rostros y suprimir las detecciones de falsos positivos.
Su enfoque utilizé el seguimiento de bajo nivel para detectar los rostros en imagenes reales.
Ademas, su enfoque no recupera las detecciones perdidas. En nuestro problema, el seguimiento
de bajo nivel no se puede aplicar ya que las madrigueras de Nephrops estan en el suelo, donde
las caracteristicas son muy diferentes de la imagen natural. El trabajo mencionado integra
informacion temporal para rastrear rostros y suprimir los falsos positivos. En el enfoque
propuesto ahora, se utiliza informacion espacial y temporal para suprimir los falsos positivos
y recuperar las detecciones perdidas. La obra se divide en dos partes. En primer lugar, el
modelo se entrena utilizando los modelos RCNN mas rapidos de ultima generacion
Inceptionv2, ResNet50 y ResNet101 para detectar madrigueras de Nephrops. En la segunda
parte del trabajo se aplica el algoritmo de refinamiento de deteccion basado en el espacio-
tiempo propuesto. La informacion espacial y temporal de cada madriguera detectada se obtiene
en una secuencia de video. Esta informacion se utiliza en varios fotogramas para refinar las
detecciones de madrigueras de Nephrops. El mecanismo espaciotemporal ayudo a suprimir las
madrigueras de FP. Nos permitié encontrar la deteccion de TP perdida, logrando una mayor
precision y rastreando y contando madrigueras en una secuencia de video. Para abordar los
desafios del detector, el trabajo propuso "Una nueva técnica de refinamiento de deteccion para
la identificacién precisa de madrigueras de Nephrops en imagenes submarinas" basada en un
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analisis espaciotemporal que mejora la mAP de un detector genérico. EI mecanismo de
refinamiento de deteccion propuesto identificd las detecciones perdidas, las recupero y
suprimid los falsos positivos. En general, nuestro enfoque tiene las siguientes contribuciones:

e Elmodelo de filtrado espaciotemporal (STF, space-time filtering) extrae la informacion
espacial y temporal de todas las detecciones de los fotogramas consecutivos de un video
de entrada suprimiendo los falsos positivos y recuperando las detecciones perdidas. El
método propuesto mejoraréa el rendimiento de los detectores genéricos (como Inception
y ResNet, en nuestro caso).

e Evaluacion del rendimiento del marco propuesto en nuestro nuevo conjunto de datos
propuesto. A partir de los resultados del experimento, se presenta la efectividad del
enfoque propuesto.

Este algoritmo se divide en dos secciones, es decir, supresion de falsos positivos e
identificacién de detecciones perdidas. Los resultados se evalian mediante diferentes
experimentos realizados utilizando el algoritmo de refinamiento de deteccion propuesto. El
trabajo utiliza tres modelos (Inception, ResNet50 y ResNet101) para el entrenamiento con el
conjunto de datos FU 30. Cada modelo se entrena hasta 100 mil iteraciones y se mantiene un
registro para cada 10 mil iteraciones para su evaluacion. El analisis cuantitativo utiliza un video
anotado con una velocidad de fotogramas de 25 fps para probar los modelos Inception,
ResNet50 y ResNet101. El video esta dividido en cinco segmentos temporales, cada uno de un
minuto. Cada segmento temporal tiene 1500 fotogramas.

Los tres modelos registran el nimero de detecciones de cada segmento temporal. A
continuacion, la deteccion se procesa a través del algoritmo de refinamiento propuesto para
identificar las detecciones TP, FP y perdidas. El algoritmo se ejecuta con un tamafio de ventana
(W) =8, 12 y 16. 'W' es la ventana temporal que lee los fotogramas consecutivos para
identificar las detecciones faltantes y de falsos positivos. En cada ventana temporal, el
algoritmo se prueba con un valor de umbral (A) de 0,3 y 0,4 para determinar ¢l nimero de TP,
FP y deteccion perdida. La puntuacion F1 (media geométrica de las métricas de precision y
recuerdo) en cada minuto del video también se calcula en cada ventana temporal. El
rendimiento del algoritmo de refinamiento de deteccidn propuesto se analiza mediante analisis
cualitativo aplicandolo a los resultados obtenidos de los modelos Inception, ResNet50 y
ResNet101. El método propuesto aumento constantemente el rendimiento del modelo cuando
se integrd con cualquier detector. Este mecanismo ayuda a los expertos en ciencias marinas en
la evaluacion de la abundancia de esta especie. EI mecanismo propuesto también es Gtil para
contar las madrigueras unicas, como se discute en la siguiente seccion.

La tercera parte de la tesis trata sobre el seguimiento y conteo de madrigueras de Nephrops. En
este trabajo, los datos de FU 30 son utilizados y entrenados por YOLOvV3 (You Only Look Once),
un algoritmo de deteccion de objetos en tiempo real para identificar las madrigueras de
Nephrops. YOLOV3 es un modelo de una sola etapa y extremadamente rapido y preciso. El
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conjunto de datos anotados se convierte al formato de anotacion TXT de YOLO Darknet para
entrenar los modelos. El trabajo se implementa en las bibliotecas de aprendizaje profundo
TensorFlow y OpenCV. El modelo se entrena con una estacion FU 30. EI modelo entrenado se
prueba con los videos de la estacién FU 30 para detectar las madrigueras. EI mayor reto es
rastrear y contar las madrigueras Unicas en fotogramas consecutivos.

La literatura utiliza muchos algoritmos de seguimiento que se pueden utilizar bajo el agua.
Algunos de ellos utilizaron el rastreador OpenCV KCF, mientras que otros utilizaron filtros de
flujo Optico o Kalman para rastrear los objetos en el entorno submarino. Las madrigueras de
Nephrops tienen caracteristicas diferentes a las de otros objetos marinos con dimensiones fijas,
y sus caracteristicas se pueden extraer facilmente. Ademas, el tamafio de cada madriguera y el
angulo de la misma madriguera varian en los fotogramas consecutivos debido a la variacién en
el angulo de la camara. El otro factor que hace que el seguimiento sea un desafio es el
movimiento de la cAmara. Las madrigueras son objetos fijos. No se mueven mientras la camara
se mueve hacia adelante, lo que dificulta el seguimiento de las madrigueras. El seguimiento y
conteo de las madrigueras de Nephrops se propone utilizando los valores espaciotemporales de
cada madriguera. La técnica espaciotemporal propuesta rastrea cada madriguera en funcion de
sus valores espaciales y temporales y cuenta las madrigueras Unicas. Las madrigueras unicas
se cuentan utilizando los valores de interseccion de las madrigueras detectadas en fotogramas
consecutivos. Los experimentos se realizaron en diferentes conjuntos temporales de un video
de muestra de la estacion FU 30. El trabajo también implemento los algoritmos de seguimiento
de objetos OpenCV de ultima generacion para rastrear las madrigueras de Nephrops y descubrir
resultados falsos positivos. El trabajo compard los resultados del algoritmo propuesto con estos
algoritmos y encontré que la solucién propuesta proporciona resultados mucho mas precisos
que los algoritmos de seguimiento ya disponibles. Los resultados se presentan cuantitativa y
cualitativamente. Los resultados muestran una precision de conteo de hasta el 90%. El sistema
desarrollado es un marco completo que anota, detecta, corrige, rastrea y cuenta las madrigueras
de las Nephrops. El sistema esta actualmente entrenado con FU 30, pero el trabajo se prueba
en un conjunto de datos diferente de Islandia, Escocia, Italia y Aberdeen, Reino Unido, y
obtuvo algunos resultados iniciales prometedores.

Conclusiones

A modo de resumen del resumen, nuestra contribucion radica en comparar la deteccion de
madrigueras de Nephrops con diferentes modelos, el andlisis profundo y la aplicacion del
algoritmo de refinamiento de la deteccion mediante el célculo de la precision, el recuerdo y la
puntuacion F1, y la comparacion del algoritmo de seguimiento propuesto también se compara
con los algoritmos de seguimiento de OpenCV. Todos estos experimentos se realizaron para
diferentes combinaciones de conjuntos de datos y diferentes niveles de parametros. Los
resultados muestran que nuestro enfoque tiene mejores resultados en cuanto a deteccion,
refinamiento, seguimiento y recuento de madrigueras de Nephrops.
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Chapter 1: Introduction

The earth's ecosystem mainly comprises oceans, producing 50% oxygen and 97% water.
Also, it is a significant source of our daily food as it provides 15% of proteins in the form
of marine animals. There are many more studies on terrestrial ecosystems than on marine
ecosystems because it is more challenging to study the marine ecosystem, especially in the
deeper areas. Monitoring the habitats of marine species is difficult for biologists and marine
experts. Environmental features such as depth-based color variations and the turbidity or
movement of species make it a challenge [1]. Marine scientists used satellites, shipborne,
and camera sensors several years ago to collect underwater species images. In recent years,
with the advancement of technology, scientists have used underwater Remotely Operated
Vehicles (ROVs), Autonomous Underwater Vehicles (AUVSs), sledge and drop frame
structures equipped with high-definition cameras to record the videos and images of marine
species. These vehicles can capture high-definition photos and videos. Besides all this
quality equipment, the underwater environment is still challenging for scientists and marine
biologists. The two main factors which make it difficult are the free natural environment
and variations of the visual content, which may arise from variable illumination, scales,
views, and non-rigid deformations [2].

Thousands of underwater species are essential for marine scientists to monitor. One of
them is Nephrops norvegicus (a Norway lobster, Nephrops from now on), an important
European commercial species. Functional Units (FU) assess and manage Nephrops
populations, where there is a specific survey for each FU. A survey is conducted every year
across European countries to monitor the habitat of Nephrops norvegicus. This species lives
in sandy-muddy sediments, creating burrows in the Atlantic NE waters and the
Mediterranean Sea [3]. Special equipment is used in the survey. The abundance of
Nephrops populations is currently monitored by underwater television (UWTV) surveys on
many European grounds. The survey data is stored on disks in the form of high-definition
images and videos. The data is analyzed manually using the TV survey to classify and count
the Nephrop burrows. Nephrops spend most of their time inside the burrows, and their
emergence behavior is influenced by several factors: time of year, light intensity, or tidal
strength.

For this reason, abundance indices obtained from the commercial catch or the traditional
bottom trawl surveys are considered poorly representative of the Nephrop population and
are not considered appropriate. Currently, the Nephrop data are collected through the
UWTYV surveys and are reviewed manually by trained experts. Many of the data were

1
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difficult to process due to complex environmental conditions.

Al

is an emerging field that solves many detection problems, including classifying

underwater species and detections. However, the literature cannot provide any concrete
solution to detect and classify the Nephrops burrows system for habitat monitoring. One of
the main reasons is the unavailability of Nephrops survey data. The complexity of data is
also one of the reasons. This thesis is an effort to automate the existing method of Nephrops
counting.

1.1.

1.2.

Importance

The Nephrops supports one of the most essential fisheries in Europe, with landings of
almost 60,000 t [4] (1 t=1 Mg) and a first sale income of approximately 300 M€
annually [5]. Most Nephrops norvegicus are counted in the Northeast Atlantic
fisheries, with the United Kingdom contributing more than 56%. The Mediterranean
Sea contributes around 7% of total landings, with a comprehensive first-sale income
of 86 million € annually [6].

Motivation

WGNEPS conducts the survey yearly through special equipment. The Spanish Institute
of Oceanography in Cadiz and the Marine Institute Ireland have collected the data
through these surveys. These stations are represented as FU 30 and FU 22 functional
units. Nephrops data are collected, and trained experts review UWTV surveys
manually. A ten-to-twelve-minute video was made on each point of interest, and the
whole survey has more than 20-30 points of interest yearly. Many of the data were
difficult to process due to complex environmental conditions. Each station's image data
(which refers to video or stills data) is reviewed independently by at least two experts,
and the counts are recorded for each minute onto log sheet records. Each row of the
log sheet records the minute, the number of burrows system count, and the time stamp.
Count data are screened to check for any unusual discrepancies using Lin’s
Concordance Correlation Coefficient (CCC) with a threshold of 0.5. Lin’s CCC [24]
measures the ability of counters to precisely reproduce each other’s counts on a scale
of 0.5 to 1, where 1 is perfect concordance. Only stations with a threshold lower than
0.5 were reviewed again by the experts. Figure. 1.1 shows the current methodology
used for the counting of Nephrops burrows. This exercise costs a lot of time, human
and money resources. No system is available to help them solve their current problem.
Spanish Institute of Oceanography and Marine Institute Ireland is willing to
collaborate in this project and provide all the dataset and technical support throughout
the research project.



Chapter 1: Introduction

b
s

UWTV ‘ _
SUTVEV e | — Verify Log Files

DWVD Files Manual l:'crunr_i.u;;.." N,

[

a

i

Mephrops Log Files

Figure 1.1: Current methodology for Nephrops norvegicus burrows count

1.3. Problem Statement

From the engineering point of view, some of the significant research problems in
identifying and classifying the burrows of Nephrops are:
a) To understand the dataset and its limitations.
b) To prepare the dataset for model training and testing.
c) To determine the mechanism for pre-processing underwater videos to improve
the quality.
d) To mark the ground truth image annotation on the dataset.
e) To explore the state-of-the-art deep learning-based underwater object detection
and recognition algorithm.
f) To identify the pattern of burrows and classify between different burrows.
g) To propose a deep learning algorithm to automatically detect and classify the
pattern of burrows and provide the assessment of the species.

The outcomes of this research are aimed at benefiting marine biologists, ecologists,
and fisheries management organizations.

1.4. Research Objectives

To build a better system for Nephrops norvegicus stock assessment, the core
objectives of this work are:

a) To annotate and validate the available dataset for model training.

b) To train the Faster RCNN models for automatic detections of Nephrops
norvegicus burrows

¢) To develop a mechanism for rectifying detections.

d) To develop a mechanism to track and count the Nephrops burrows
automatically.
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1.5. Thesis Contribution

This thesis proposes multiple contributions to improving the monitoring
methodology and counting the Nephrops norvegicus.

a)

b)

Data Preparation and Annotation of Nephrops norvegicus burrows: Currently,
the marine experts working with Nephrops burrows are not using any annotation
tool to annotate Nephrops burrows, as this is time-consuming. At first, a semi-
automation tool was developed to annotate the burrows. Still, that tool does not help
much as it annotates many false positives initially, and rectifying each annotation
was very time-consuming. Then, a tool named Microsoft VOTT image annotation
tool [26] was adopted to annotate the burrows manually using Pascal VOC format.
The saved XML annotation file from this tool contains the image name, class hame
(Nephrops), and bounding box details of each object of interest in the image. The
annotated images are validated by marine sciences experts from the Gulf of Cadiz,
Spain and Ireland. The validation of annotation is essential to obtain high-quality
ground-truth information. This process took a long time as confirming every
annotation is time-consuming and sensitive. A dataset is created for different
stations with annotations that help the scientists to work in future to build an Al-
based system for Nephrops.

Automatic Detection of Nephrops norvegicus Burrows: The work proposed deep
learning models to automatically detect, classify, and count Nephrops burrows.
Some current state-of-the-art deep learning models like Inceptionv2, MobileNetv2,
ResNet50, ResNetl01 and YOLOv3 have been adopted to detect Nephrops
burrows. The training used transfer learning to train these models. Two different
datasets from FU 30 and FU 22 are used for the model training. The proposed work
can achieve a mAP higher than 80%, which is a positive indication to change the
current paradigm of manual counting of Nephrops burrows. This work makes a
significant advancement for all the groups working on the Nephrops norvegicus
counting for stock assessment, where it is shown to automatically detect and
accurately count the Nephrops burrows.

Detection Refinement Technique for Accurate Identification of Nephrops
norvegicus Burrows: The following contribution is to develop a detection
refinement technique for deep learning models to improve the quality of results.
This work proposes a detection refinement mechanism based on spatial-temporal
information to enhance the detection of missed true positives and suppress false
positive detections. In the current problem, the low-level tracking cannot be applied
as the Nephrops burrows are on the ground, where the characteristics are very
different from the natural image. In the proposed approach, spatial and temporal
information is used to suppress the false positives and recover the missed detections.
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d)

The work is divided into two parts. At first, the model is trained using state-of-the-
art Faster RCNN models Inceptionv2, ResNet50, and ResNetl01l to detect
Nephrops burrows. The work's second part applies the proposed spatial-temporal-
based detection refinement algorithm. Each detected burrow's spatial and temporal
information is obtained in a video sequence. This information is used across
multiple frames to refine the Nephrops burrow detections. The spatial-temporal
mechanism helped in suppressing the FP burrows. It allowed us to find the missed
TP detection, achieving better accuracy and tracking and counting burrows in a
video sequence. To address the detector's challenges, the work proposed “A Novel
Detection Refinement Technique for Accurate Identification of Nephrops
norvegicus Burrows in Underwater Imagery” based on spatial-temporal analysis
that enhances the mAP of a generic detector. The results show an improvement in
the detections after suppressing the false positives and recovering the missing
detections.

Tracking and Counting Nephrops norvegicus Burrows: As a last contribution, a
mechanism is proposed for tracking and counting Nephrops burrows. The proposed
tracking and counting mechanism used the spatial-temporal values of each
Nephrops burrow. The proposed spatial-temporal technique tracks each burrow
based on its spatial and temporal values and counts the unique burrows. The unique
burrows are counted using the intersection values of detected burrows in
consecutive frames. The proposed methodology is a three-step process that starts
from collecting and processing data and detecting and counting burrows. The data
is collected from UWTYV surveys. This study considers data from the FU 30 station
to detect the Nephrops burrows. In this work, we trained the model using YOLOv3
(You Only Look Once), a real-time object detection algorithm to identify the
Nephrops burrows. YOLOV3 is a single-stage and extremely fast and accurate
model. We performed experiments on the videos from the FU 30 station. The results
show a mAP of Nephrops burrow detection of more than 80%. Also, counting TP
Nephrops burrows using the proposed spatial-temporal algorithms gives accurate
results up to 100%.

1.6. Thesis Organization

The dissertation consists of seven chapters and has been organized as follows:

Chapter 2 introduces the marine ecosystem, Nephrops norvegicus and its burrows

characteristics, ICES, FU, and WGNEPS definitions. Next, the UnderWater
TeleVision Survey and the Nephrops survey design and timings are discussed. The
Nephrops study area and observation methodology are discussed in detail in this
chapter.
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Chapter 3 provides the details about the dataset used in the thesis. The data
collection equipment of FU 22 and FU 30 are discussed in detail. The data collection
procedure is also mentioned in the chapter. The data of both stations is discussed in
terms of their characteristics. The data pre-processing and annotation procedure is
discussed in detail. Finally, the chapter concludes with the dataset preparation.

Chapter 4 discusses the deep learning models used in the thesis for the Nephrops
burrows detections. This chapter introduces the concepts of deep learning, supervised
learning, and transfer learning. The complete methodology of Nephrops norvegicus
burrows detections is presented in this chapter. It also includes the details of each
model used in the study, along with their architecture and parameter values. The model
training environment and validation process are also presented in the chapter.

Chapter 5 presents a novel technique for detection refinements, tracking and
counting Nephrops burrows. Section 5.1 introduces the Nephrops norvegicus Burrows
Detection Refinement concept, followed by the background study. The methodology
is presented in section 5.1.2. The detailed algorithm is discussed in section 5.1.4. The
Nephrops norvegicus Burrows Tracking and Counting mechanism is presented in
section 5.2. This chapter also presented the comparative analysis of a few tracking
techniques in the underwater environment.

Chapter 6 presented all the experiments performed for Nephrops burrows
detections, refinements, tracking and counting of burrows. Section 6.1 introduced the
experiments about the Nephrops burrows detections. The quantitative and qualitative
analysis of the results are presented. The performance of models is measured by mAP.
The precision and recall curves show the performance of different models on different
datasets. Section 6.2 introduced the results of detection refinements. The results are
presented quantitatively using precision, recall and F1 score. The results are also
shown visually. Section 6.3 discussed the results of tracking and counting Nephrops
burrows. The results are compared with multiple OpenCV tracking algorithms. The
proposed tracking and counting algorithms perform well in all datasets.

Chapter 7 summarizes the dissertation and provides conclusions with the future
directions.

1.7. Related Publications

Journals
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e Naseer, A.; Nava Baro, E.; Khan, S.D.; Vila, Y. “A novel detection
refinement technique for accurate identification of Nephrops norvegicus
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2.1.Introduction

This chapter will introduce the marine sciences and its ecosystem. The Nephrops
norvegicus and their characteristics are discussed in detail in the chapter, followed by
the importance of Nephrops species. The Nephrops burrow system has specific features
discussed in detail in this chapter. This chapter also includes the significant
terminologies used by the marine experts during their survey and Nephrops counting.
This chapter discusses the Nephrops study area and observational methodology,
followed by the counting procedure and quality control.

2.2.Marine ecosystem

The earth's ecosystem mainly comprises oceans with 97% of water. Marine ecosystems
include the open and deep oceans and marine species. The environment has high levels
of dissolved salts. The marine ecosystem is one of the primary sources of our daily
food. The marine species have different physical and biological characteristics. Coral
reefs are an excellent example of an ecosystem associated with other marine life, such
as fish and turtles. The oceans cover 70% of our planet, so the marine ecosystem covers
most of our earth. There are more studies in terrestrial ecosystems than in marine
ecosystems because it is more challenging to study the marine ecosystem, especially in
the deeper areas. The environment of the marine ecosystem has specific challenges like
color variations, species movement, and turbidity. Monitoring the habitats of marine
species is difficult for biologists and marine experts. Marine scientists have been
monitoring the environment for decades by collecting underwater species images using
satellites, shipborne and cameras. With the advancement of technologies, scientists use
several new techniques like ROVs and AUVs to record images and videos of marine
ecosystems.

2.3. Nephrops norvegicus

The Norway lobster, Nephrops norvegicus, is one of the leading commercial crustacean
fisheries in Europe, where in 2018, the Total Allowable Catch (TAC) was set at 32,705
tons for International Council for the Exploration of the Sea (ICES) areas 7, 8 and 9
[7]. Figure. 2.1 shows the species of Nephrops norvegicus. A Nephrops specimen
ranges from 2 — 5.5 cm to a maximum length of 24.0 cm. The most common length is
about 19.0 cm [8]. Norway norvegicus females undergo ovary ripening mainly in
spring, spawn in summer and autumn, and recover in winter. [9]. Figure. 2.2 shows
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some of the different sizes of Nephrops norvegicus species. This species can be found
in sandy-muddy sediments from 90 m to 800 m depth in the Atlantic NE waters and the
Mediterranean Sea [3], where the sediment is suitable for constructing their burrows.
Nephrops spend most of their time inside the burrows, and their emergence behavior is
influenced by time of year, light intensity, and tidal strength. These burrows can be
detected through optimal lighting set-up during video recordings of the seabed. The
burrows can be easily identified from surface features once specialist training has taken
[10].

e

Figure 2.2: Different sizes of Nephrops norvegicus
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Nephrops burrow system

Nephrops norvegicus live inside the burrows that are created on the seabed.
They require silt and clay to construct stable burrow systems [11-13]. A burrow
system is composed of one or multiple entrances. Usually, a burrow system has
a distinct U-shape with at least two openings and a connecting tunnel
approximately 20-30 cm below the seabed [14]. Over time, additional entrances
and the existing burrow system were also created. The development of the
burrow system is influenced by both biotic (e.g., the capability of the animal to
both maintain and defend a complex) and abiotic factors (e.g., sediment type,
burrow density/available space, hydrographic and benthic morphology, benthic
disturbance by trawling) [15].

A Nephrops burrow system typically can have single to multiple openings to
different tunnels. A unique individual is assumed to occupy a burrow system
[16]. Burrows show signature features specific to Nephrops, as shown in Figure.
2.3. The characteristics of the burrow system can be summarized as follows:

a) At least one burrow opening is particularly half-moon shape.

b) There is often proof of expelled sediment, typically in a wide delta-like

‘fan’ at the tunnel opening, and scratches and tracks are frequently evident.

c) The centre of all the burrow openings has a raised structure.

d) Nephrops may be present (either in or out of the burrow).

3. Common Center

Figure 2.3: Nephrops burrow signature features
2.4. International Council for the Exploration of the Sea, ICES

The International Council for the Exploration of the Sea (ICES) is an
intergovernmental marine science organization meeting societal needs for impartial
evidence on the state and sustainable use of our seas and oceans. They aim to advance
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and share the scientific understanding of marine ecosystems and their services. They
use this knowledge to generate state-of-the-art advice for meeting conservation,
management, and sustainability goals. The ICES works with 6000 scientists in 700
marine institutes in 20 member countries [17]. ICES is meeting annually to monitor
the progress and observations of each member country. ICES is currently working in
the Atlantic Ocean, the North Pacific Ocean, the Mediterranean Sea, and the Black
Sea.

2.5. Working Group on Nephrops Surveys, WGNEPS

The Working Group on Nephrops Surveys (WGNEPS), formerly the Study Group on
Nephrops Surveys (SGNEPS), is the co-ordinating expert group for Nephrops UWTV
and trawl surveys. The first WGNEPS meeting took place in Barcelona in 2013. The
group aims to provide international coordination for Nephrops UWTV and trawl
surveys in the North Atlantic. WGNEPS has focused on planning, protocols, quality
control, design, and survey development issues.

The primary objective of WGNEPS is to generate quality-assured estimates of
Nephrops absolute abundance within defined areas with a coefficient of variation (CV)
or relative standard error of less than 20%. Some of the secondary objectives of the
group are:

e To collect multibeam and sediment data to improve the definition of Nephrops
habitat.

e Collect hydrographic and environmental parameters (e.g., temperature, salinity,
turbidity, oxygen, etc.)

e To monitor anthropogenic activity on Nephrops grounds (including trawl marks,
litter, oil and gas-related impacts, fishing gears, etc.) to comply with the MSFD and
OSPAR requirements.

e To integrate benthic and ecosystem monitoring requirements under the MSFD and
OSPAR into existing UWTYV surveys.

e To monitor various biological parameters and to provide LFD time series data for
Nephrops if combined with beam trawl or bottom trawl sampling.

The WGNEPS is very important as it standardized all the protocols for Nephrops
burrows counting and TV surveys. The WGNEPS meeting is held every year to review
the Nephrops surveys of each station and discuss the possible recommendations for the
upcoming year.

2.6. UnderWater TeleVision Survey (UWTYV)

Every year, the UnderWater TeleVision (UWTV) and Trawl surveys are conducted all

12
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2.7.

over Europe to estimate the abundance of Nephrops norvegicus species. The surveys
are used to provide population estimates for Nephrops based on Functional Units (FU)
in ICES areas and in a preliminary and exploratory way in some Geographical sub-
areas (GSA) in the Mediterranean (Figure 2.4). The UWTV methodology aims to
identify and count the Nephrops norvegicus burrow systems within a known surface
area to obtain absolute abundance estimates, and this involves the use of seabed video
footage or high-definition images captured by a camera mounted on a towed sledge
[18]. The UWTV methodology aims to identify and count Nephrops norvegicus
burrow systems within a known surface area to obtain absolute abundance estimates,
and this involves the use of seabed video footage or high-definition images captured
by a camera mounted on a towed sledge [18]. These surveys are later used in the
manual counting of Nephrops burrows. UWTYV surveys were first carried out on the
Fladen ground in 1992 by Marine Scotland Science. Since then, the number of stocks
with routine Nephrops UWTYV surveys has increased over time and in 2017, around
18+ Nephrops grounds were surveyed. Estimating Norway lobster populations using
this method involves identifying and quantifying burrow density over the known area
of Nephrops distribution that can be used as an abundance index of the stock [15,19].
Nephrops abundance from UWTYV surveys is the basis of assessment and advice for
managing these stocks [19]. To conduct a standard UWTYV survey, a specific protocol
IS required across different stations. The Spanish Institute of Oceanography Cadiz and
Marine Institute Ireland conducted the UWTYV survey yearly. This study uses the
yearly survey of 2018-19 for the Gulf of Cadiz and Ireland. These stations are
represented as FU 30 and FU 22 functional units. Figure 2.4 shows the Nephrops
UWTYV survey coverage in 2019 by the Gulf of Cadiz and Marine Institute Ireland.

Functional Unit (FU)

There is a data collection framework for Nephrops norvegicus all over Europe. In the
Northeast Atlantic, stocks of Nephrops norvegicus are managed by Total Allowable
Catches (TACs) and quotas set at an ICES sub-area level [20]. The sub-areas are
aggregations of ICES statistical rectangles, including spatially explicit and uniquely
numbered regions referred to as Functional Units (Figure 2.4). The International
Council assesses the FU status for the Exploration of the Sea (ICES) through their
expert Working Groups [16].
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Figure 2.4: Fishery Units (FUs, from ICES) in the Atlantic and Geographical Subareas in the Mediterranean (GSAs, from
FAOQ) as of 2022. FUs and GSAs are used for the fishery assessment of Norway lobster performed by UWTV surveys or by

trawling, including areas.

2.8. Nephrops Survey Sampling Design

2.8.1.

2.8.2.

Survey Design

UWTYV surveys are focused on suitable habitats for Nephrops. Prior knowledge
of the Nephrops ground is required based on available information such as
sediment distribution maps, ground data or local knowledge. The marine experts
at different FUs currently use two main UWTYV survey design approaches. The
first approach is grid (fixed or randomized), while the second is stratified
random design. In some UWTYV surveys, there is a buffering between stations
to ensure better spatial coverage. Table 2.1. shows the statistics for an average
number of stations, ground area, density design and CV relative standard error
of the UWTV Nephrops survey. Both approaches are applied at different
stations to estimate the abundance of Nephrops. The grid approach is extended
adaptively until boundaries are established. The stratified random approach
uses a priori data on sediment and or integrated VMS data to define strata with
more similar densities.

Survey Timing
Surveys should be carried out annually when water clarity conditions are
optimal, and weather conditions are likely to be calm. Surveys are not restricted

to a particular time of day, and 24-hour operations can occur. For exploratory
purposes or in cases of limited time for dedicated UWTYV surveys, the utility of
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Table 2. 1: Summary of UWTV survey statistics

Recent
Name Area of | number ) CV-Relative Standard
FU Ground | of Design Error (based on 2017)
(km?) stations/
1000 km2
South off Iceland FU1
Kattegat & o
Skaggerak FU 34 13104 Random stratified
Botney Gut & FU5 1000 43 | Grid Na
Silver Pit*
Farn Deeps FU6 2750 39.3 | Grid 3.00%
Fladen Ground FU?7 28153 2.5 | Random Stratified 6.40%
Firth of Forth FU 8 915 52.5 | Random Stratified 10.00%
Moray Firth FU9 2195 20.5 | Random Stratified 12.00%
Noup* FU 10 400 15 | Random Stratified Na
North Minch FU 11 2908 13.1 | Random 7.30%
South Minch FU 12 5072 6.9 | Random Stratified 10.30%
Clyde (not
including Sound | FU 13 2081 18.7 | Random Stratified 6.10%
of Jura)
Irish Sea East FU 14 1043 34.5 | Grid 10.00%
Irish Sea West FU 15 5275 23.7 | Grid 3.10%
Porcupine Bank FU 16 7108 8.4 | Grid 3%
Aran Grounds FU 17 926 65.9 | Grid 3.10%
SW & South of FU 19 1572 22.3 | Random Stratified | Na
Ireland
Labadie gf 20- 10014 54 | Grid 4.40%
Smalls FU 22 2800 27.1 | Grid 5.50%
FU 23-

Bay of Biscay 2}5 3 11680 14 | Grid Na

Randomised
Gulf of Cadiz FU 30 3000 213 | anconused 8.70%

isometric Grid
Off Horns Rev FU 33 Random stratified
Devils Hole FU 34 1753 10,8 | Fixed stations (VMS |

based)
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standard monitoring surveys (potentially during the hours of darkness) or
chartered vessels should be considered. To support the expansion of survey
coverage to stocks with no or developing UWTYV surveys, it is recommended to
have technology and methodology transfer through staff exchanges where

possible.

2.9. Nephrops Study Area

Nephrops are carried out in each FU yearly at different times. Each FU has its
geostatistical location in the ocean. In this work, the data from the Smalls (FU 22) and
Gulf of Cadiz (FU 30) UWTYV surveys are obtained to conduct the experiments to detect
Nephrops burrows automatically. Figure. 2.5 shows the map of MI-Ireland with stations
carried out in 2018 to estimate the burrows. A station is a geostatistical location in the

ocean where the Nephrops survey is conducted yearly.

Figure 2.5: Study Area of Nephrops at Ml-Ireland in 2018.[23]

Figure. 2.6 shows the Gulf of Cadiz's map with stations carried out in 2018 in
ISUNEPCA 0618 and the Nephrops burrow density obtained using the manual count.
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Figure 2.6: Nephrops burrow density at the Gulf of Cadiz in the 2018 survey

Figure 2.7 shows the seabed at different stations of geostatistical locations in the Gulf

of Cadiz. Some stations have a high density of Nephrops, and some are not included in
the survey count due to very little or no density.

Figure 2. 7: Seabed at different stations
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2.10.  Nephrops Observation Methodology

To observe the habitat of Nephrops, a survey is designed every year at each FU. At
every FU, special underwater equipment with a camera and lights is used for the
underwater survey. This equipment varies at every station. The work discusses the
general sledge design, camera settings and other equipment. Also, the equipment
details of FU 22 and FU 30 stations are presented in our work.

2.10.1. Sledge Design

A sledge is used in the Nephrops survey. The sledge's design is based on the
Scottish sledge, where the sledge frame should be wide enough (typically
around 1.6 m) so that any sediment clouds will not obscure the field of view. To
avoid the sledge sinking when deployed on soft sediment, wide sacrificial skis,
a lightweight frame, and appropriate flotation should be used [21]. The sledge
should be robust enough to secure all instruments, but the system must be
flexible sufficient to adjust balance. Figure 2.8 shows the blueprint of the sledge
used in the surveys.

Figure 2.8: Sledge design with floatation and angled camera set-up showing the field of view (b) and distance of TV track ().
K. Mutch, Marine Scotland, Science, Crown Copyright [21]

The sledge used in the survey has mounted cameras that help to record the
videos and good-quality images. The camera is mounted at a certain angle with
laser lights that show the field view. The camera’s field of view should be between
0.7 and 1.0 metres. A field of view of 1 metre plus does not allow sufficient
definition to detect and identify burrows. A narrow field of view may be required
in high-density grounds, whereas in low-density grounds, a wider area may be
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more appropriate. The field of view needs to be calibrated regularly during the

survey to ensure a known field of view.

2.10.2.

2.10.3.

2.10.4.

2.10.5.

2.10.6.

Lighting
The lighting plays an essential role in the survey as it helps capture good-quality
images and videos. The light system must evenly distribute light over the entire
field of view. The strength of the light power should be adjustable to cope with
turbidity and particle reflection. The angle, strength and number of lights should
also be able to add a three-dimensional element to the images to assist in
correctly identifying subject matter.

Estimation of Vessel and Sledge Distance over Ground

It is essential to accurately calculate the exact distance the sledge travelled over
the ground during the video recording. This data should be presented in meters
and obtained using various methods such as vessel Global Positioning System
(GPS), Ultrashort Baseline (USBL) or an odometer mounted on the sledge.

Timing and Frequency of Sampling

Analysis of tow duration has shown that the mean and variance of burrow count
density per tow stabilised after around 5 minutes, provided that the sledge had
covered at least half the required distance within the full 10 minutes of the run,
approximately 100 m [21-22]. It is recommended that each tow should be at
least 10 minutes in duration or longer if poor viewing conditions are
experienced. To allow detailed examination of the seabed, vessel speed should
be approx. 0.7 knots. This will ensure that a distance of around 200 m is covered
at each station. Maintaining constant ground contact during the TV track is
essential, which can be facilitated by using the winch.

Recording of Footage, Storage of Footage and Footage Review

It is crucial to synchronise in-time navigation and video files to ensure the link
between the video, geographical position and towed distance. This can be done,
e.g., by using video overlays and time-related file naming. Many devices, such
as DVD recorders, DV tape recorders and hard disc drives in various formats,
may record video footage. Video footage should be backed up regularly during
the UWTYV survey. The type of review monitors used will also depend on the
camera system. Analogue TV signal is best reviewed on CRT monitors, whereas
high definition can be checked on laptops and flat-screen monitors.

Verification of Video Footage

Each FU in WGNEPS should create a reference set containing ten videos, where
each video footage is 5 minutes. The footage is tagged based on visibility (poor,
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2.10.7.

medium, and good) and Nephrops density (low, medium, and high). The
reference sets prepared by each functional unit are distributed among all the
members of WGNEPS in DVD formats. Agreed consensus counts must be made
using independent national experts or international exchanges on these
reference sets. The reference set shows the current survey statistics and is
updated every year.

The Training Procedure for Counting

Before counting survey footage, all the scientists at every station must be trained
using the training material. The training procedure is:

e Each station must provide a one-minute annotated video of their area before
counting the survey footage. The video footage covers the range of density
visibility and shows the Nephrops burrows features [23].

e The footage also shows the identification of burrows that help train the
scientists. The expert reviewer should assist all the new training staff
members.

e All the reviewers review and validate the counts using Lin’s concordance
correlation coefficient (CCC — minimum threshold of 0.5) before counting
the survey footage [24].

2.11.  Counting Procedure and Quality Control

Each institute adopts a standard operating procedure for burrow counting. This
includes details of how many minutes are to be counted, warm-up session
details, where to count on the screen and removal of minute counts where
footage quality deteriorates. Before the counting procedure, a training session
helps the reviewers count the burrows independently. The following procedure
is adopted for counting and quality control.

a) On completion of the training process, survey counts must be conducted as
blind and independent counts; a minimum of two counters should do this.
Datasheets should be separate for each counter.

b) Each minute block will count the number of Nephrops burrow systems.

c) A warmup count is required for the first minute of each station. Then, a
minimum of 7 good visibility minutes should be counted.

d) Suppose counters resume counting after a break of more than 3 hours. In
that case, they should be re-familiarised again by reviewing an entire 10-
minute run before restarting counting (using random footage from the same
area).
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e) Only count burrow systems (and partial burrow systems) that pass off the
bottom flat edge of the monitor and within the field of view.

Figure 2.9 shows the Nephrops review timestamps used during the counting
procedure at FU 30.

Timestamp Review Nephrops

Station: Time:
1D:
Min | Burrow Count Time Stamp
1 15C 25L-R, 35R, 45C?, 55L glide
2
3
4
5
6
7
8
B
10
11

Figure 2.9: Nephrops burrows count Timestamp.
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Chapter 3: Materials and Methods

3.1.Introduction

As discussed in Chapter 2, the Marine experts count the Nephrops norvegicus manually.
Also, one of the biggest challenges is the unavailability of Nephrops dataset. This
chapter will provide an overview of the proposed approach and discuss the data
collection, preprocessing and preparation in detail. This chapter is divided into two
sections. Section 3.2 discusses the overall methodology of this thesis, and section 3.3
discusses the data collection and preparation techniques.

3.2. Proposed Methodology

The proposed methodology of the work is presented in Figure 3.1. The first part of the
work is to collect and prepare the dataset. The dataset is collected from the yearly
UWTYV surveys at different FUs. After performing certain pre-processing, the data is
annotated and ready for model training, data collection, and preparation. Section 3.3
discusses in detail the data collection and preparation framework. The second part of
the methodology is the detection of Nephrops burrows. The Nephrops burrows are
detected by applying the deep learning technique. The deep learning models are trained
and tested on the different datasets. Chapter 4. presented the details about the deep
learning techniques, model training and testing mechanism and obtained the results.
The third part of the proposed methodology is Nephrops burrow detection refinement.
This part refines the detections using the proposed detection refinement algorithm. The
last part of the proposed methodology is the tracking and counting the Nephrops
burrows. Multiple tracking algorithms are applied to track the Nephrops burrows, but
they cannot count them correctly. The work presented a new tracking and counting
mechanism based on the spatial values of the Nephrops burrows. The details of the
algorithm are presented in chapter 5.
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Figure 3.1: Proposed Methodology for Nephrops Burrows Detections and Counting.

3.3. Data Collection and Preparation

Currently, the Nephrops data are collected through the UWTV surveys and are
reviewed manually by the trained experts. The data is collected using the sledges with
cameras and lights. Many of the data were difficult to process due to complex
environmental conditions. The data is collected in the form of still images and videos.
Many stations have good data quality, but some have a lot of noise and need pre-
processing before data usage. The collected data is stored in DVDs and external drives
for survey counts. The Nephrops burrow systems are quantified following the protocol
established by the ICES. The image data (which refers to video or still data) for each
station is reviewed independently by at least two experts, and the counts are recorded
for each minute onto the log sheet records.

With the massive amount of data collected for videos and images, manually annotating
and analysing is laborious and requires much data review and processing time.
Currently, all the stations are analysing the UWTYV surveys manually to classify and
count the Nephrops. Due to limited human capabilities, the manual review of image
data requires a lot of time by trained experts to process the data to be quality-controlled
and ready for use in stock assessment. Due to these factors, only a limited amount of
collected data is used for analysis that usually does not provide deep insights into a
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problem. Also, in some stations, it is tough for the human eye to classify and detect the
burrows from a running video.

3.3.1. Data Collection Equipment
FU 22 Station

At FU 22, a sledge mounted with an HD video and stills CathX camera
and lighting system at 75° to the seabed with a field view of 75 cm, confirmed
using laser pointers, was used [25]. High-definition still images were collected
with a frame rate of 12 frames per second with a resolution of 2048 x 1152
pixels for 10 — 12 min. The image data was stored locally in an SQL server and
then analysed using different applications. Figure 3.2. shows the sledge used in
data collection at FU 22.

Figure 3.2: Sledge and equipment use in 2018 UWTV survey at FU22

FU 30 Station

At FU 30, a sledge was used to collect the data during the survey. Figure.
3.2 (a and b) shows the sledge used in data collection at FU 30. The camera is
mounted on top of the sledge with an angle of 45° and a height of 80 cm from
the sledge base. Videos were recorded using a 4K Ultra High Definition (UHD)
camera (SONY Handycam FDRAX33) with a Lens of ZEISS® Vario-Sonnar
29.8 mm and an optical zoom of 10x. The sledge has a definition video camera
and two reduced-sized CPUs with 700 MHz, 512 Mb RAM, and 16 GB storage.
Four spotlights with independent intensity control are used to record the video
with good lighting conditions. The equipment also has a two-line laser separated
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by 75 cm to confirm the field of view (FOV) and a Li-ion battery of 3.7 V &
2400 mAh (480 Watt) to support the system's power. Segments of 10-12 minute
video duration were recorded at 25 frames per second, with a 3840 x 2160 pixels
resolution. The data were stored on hard disks and reviewed later manually by
experts. Figure 3.3 shows the setup of the instruments mounted in the sledge

and a sample image, and a complete description is presented in Table 3.1.

Recording 4K [
UHD camera _‘
. " v

P 1
B

Field of view (FOV)=75¢em

Figure 3.3: FU30 Equipment details used in data collection.

Table 3. 1: FU 30 Equipment details used in data collection.

Image System

Life Camera

Full HD (1920 x 1080) @ 30 fps
Mounting angle 45°

Recording Camera: SONY FDRAX33

4K Ultra HD (3840 x 2160) and Full HD (1920 x 1080) @ 50 fps
Mounting angle 45°

Photo camera: SONY ILCE QX1

20.1 MPixel
Mounting Angle variable

Lighting System

28,640 lumens, distributed in 4 spotlights with individual intensity system
TST-OFL 7000 (Thalassatech—Oil Filled LED)
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Photogrammetry System
3-point lasers (5 mW & A = 670 nm) forming a triangle of side 70 mm
2-line lasers (200 mW & A = 670 nm) separated by 75 cm (Field of view)
Auxiliary System
Battery (Li-ion, size 18,650, 3.7 V & 2400 mAh = capacity 480 Wh)
Sensors
Altimeter: Tritech PA500
CTD (conductivity, temperature, and depth): AML Oceanographic MINOS X

3.3.2. Data Collection Procedure

At FU 30, the survey is conducted on 70 different stations. A station is a
geostatistical location where the Nephrops burrow density is estimated to obtain
the Nephrops abundance index over the known survey area using geostatistical
analysis. At each station, the sledge was deployed and towed with constant speed
between 0.6-0.7 knots to obtain the best possible conditions for counting Nephrops
burrows. Once the sledge is stable on the seabed, video footage of 10-12 min at 25
frames per second is recorded, corresponding to approximately 200 m swept.
Vessel position (dGPS) and sledge position, using a HiPAP transponder, are
recorded every 1 to 2 s. The distance over ground (DOG) is estimated from the
position of the sledge in all stations, and the field of view of the video footage is
75 cm (FOV), confirmed using two-line lasers. Out of all these 70 stations, seven
are selected based on better lighting conditions, high contrast, high density of
Nephrops burrows, and better visibility. The recorded footage was saved into hard
disks for further analysis on Nephrops density. Each sledge used at different FU

Table 3. 2: Data collection equipment details at FU 22 and FU 30

Data Collection FU 22 (Ireland) | FU 30 (Gulf of Cadiz)
Equipment
Equipment Type Sledge Sledge
Camera HD CathX Sony FDRAX33
FPS 12 25
Field view 75cm 75cm
Image Resolution 2048 x 1152 3840 x 2160
Recording Duration 10-12 Minutes 10-12 Minutes
Density Range 0.31 0.35
Domain Area 3063 Km? 3000 Km?
No of Stations 42 70
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needs specific equipment settings before its operation. Table. 3.2 summarizes the
techniques and equipment used to collect data from FU 22 and FU 30 stations.

Camera Settings and Field of View

The sledge used in the survey has mounted cameras that help to record
the videos and good-quality images. In the Gulf of Cadiz (FU 30) survey, the
camera is mounted at 45¢ at 80 cm from the sledge base. The camera recorded
high-definition videos and still images. The camera is equipped with 512 MB
RAM and 16 GB storage. At the Marine Institute of Ireland (FU 22), the
camera is mounted at an angle of 75° with a height of 75 cm from the sledge
base. The camera is mounted at a certain angle with laser lights that show the
field view. The camera recorded HD videos and still images and stored them
in a local device. Table 3.3 shows the camera settings and field of view at
FU 22 and FU 30 stations.

Table 3. 3: Camera and Field of View setting at FU 22 and FU 30

. Height centre camera
Institute Camera mounting angle’ Field of View (cm)
lens to deck (cm)
MlI-Ireland (FU 22) 40 75 75
Gulf of Cadiz (FU 30) 45 80 75

Laser set up

When lasers define the field of view, these have to be set up vertically,
parallel and visible with a known horizontal separation distance on the
bottom of the image on the monitor. At FU 22, the laser lights are not used
to specify the field of view. Instead of these lights, laser pointers show the
field of view. Figure 3.4 shows the laser pointers on a sample image of FU
22.
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T:2819-Jun-18 95 :58:88

R:BA N:52 9385337, -18 1368743

Field of view (FoV) 75cm

Figure 3.4: FU 22 Sample Image with laser pointers showing the field of view.

Figure 3.5 shows the field of view with red laser lights on the sample
image of the FU 30 survey.

Field of view (FoV) 75cm

Figure 3.5: FU 30 Sample Image with laser lights showing the field of view

3.3.3. Data Characteristics

The data is collected in the form of still images and videos. The collected data is stored

in DVDs and external drives during the survey and later viewed, arranged and analyzed
accordingly.

FU 22 Data Characteristics

AtFU 22,42 UWTYV stations were surveyed in 2018. The 10-12 minute video
was recorded at different frame rates ranging from 15 fps, 12 fps, and 10 fps
at Ultra HD. Also, the high-definition images were captured with the camera.
The images were recorded with a resolution of 2048 x 1152 pixels. Figure.

29



Chapter 3: Nephrops norvegicus Burrows Detections using Deep Learning

3.6 shows the high-definition still images from the 2018 UWTYV survey HD
camera. The top image shows a burrow system composed of three holes in
the sediment, whereas in the bottom image, a single Nephrops individual is
seen outside the burrows. Illumination is better near the center of the field
view and decreases to the borders of the images. The camera angle shows 75
degrees with a ranging laser (red dots) on the screen. A Nephrops burrow
system may be composed of more than one entrance, and in this paper, our
focus is to detect the individual Nephrops burrow entrances.

Figure 3.6: High definition still images from 2018 UWTV survey for FU 22 station
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FU 30 Data Characteristics

At FU 30, the data is only collected through videos. The videos are recorded
at 25 frames per second in good lighting condition. Every station at FU 30
has recorded video footage of 10-12 minutes. Figure. 3.7 shows the high-
definition images from the 2018 UWTYV survey of FU 30. FU 30 images
show better illumination (in terms of contrast and homogeneity) than FU 22.
Pink lines on the images correspond to red laser lighting to 75cm width
searching areas (the red color is pink due to the distortion produced by
different attenuation of light wavelength in water.

Figure .7: High definition still images from 2018 UWTV survey for FU30 station

3.3.4. Data Preprocessing

The underwater environment is hard to analyze as it presents formidable challenges
for Computer Vision and machine learning technologies. The image classification
and detection in underwater images differ significantly from other visual data.
Also, data collection in an underwater environment is the biggest challenge. One
reason for this is light, as light and water are not considered good friends, because
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when light passes through the water, it cannot absorb and reach the sea surface,
which makes the images or videos a blurring effect. Also, scattering and non-
uniform lighting make the environment more challenging for data collection.

Poor visibility is a common problem in the underwater environment. The poor
visibility is due to the ebb and flow of tides, which causes fine mud particles to
suspend in the water column. The ocean current is another factor that causes
frequent luminosity change. The visual features like lightning conditions, color
changes, turbidity, and low pixel resolution make it challenging. So, we need some
preprocessing before the use of data.

Data collected from FU 22 and FU 30 is converted into frames. The collected
data set has a lot of frames with low and non-homogeneous lightning and poor
contrast. The frames without burrows or poor visibility are discarded during the
annotation phase, and consecutive frames with similar information are discarded.
Figure. 3.8 shows a mosaic of images that contains much noise and is hard to
analyze. Some images are blurry due to the underwater environment and lightning
conditions, while others have very rough surfaces and almost nothing or
significantly less density of Nephrops.

Figure 3.8: Images with poor visibility or low Nephrops density

3.3.5. Image Annotations

Image annotation is a technique Computer Vision uses to create training and test
ground truth data, as supervised deep learning algorithms require this information.
Usually, any object is annotated by drawing a bounding box around it.

Currently, the marine experts who work with Nephrops burrows are not using
any annotation tool to annotate Nephrops burrows, as this is a time-consuming job.
In this phase, the images are annotated to overcome this challenge, and all recorded
annotations are validated by the marine experts from Ireland and Cadiz institutes
before training and testing processes.
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With the massive amount of data collected for videos and images, manually
annotating and analyzing it is laborious and requires much data review and
processing time. Due to limited human capabilities, the manual evaluation of image
data requires a lot of time by trained experts to process the data to be quality-
controlled and ready for stock assessment. Due to these factors, only a limited
amount of collected data is used for analysis that usually does not provide deep
insights into a problem [25].

In this work, two different mechanisms are adopted to annotate the Nephrops

burrows because the aim is to provide a mechanism that is easy to understand by
Marine scientists. Here are some of the methods.

Image Annotation using Semi-Auto Annotation

A semi-auto annotation tool is developed in MATLAB. This tool inputs a frame
and draws the bounding boxes on the potential Nephrops burrows. This tool
used hand-crafted features to read the characteristics of burrows and annotate
the burrow as Nephrops. Figure 3.9 shows the outcome of an annotated frame
from that tool. Some of the major problems of this tool are a high False Positive
(FP) ratio, restricted to only one frame at a time, and not providing any option
to modify the already annotated burrows. The tool initially annotated specific
burrows based on the hand-crafted features of each burrow on the given frame,
leading to many false annotations.

Figure 3.9: Nephrops burrows annotation using Semi-Automation tool
Image Annotation using Microsoft VOTT

We adopt the mechanism to annotate the burrows manually in the Microsoft
VOTT image annotation tool [26] using Pascal VOC format. The saved XML
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annotation file contains each object's image name, class name (Nephrops), and
bounding box details. The annotated frames led to formulating the ground truths
(GT) for model training. To create the datasets for training and testing, from the
set of annotated frames (more than 100,000), only frames with Nephrops
burrows are selected, using the criteria of using only one frame per individual
object, selected to increase the diversity of its appearance, which the aim of
creating a small dataset which contained most of the typical cases of Nephrops
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Figure 3.10: Manual Annotation in a frame from (a) FU 22 and (b) FU 30 UWTV survey using VOTT

3.3.6.

3.3.7.

burrows. The image annotation was one of the most consuming and sensitive
jobs we finished in many months. Figure. 3.10 shows two screenshots from the
FU 22 and FU 30 UWTYV surveys that are manually annotated.

Seven stations are annotated for FU 30 and seven for FU 22. A total of
248 images were annotated for seven stations of FU 30, and 978 images were
annotated for seven FU 22 stations before the validation stage. In general, there
is a higher density of Nephrops burrows from FU 22 compared to FU 30, which
is a factor of population dynamics.

Validation of Annotation

The Nephrops burrows annotation is a tedious job, and it requires a lot of
experience to annotate a burrow because different species build burrows with
similar appearance on the bottom of the sea. Once all the burrows are
annotated, it is essential to validate each with the advice of marine experts
from the IEO institution, Gulf of Cadiz. This process took a long time as
confirming every annotation is time-consuming and sensitive. After validating
each annotation, a curated dataset is used for training and testing the model.

Dataset Preparation

Dataset preparation is essential to train any model. In 2018, 19 surveys
covered the 25 FU’s in ICES and one geographical subarea (GSA) in the
Adriatic Sea [27]. These surveys were conducted using standardized
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equipment and agreed protocols under the remit of WGNEPS. At FU 22,
thousands of images were recorded in the 2018 survey. FU 22 provided a few
hundred images for experimental purposes. Out of thousands of recorded
images, 1133 high-definition images were manually annotated from FU 22.

At FU 30, 70 UWTYV stations were surveyed in 2018. Out of 70 surveyed
stations, 10 were rejected due to poor visibility and lighting conditions. Seven
stations are selected for experimentation, with good lighting, low noise and
few artefacts, higher contrast, and high density of Nephrops burrows. The data
from seven stations are considered for annotations. So, each video is around
15,000 - 18,000 frames. 105,000 frames were recorded from seven different
stations of the 2018 data survey.

After validating all the annotations, the annotated images are recorded
into XML files and converted to TFRecord files, a sequence of binary strings
that TensorFlow requires to train the model. The dataset was divided into two
independent groups, the first for training and the second for testing. Table 3.4
shows the details of the dataset used in the experimentations.

Table 3. 4: Dataset Preparation

Dataset Distribution

Functional Unit Training Images Testing Total
Images

FU 30 Dataset 200 (80%) 48 (20%) 248

FU 22 Dataset 906 (80%) 227 (20%) 978
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Chapter 4: Nephrops norvegicus
Burrows Detections Using Deep
Learning

4.1. Introduction

Nephrops data are collected, and trained experts review UWTYV surveys manually.
Many of the data were difficult to process due to complex environmental conditions.
Burrows systems are quantified following the protocol established by ICES [3][6]. In
this chapter, an automated system is proposed based on deep learning techniques that
detects and counts the Nephrops burrows in video footage with high precision. The
proposed method introduces a deep-learning-based automated way to identify and
classify the Nephrops burrows. This research uses the current state-of-the-art Faster
RCNN models Inceptionv2, MobileNetv2, ResNet50 and ResNet101 for object
detection and classification. Also, the Nephrops burrows are detected using YOLOV3,
which is later used for burrow tracking and counting.

This chapter considers data from the Gulf of Cadiz (FU 30) and the Smalls (FU
22) Nephrops grounds to detect the Nephrops burrows using the image data collected
from different stations in each FU using our proposed methodology. This chapter aims
to automatically apply deep learning models to detect and classify the Nephrops
burrows. Current state-of-the-art Faster RCNN [28] models Inceptionv2 [30] and
MobileNetv2 [31], ResNet50 [32], and ResNet101 [33] and YOLOv3 [34] are trained
for Nephrops burrows detection.

This chapter makes a significant advancement for all the groups working on the
Nephrops norvegicus counting for stock assessment, where it is shown to detect and
accurately count the Nephrops burrows automatically. The rest of the chapter is
sectioned as follows. Data Learning and Supervised Learning is discussed in section
4.2 and 4.3. The Neural network is explained in section 4.4. Transfer Learning is
defined in section 4.5. The complete architecture of Nephrops norvegicus Burrows
detections is described in section 4.6.

4.1.1. Deep Learning

Deep learning is an advanced machine learning form that uses an Artificial
Neural Network (ANN) with three or more layers. The deep neural networks
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4.1.2.

4.1.3.

learn from a large amount of data and support the Al applications to perform
analytical and physical tasks without human interventions. The conventional
machine-learning techniques have limited capabilities in terms of processing,
and it requires a lot of engineering by hand and domain expertise to build a
feature extractor that can extract the information from raw data. [35]. On the
other hand, deep learning did not require much pre-processing typically needed
for the machine learning process. Machine learning and deep learning models
are also capable of different types of learning, usually categorized as supervised,
unsupervised, and reinforcement learning. [36]. The neural networks are a
typical example of supervised learning.

Supervised Learning

Supervised learning, also called supervised machine learning, is the most
common machine and deep learning type. In this learning, the labelled data is
used to train the algorithms. The algorithms are used to classify the objects like
a house, an animal, or a person. In supervised learning, an objective function
measures the error between the output scores and the desired pattern of scores.
The machine algorithms adjust these parameters to reduce the model error, and
these parameters are often called the ‘weights. A deep learning algorithm can
have hundreds of millions of adjustable weights. These weights are adjusted
using a gradient vector. Various algorithms and computational techniques are
used in supervised learning like Neural networks, Naive Bayes, Linear
regression, Logistic regression, Support vector machine (SVM), K-nearest
neighbour, and Random Forest. The current research uses deep learning models
to classify and count the Nephrops burrows.

Neural Network

Neural networks, or artificial neural networks (ANNS), are the core of deep
learning algorithms. The human brain activity inspires these networks. [35]. The
ANN comprises an input layer, an output layer and one or more intermediate
hidden layers. Each layer comprises specific nodes, and each node is connected
to another layer node with an associated weight and threshold value. The
essential parts of neural networks are [36]:

e Neurons: The neuron is a set of inputs, weights, and an activation function
that takes the output from the layer ahead of it.

e Hidden Layers: These layers have many neurons with many hidden layers.

e Input Layer and Neurons: The input layer consists of many input neurons.

e Output Layer: The output layer relates to the hidden layer and generates the
desired results.

38



Chapter 4: Nephrops norvegicus Burrows Detections using Deep Learning

e Synapse: The synapse connects the neuron and the layers.
Deep learning is like an extensive neural network with multiple hidden layers.

Figure 4.1 shows the basic structure of a deep neural network.

Deep neural network
Input layer Multiple hidden layers Output layer

Q0000

Figure 4.1: Deep neural network [35]

4.1.4. Transfer Learning

Transfer learning is a technique to reuse the already pre-trained model on a new
problem. Transfer learning is a prevalent approach in deep learning where the
pre-trained models are used as the starting point and trained with your prepared
dataset. It is beneficial as most problems do not have enough labelled data to
train those models. In transfer learning, the model is trained for some problem
and is used in a way for any other problem. Transfer learning decreases the
training time. [37].

4.2. Background Study

Object detection and classification is a challenging computer vision problem.
Researchers have developed many methods for object detection and classification
tasks. The existing object detection approaches use handcrafted feature-based models
[55-58] and deep features models [59]. The hand-crafted features models use essential
features such as shape [60], texture [61-63], and edges [64,65] to train the classifier.
On the other hand, convolutional neural networks automatically learn hierarchical
features from the training set. Deep learning replaces the handcrafted parts and
introduces efficient object detection and classification algorithms. Over the last few
years, deep learning models have enjoyed tremendous success in various object
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detection and classification tasks. Due to this reason, deep learning models are also
employed in the detection and classification of underwater species. Although the
aquatic environment is complex and challenging compared to the ground, deep
learning algorithms perform much better than conventional and handcrafted features.
State-of-the-art deep learning-based object detectors include region-based convolution
networks (R-CNN), Fast R-CNN [29], and Faster R-CNN [28]. R-CNN uses deep
ConvNet to classify the object proposals. R-CNN algorithm is computationally
expensive as it uses a selective search [66] strategy to generate many object proposals,
followed by the object proposal classification step. On the other hand, Fast R-CNN
improves R-CNN, where a faster training process is achieved compared to R-CNN.
Fast R-CNN uses multitasking to update all the network layers and handle the loss,
improving the network's speed and accuracy. Compared to both methods, Faster R-
CNN introduces a region proposal network (RPN), combining the RPN with Fast R-
CNN into a single network.

Lietal. [67] developed a deep-learning model for detecting marine objects. The
model detects and recognizes fish using a deep convolutional network. They applied
the Fast R-CNN algorithm to classify the twelve different classes of underwater fish.
They also introduced a dataset of 24,272 images of all these classes. They achieved
more than 90% accuracy in detection.

Similarly, Villon et al. [68] applied deep learning algorithms to the
Fish4Knowledge dataset project to detect and classify the fishes. Rathi et al. [69]
combined Faster R-CNN with three classification networks (ZF Net, CNN-M, and
VGG16) to detect 50 fish and crustacean species from Queensland beaches and
estuaries. The regional proposal method comprises a regional proposal network and a
classifier network. Xu et al. [70] applied the YOLO deep learning model to recognize
the fishes in underwater videos. They used three different types of datasets that were
recorded at real-world waterpower sites. They achieved an mAP of up to 53.92%.
Mandal et al. [71] presented a Faster R-CNN approach using deep neural networks to
identify the fishes and their different species. Gundam et al. [72] also proposed a fish
classification technique based on the Kalman filter that used partial automation of fish
classification from underwater videos. Jalal et al. [73] proposed a hybrid approach that
combines YOLO-based object detection with optical flow and Gaussian matrix models
to detect and classify fish from underwater videos. A similar method based on YOLO
to detect and classify the fish was proposed by Sung et al. [74]. They used 892 images
and achieved the fish classification accuracy of up to 93%. Jager et al. [75] proposed
a deep CNN approach based on AlexNet architecture to classify fish species. They
used the dataset of LifeCLEF 2015. Zhuang et al. [76] proposed a deep learning model
based on an SSD detector to identify the fishes and their species automatically. In their
approach, they used ResNet-10 as a classifier for species identification. Zhao et al. [77]
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proposed an automatic detection and classification method for fish and underwater
species. The proposed method, "Composed FishNet", is based on the composite
backbone and a path aggregation network. The combined backbone method is the
improvement of ResNet. The enhanced path aggregation network is designed to
improve the semantic information caused by unsampling. The results show they
achieved an average precision (AP) of 75.2%. Labao et al. [78] proposed a multilevel
object detection network that used R-CNN as a network framework. Their proposed
network contained two region proposal networks and seven CNNs connected by long
short-term memory (LSTM). The proposed network improved performance over the
simple one-stage detection networks. Salman et al. [79] proposed an R-CNN-based
two-stage automatic fish detection and location method. They combined the fish
motion information with the background and optical flow information to generate the
candidate region of the fish. Their proposed model requires a fixed-size input image,
and the candidate region ex-traction also needs substantial disk space.

Deep learning models also have been employed to detect marine objects other
than fishes, such as plankton and corals. These two are also significant components of
the underwater marine ecosystem. Plankton are the basics of aquatic food. Dieleman
et al. [80] used a deep neural network to classify plankton. They introduced the
inception module for image information extraction. Lee et al. [81] also proposed a deep
neural network for plankton classification on a large dataset. Their convolutional
neural network used three convolutional layers and two fully connected layers. The
problem with the coral classification is its color, size, texture, and shape. Shiela et al.
[82] introduced a local binary pattern for texture and color coordination. For
classification purposes, they used the neural network with three backpropagation
layers. Elawady et al. [83] used supervised CNN to classify corals. Table 4.1
summarizes the key findings of the papers discussed in this section.

In recent years, some researchers also started to implement machine learning
and deep learning models to classify and detect the Nephrops norvegicus species.
Sokolova et al. [136] introduce specialized software called NepCon, which is based on
machine learning techniques to classify, detect, and count the Nephrops norvegicus.
Their work contributes to the underwater image acquisition of Nephrops species. The
proposed system is a cost-effective, stable, and robust underwater imaging system
designed for automatic detection and tracking of Nephrops. The work has been tested
in a controlled environment and is not capable of detecting and tracking the burrows
of Nephrops. Avsar et at. [137] proposed a deep learning-based detection and counting
mechanism for Nephrops norvegicus individuals. They used a public dataset from
Denmark and applied the YOLOv4 model for detecting Nephrops individuals. Later
they used the SORT algorithm for tracking and counting individual Nephrops. The
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result shows a promising mAP of 97.82%. This work solely focuses on the
classification, detection and counting of Nephrops individuals.

Table 4. 1: Underwater object detection with key findings

Approach Year  Object Detection Dataset Performance
Parameters
Deep Convolutional Network [67] 2015 Marine Objects ImageCLEF_Fish_TS mAP

dataset 24272 Images

Fish4Knowledge Precision,
13000 fish thumbnails  Recall, F-Score
Faster R-CNN (ZF Net, CNN-M, Fishes & Fish4Knowledge

HOG, SVM and Deep Learning [68] 2016 Fish Detection

VGG16) [69] 2018 crustacean species 27,142 Images AP
YOLO [70] 2018 Fishes Three datasets mAP
. Uni of Sunshine Coast
Faster R-CNN [71] 2018 Fishes 12365 Images mAP
. Fish LifeCLEF 2015
YOLO based Hybrid approach [73] 2020 Classification 93 Videos F-Score
. . Precision,
YOLO [74] 2017 Fish detection 892 Images Recall. FPS
CNN AlexNet [75] 2016 Fish LifeCLEF2015 AP, Precision,
Classification Recall,
ResNet-10 [76] 2017 Underwater SEACLEF2017 AP
Species
Fish and
. Underwater SeaCLEF 2017
Composed FishNet [77] 2021 Species 20,0000 images AP, F-Measure
Detections
. . . Precision,
Multilevel R-CNN [78] 2019 Fish detection ~ 300 Underwater Images
Recall, F-Score
. . . Precision,
Two-stage R-CNN [79] 2019 Fish detection  Fish4Knowledge, LCF-15
Recall, F-Score
Plankton WHOI-Plankton database
Three layers CNN [81] 2016 detection 3.2 Million Images F1-Score
Mask R-CNN [136] 2021 Nephrops University of Denmark 5, " \p

(DTU) repository
University of Denmark Precision,

YOLOv4 [137] 2023 Nephrops (DTU) repository Recall, mAP

4.3. Nephrops norvegicus Burrows detections

Many scientists employ Artificial Intelligence-based tools to analyze marine species
with the advancement of artificial intelligence and computer vision technology. Deep
convolutional neural networks have shown tremendous success in the tasks of object
detection [38,39], classification [40,41], and segmentation [42]. These networks are
data-driven and require a lot of labelled data for training. A deep learning-based system
is proposed to automatically detect and classify the Nephrops burrow systems that take
underwater video data as input. The network learns hierarchical features from the input
data and detects the burrows in each input video frame. The cumulative sum of
detections, all video frames give the final count of Nephrops burrows. The FU 30 and
FU 22 datasets were collected using different image acquisition systems (Ultra HD 4
K video camera and HD stills camera, see section 3.3) from diverse Nephrops
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populations. The image data is annotated using the Microsoft VOTT image annotation
tool [26].

4.3.1. Proposed Framework of Nephrops Burrows Detections

The actual methodology used to count Nephrops is explained in the previous
section. In this work, the old paradigm of counting Nephrops burrows is
replaced with an automated framework that automatically detects and counts
the number of Nephrops burrows quickly and accurately. Figure. 4.2 shows the
high-level diagram of the proposed methodology. Video files are converted to
frames using OpenCV, then images are manually annotated using the VOTT
image annotation tool. The marine experts verify the annotated data before
being used for training the deep neural network. Figure. 4.3 shows the detailed
steps of the research methodology used in this work.
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Figure 4.2: Block diagram of proposed methodology
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1. Data Preparation
Figure 4.3: Architecture of proposed methodology
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4.3.2.

Model Training

To train the models, the transfer learning [37] is utilized to fine-tune the Faster
R-CNN Inceptionv2 [30], MobileNetv2 [31], ResNet50[32], ResNet101[33]
and YOLOv3 [34] models in TensorFlow [36]. Inceptionv2 is one of the
architectures that have a high degree of accuracy. The basic design of
Inceptionv2 helps to reduce the complexity of CNN. A pre-trained version of
the network model trained on the COCO dataset [43] is used.

Inception v2

Inception networks are considered one of the big milestones in CNN.
Before the Inception networks, CNN only added layers to deepen the networks.
The Inception network, on the other hand, used complex engineering to increase
the accuracy and speed of the network. Inception v1 was the first network of the
Inception series. Inception v2 is the second network in the generations of
Inception convolutional neural network architectures. Inception v2 reduces the
“representational bottleneck™. The representational bottleneck happens, which
means the loss of information due to drastic alteration in the input. For
computational complexity, the Inception v2 network used a smart factorization
method to factorise the 5x5 convolution to two 3x3 convolutions. In our project,
we implemented the Inceptionv2 architecture to detect and classify the
"Nephrops burrows"” from two different datasets: FU22 and FU30, with image
resolutions of 1229x691 and 3840x2160, respectively. The architecture starts
with a series of six convolutional layers, designed for initial feature extraction
from the input images:

The first 3x3 convolutional layer processes the input image, producing an
output feature map. We added padding to maintain the size of the output. So, if
the input is from the FU22 dataset, for example, the output could remain same
to 1229x691. The second 3x3 convolutional layer further processes the data.
Again, assuming standard padding and stride, the size might remain similar to
the output of the first layer. The third layer, a 3x3 convolutional padded layer,
explicitly maintains the dimensionality due to padding, ensuring the output
feature map doesn't reduce in spatial dimensions. Following this, the fourth 3x3
convolutional layer again processes the feature map. Depending on padding and
stride, the size could remain consistent with the previous layers' outputs. The
fifth and sixth 3x3 convolutional layers continue this pattern, each building on
the feature maps produced by the previous layer, typically maintaining the size
if padding is applied to counteract the natural reduction from the convolution
process.
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In between and following these convolutional layers, there are two pooling
layers aimed at reducing the dimensionality and computational requirements.
Pooling layers, typically with a 2x2 filter and a stride of 2, would reduce the
height and width of the feature map by half, enhancing the model's efficiency
and focus on relevant features. For example, if a pooling layer follows the initial
convolutional layers, the output dimension might reduce from 1229x691 to
approximately 614x345 for images from the FU22 dataset.

After processing through the initial convolutional and pooling layers, the
data then enters the Inception modules. Each module processes inputs with a
variety of convolutional operations and pooling, leading to outputs that capture
a wide array of features at different scales.
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Figure 4.4: Inceptionv2 layers and architecture [30]

For fine-tuning, we utilized batch normalization after each convolutional
layer to ensure more stable and faster training. Dropout layers were included to
prevent overfitting. The entire model was trained using the Momentum
optimizer [44] with a decay rate of 0.9 and a learning rate of 0.01, processing
images one at a time. We carefully set the max pooling parameters and applied
gradient clipping [45] with a threshold of 2.0 to ensure smooth and effective
training. Figure 4.4 shows the Incetionv2 layers and its architecture. The figure
shows the output of each layer in general. Each convolution layer output will be
(Image width x Image height x D), where D is the depth of convolutional layer
based on the number of filters. In this work a filter of size 64 is used. The X and
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Y are the spatial dimensions. These values represent the width and height of the
output feature map. For example, if the original image size is 1229x691 and a
pooling layer with a stride of 2 is applied, then both dimensions would roughly
halve, making X = 614 and Y = 345 after the first pooling layer. Z is
concatenation of each path of the inception module.

MobileNetv2

With the revolutionization of neural networks, the accuracy, speed, and
performance cost a lot in terms of resources and capabilities. The devices with
fewer resources cannot cope with the immense computational power of neural
networks. The MobileNet v2 is tailored for a constrained resources
environment. The MobileNet v2 CNN architecture was proposed by Sandler et
al. [31]. The main contribution of this network is the layer module, i.e., they
introduce the inverted residual with a linear bottleneck. One of the main reasons
for choosing the MobileNetv2 architecture was the relatively small training
dataset from FU 30. This architecture optimizes the memory consumption and
execution speed with minor errors. MobileNetv2 architecture has depth-wise
separable convolution instead of conventional convolution. This architecture
initially has a convolution layer with 32 filters, followed by 17 residual
bottleneck layers (Figure 4.5).

The initial convolutional layer uses a 3x3 kernel and used for initial feature
extraction. Each bottleneck block contains three layers convolutional,
Depthwise convolutional and convolutional. The 1x1 convolutional layer after
the bottleneck block is used to serves additional feature combination and
reduction, preparing features for classification. The output size of fully
connected projection layer is equals to the number of classes in the classification
task. The pooling reduces each channel in the feature map to a single value to
summarizes the spatial information. Our experiments achieved the best model
result with RMSProp [46] momentum with a decay of 0.9. This work uses a
learning rate of 0.01 to balance fast convergence with the stability of the training
process, a batch size of 24 is set to optimizing the trade-off between
computational efficiency and model performance. We employed a truncated
normal initializer for its role in preventing layer activation outputs. The L2
regularization is used with Rectified Linear Unit (ReLU) as an activation
function to mitigate overfitting while preserving non-linearity in activations.
The box predictor used in the MobileNet model was the Convolutional box
predictor. Table. 4.2 shows the parameter list and values used in the MobileNet
v2 and Inception v2 models.
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Figure 4.5: MobileNet v2 model architecture [31]

Table 4. 2: Inception v2 and MobileNet v2 Model Training Parameters

Parameters Inceptionv2 MobileNetv2
Number of Classes 01 01
Optimizer Momentum RMSProp
Momentum Rate 0.9 0.9
Learning Rate 0.01 0.01
Batch Size 1 24
Initializer truncated_normal_initializer  truncated_normal_initializer
gradient_clipping_by norm 10 -
Regularization L2 L2
Activation Function Softmax RELU
Maxpool kernel size 2 -
Maxpool stride 2 -

Box Predictor

Mask RCNN box predictor

Convolutional box predictor

ResNet50

ResNet50 [32] is a variant of the model ResNet. The ResNet50 has 48
convolutional layers, one max pool, and one average pool layer, so it is a 50-layer-
deep convolutional network. Out of these 50 layers, one layer is used in the first
convolution with a kernel size of 7 x 7 64 kernels with stride 2 and a max pool of
size 3 x 3 with stride 2. Nine layers are used in the second convolution with a kernel
size of 1 x 1 64 kernels and 3 x 3 128 kernels. In the next step, 12 layers are used
with 1 x 1128; after that, a kernel of 3 x 3,128, and, at last, a kernel of 1 x 1,512.
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The fourth convolution uses 18 layers with a kernel of 1 x 1,256 and two more
kernels with 3 x 3,256 and 1 x 1,1024. The fifth convolution uses nine layers with a
1 x 1,512 kernel with two more of 3 x 3,512 and 1 x 1,2048. Finally, the last layer
Is used for the avg pool and a softmax function. ResNet50 is a widely used ResNet
model.

ResNet101

The ResNet101 [33] is a dense convolutional neural network that is 101 layers
deep. The first convolution has a kernel size of 7 x 7 64 kernels with stride 2 and a
max pool of size 3 x 3 with stride 2. Nine layers are used in the second convolution
with a kernel size of 1 x 1 64 kernels and 3 x 3 128 kernels. In the next step, 12
layers are used with 1 x 1,128; after that, a kernel of 3 x 3,128, and, at last, a kernel
of 1 x 1,512. The fourth convolution uses 69 layers with a kernel of 1 x 1,256 and
two more kernels of 3 x 3,256 and 1 x 1,1024. The fifth convolution uses 9 layers
with a 1 x 1,512 kernel with two more of 3 x 3,512 and 1 x 1,2048. Finally, the last
layer is used for the avg pool and a softmax function. The ResNet50 and ResNet101
have better accuracy when compared to the other models for our problem.

Table. 4.3 shows the parameter list and values used in the ResNet50 and
ResNet101 models.

Table 4. 3: ResNet50 v2 and ResNet101 Model Training Parameters

Parameters ResNet50 ResNet101
Number of Classes 01 01
Optimizer Momentum Momentum
Momentum Rate 0.9 0.9
Initial Learning Rate 0.0003 0.0003
Batch Size 1 24
Initializer truncated_normal_initializer  truncated_normal_initializer
gradient_clipping_by_norm 10 10
Regularization L2 L2
Activation Function Softmax Softmax
Maxpool kernel size 2 2
Maxpool stride 2 2
Box Predictor Mask RCNN box predictor Mask RCNN box predictor
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YOLOv3

The YOLO detector was introduced in 2016 with its first version, called YOLO
vl, by Redmon et al. [34], achieved 63.4 mAP on the Pascal VOC data set; the
second version, called YOLOv2 and YOLO900 was introduced in 2017 by Redmon
et al. [47] that achieve 78.6 mAP on the same data set used in YOLOv1. In 2018,
Redmon et al. [34] introduced YOLOvV3, which used a complex MS COCO data set
with 80 classes and achieved 57.9 mAP. In 2020, multiple versions of YOLO
appeared from different authors that used the same MS COCO data set and achieved
a higher mAP as compared to YOLOV3, they listed as YOLO v4 by Bochkovskiy et
al. [48] achieve 65.7 mAP, Scaled YOLO v4 by Chein et al. [49] achieve 66.2 mAP,
PP-YOLO from Xiang et al. [50] achieve 65.2 mAP and YOLO v5 by Ultralytics
achieve 68.9 mAP. In 2021, YOLOX was introduced by Zheng et al. [51], which
achieved 69.6 mAP with the MS COCO dataset. YOLOv3 uses darknet to train the
model. The darknet has originally 53 layers. In YOLOvV3, another 53 layers are added
to the darknet for detection, making 106 layers of fully convolutional architecture.
Figure. 4.7 shows the YOLOv3 architecture. YOLOvV3 [34] gives the best results
compared to other neural networks. The previous neural networks used region-based
convolutional neural networks, which require thousands of evaluations to predict an
object from an image. On the other hand, YOLO only passes the image once to the
neural network, that is why it is called “You Only Look Once”. YOLOV3 has five
layer types in general;
“route layer”, “shortcut layer”, and “yolo layer”. Table. 4.3 shows the parameter list
and values used in the YOLO v3 model.

they are: “convolutional layer”, “upsample layer”,

91

Concatination of
layers :
Addition of layers Unsampling layer
Scale: 1

Stride: 32

Scale:2

R Stride: 16

Scale: 3
Stride: 8

'y

Detection layers

Figure 4.6: YOLOv3 architecture
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Table 4. 4: YOLO v3 Model Training Parameters

4.3.3.

Parameters YOLO v3
Number of Classes 01
Train Batch Size 4
Train Input Size 416
Train_Transfer True
Batch_Norm_Decay 0.9
Batch_Norm_Epsilon 1e-05
Activation Function Leaky RELU
Train Epochs 100
stride 1

Model Training Environment

This work conducts model training, validation, and testing on a Linux Machine
powered by an NVIDIA TitanXP GPU. Transfer learning [37] is utilized to fine-
tune the models in TensorFlow [52]. Multiple combinations for model training
are used, i.e., trained separate models for Cadiz and Ireland datasets, training a
model by combining both the datasets and training and testing the model with
different datasets. For FU 30, 200 images are used, and for FU 22, 619 images
are used for training the model. The Inception and MobileNet models used two
classes (one for Nephrops and one as background) L2 regularization for training
and were trained with 70k steps. MobileNetv2 is two times quicker in training
as compared to the Inceptionv2 model.

Precision can be seen as how robustly the model identifies Nephrops
burrows’ presence, and Recall is the rate of TP over the total number of positives
detected by the model [53]. Generally, when the recall increases, the precision
decreases, and vice versa, so precision vs. recall curves P(R) are valuable tools
for understanding model behaviour. The mean average precision (MAP),
defined in Eq. (1), is used to quantify how accurate the model is with a single
number.

mAP = f lP(R)dR 1)
0

In our problem, ground truth annotation and model findings are rectangular
areas that usually don't fit perfectly. In this paper, it is considered a TP detection
if both areas overlap more than 50%. This is computed by Jaccard index J,
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defined in Eq. (2)

|A N Bl
J(A,B) = AUBI (2)

A and B are the set of pixels in the truth annotation and model finding
rectangular areas, respectively, and | . | means the number of pixels in the set.
When J > 0.5, a TP is detected, but if J < 0.5, detection fails with an FN. This
methodology calculates P and R values, and mAP is used as a single number
measure of the model's goodness. Usually, this parameter is named mAP50,
but in work, it used mAP for simplicity.

4.3.4. Models Validation

Models were trained using a random approximately 70-75% sample of the
annotated dataset. The remaining is used for testing. The turning checkpoints
are recorded after every 10k iterations, and the mAP50 is computed on the
validation dataset. The model is evaluated using mAP, precision and recall
curve, and visual inspection of the images with automatic detections. Figure.
4.8 shows the model evaluation life cycle.

PREDECTIONS

CONFUSION MATRIX SRR
° ° RESULTS

mAP

COMPARE ANALYZE Prediction'Recall

GROUND TRUTH

Visualize

Figure 4.7: Model Evaluation Life Cycle.
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Chapter 5: Nephrops norvegicus
Burrows Detections Refinement and
Counting

5.1.Introduction

5.2.

This chapter significantly improves the detection of Nephrops burrows, tracking
and counting of Nephrops burrows. With the evolution of the convolutional neural
network (CNN), object detection in the underwater environment has gained much
attention. However, due to the complex nature of the underwater environment, generic
CNN-based object detectors still face challenges in underwater object detection. These
challenges include image blurring, texture distortion, color shift, and scale variation,
which result in low precision and recall rates. A detection refinement algorithm is
proposed in this chapter to tackle this challenge. The algorithm is based on spatial—
temporal analysis to improve the performance of generic detectors by suppressing false
positives and recovering the missed detections in underwater videos.

Object counting is also one of the biggest challenges in vision problems. One
of the major causes of these challenges is the nature of an object, like its shape, size
and movement in the underwater environment. This chapter presented the challenges
faced while tracking Nephrops burrows and a new tracking and counting mechanism
based on the spatial-temporal values of the Nephrops burrows.

This chapter is mainly divided into two sections. Section 5.2 details the
detection refinement mechanism, the proposed algorithm and its working. Section 5.3
is about the tracking and counting of Nephrops burrows. This section describes the
tracking and counting challenges, background study and proposed tracking and
counting algorithm.

Nephrops norvegicus Burrows Detection Refinement

The proposed detection refinement mechanism is based on spatial-temporal
information to enhance the detection of missed true positives and suppress false
positive detections. The work presented in [54] used temporal information to track the
faces and suppress false positive detections. Their approach used low-level tracking to
detect the faces in real images. Furthermore, their system does not recover the missing
detections. In this problem, low-level tracking cannot be applied due to the complex

53



Chapter 5: Nephrops norvegicus Burrows Detections Refinement and Counting

underwater data nature, and the object characteristics vary with each appearance. The
Nephrops burrows are not a real species, and their characteristics differ significantly
from the natural image. The previous work integrates temporal information to track
the faces and suppress the false positives. The proposed approach uses spatial and
temporal information to suppress the false positives and recover the missed detections.
The work is divided into two parts. At first, the model is trained using state-of-the-art
Faster RCNN models Inceptionv2 [30], ResNet50 [32], and ResNet101 [33] for the
detection of Nephrops burrows. The work's second part presents a spatial-temporal-
based detection refinement algorithm. The burrows are detected in each frame in a
video sequence, and then the spatial and temporal information across the multiple
frames to refine the Nephrops burrows detections. The spatial-temporal mechanism
helped in suppressing the FP burrows. It allowed us to find the missed TP detection
that led to achieving better accuracy and tracking and counting burrows in a video
sequence. Figure 5.1 shows the result of the detectors trained using the Inception
model. In Figure 5.1(a), the bounding boxes in blue show the ground truth, while the
red bounding boxes show the detections from the Inception model. Due to variations
in camera direction and the appearance of burrows, the detector accumulates FPs and
missed detection in some frames. The figure clearly shows the missed detection in the
intermediate frames. Figure 5.1 (b) shows the ground truth bounding boxes in blue
color while the false positive detections in orange color.

To address these challenges, a detection refinement approach based on spatial—
temporal analysis is proposed that enhances the mAP of a generic detector. The
proposed detection refinement mechanism identified these missed detections,
recovered them, and suppressed the false positives. Generally, the proposed approach
has the following contributions:

i.  The first contribution is the spatial-temporal filtering (STF) model that extracts
the spatial and temporal information of all the detections of the consecutive
frames of an input video by suppressing the false positives and recovering the
missed detections. The proposed method will improve the performance of the
generic detectors (such as Inception and ResNet, in our case).

ii.  The 2" contribution is the performance evaluation of the proposed framework
on our proposed novel dataset. The experimental results demonstrated the
effectiveness of the proposed approach.
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’ “...
’ ._

I Ground truth BlDctections I False Positives

Figure 5.1: Ground truth (blue color, bounding boxes). (a) The result of detector (Inception) (red color, bounding boxes). Shows missing
detections in consecutive frames. (b) FP Detections (Orange color, bounding boxes) shows FP detections in random frames

5.2.1. Detection Refinement Methodology

Figure 5.2 shows the pipeline of the proposed framework. The proposed
framework has two sequential stages. The first stage is object detection, while
refinement is performed during the second stage. During the first stage, state-
of-the-art generic detectors, for example, Faster RCNN, Inception, ResNet50,
and ResNet101, are used to detect the Nephrops burrows. For this purpose, the
input video sequence is divided into temporal segments, each consisting of N
frames. The state-of-the-art detectors are applied to each temporal segment to
detect Nephrops burrows. The obtained results are passed to the refinement
module that will employ spatial-temporal filtering (STF) to recover the missed
detections from the frames and suppress the false positive detections. This
process improves the mean average precision (mAP) of the results obtained
from the detectors.

5.2.2. Detection Refinements Parameters

After detecting Nephrops burrows, a post-analysis performance of the obtained
results is carried out. After a critical analysis of the results, it has been observed
that the detectors encounter many FP and miss many TP, which degrades
accuracy. To recover missed detections and suppress FP, the work proposes a
detection refinement algorithm that exploits the spatial-temporal information
among consecutive frames of the given temporal segment. The Inception,
ResNet50, and ResNet101 models are tested on a video of five minutes in
length. The proposed detection refinement algorithm takes inputs V, A, and W,
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where V is the video, A, is a threshold value for displacement vector, the
threshold value is the value of loU (intersection over union) that is compared
later with the loU of detected Nephrops burrow, and W is a size of the temporal
window which determines the number of frames in the temporal window. These
models provide a set of TP, FP, and missed detections. The criteria for defining
TP and the FP in the proposed detection algorithm are discussed in the next
sections.

True Positives (TP)

The algorithm considers every detection as a TP if it is continuously
detected by the detector within the temporal window and its average loU in all
the frames in the temporal window is more than or equal to the threshold value
L. Therefore, if the detector marks any FP detection as TP and the detection
continues to occur in all consecutive frames, our algorithm considers it a TP
detection.

False Positives (FP)

The FP detections are those not detected in consecutive frames, and their
combined loU is less than the threshold value A. These FP detections are also
declared as FP in the ground truth dataset. The detectors detect them as TP
because of the camera angle (45°) and the position and angle of the burrow.

Missed Detections

The missed detections are those which are TP and are detected in some
frames by the detector but missed in some intermediate frames due to the
position or visibility of the burrow. The missed detections are very important to
identify because without identifying them, the burrows cannot be tracked. The
performance of models is increased by recovering the missed detections.

Detection Refinement Algorithm

The proposed algorithm presented in Algorithm 5.1 shows the refinement
mechanism using spatial-temporal data analysis. This algorithm is divided into
two sections, i.e., suppression of false positives and identification of missed
detections. Figure 5.2 shows the basic processing steps of false positive
suppression and missed detection identification and recovery.
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Suppression of False Positives

The first step towards the refinement of detections is to suppress the FP. Let
Fi = {B1, B2,..., Bn} be the frame i with n detections obtained with a deep
learning model . Let sF be the set of consecutive frames within a temporal
window with size W. The algorithm takes Bj for frame Fi as an input for
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Figure 5.2: Detection refinement algorithm

refinement and provides a refined output as FR. To suppress the FP in the
current frame i, the work computed the overlapping of each detection Bj of the
current frame and the detection in the next frame from sF.
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Algorithm 5.1: Detection Refinement

Input Data V, A, W, where V is an input video, A is a threshold value for the displacement vector,
W is the size of the temporal window

Results Fr = {F1, F, ..., Fn}, where Fr is a list of refined frames

begin

F = Extract_Frames_With_BoundingBox(V) // F = {F1, F», ..., Fn} where F is the list of
frames and each one Fi = {Bq, B», ..., Bn} has n bounding boxes B; = {x;, yj, w;, h;j}, where
(x;, y;) are coordinates of initial pixel of the bounding box j and w;, h; are width and
height.

T = Extract_Duration(V) // T = {Ty, T, ..., Tn} where T is total time of the video

Foreach frame f €F do
Fr = Add_Frame(f)
sF = Create_Subset_Frame_W_Range(F) // sf is list of frames that need to
compare with the current frame till the “W’ temporal window size

deleteFlag = Set (FALSE)

Foreach boundingbox b €f do

b_Index = Get_Bounding_Box_Index(b)

Foreach frame fc € sF do //where fc = f+1
delta += Compare_Displacement_Vector (fy_ingex, TCb_index)
endFor
avgDelta = delta/W
if avgDelta < A then

deleteFlag = Set (TRUE)

endif

if deleteFlag is FALSE then Fr= Add_ Bounding_Box_in_Frame (f, fi_index)
endif

endFor

Foreach boundingbox b €f do

indexSet = Identify_Missing_Detection(b, Fr)

endFor

lastindex = 0

for index in Fr do

if index is in indexSet
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end

j = index

For lastIndex to j

bBValue += Get_BoundingBox_Value(b, f jastindex)

endFor

bBValue_missing = bBValue/j

Set_BoundingBox_Value(b, fj, bBValue_missing)

lastindex = j;
endif
endFor
endFor
return Fr

The algorithm receives three inputs: an input video with detections V,
threshold value A, and temporal window size W. For each detection in the
current frame b € Bj at frame Fi, the algorithm first identify the current detection
location in the next frame of sF and then computes 6k = loU value of current
detection with consecutive k frame’s detection in sF using
Compare Displacement Vector(fb_Index, fcb Index) method (k = 1,...,W).
Then, davg = 1/W Y0k is the estimated average within the temporal window.
The detection is marked as FP if davg < A, and as TP if otherwise, suppressing
the FP. The work processes the whole video V detections in the same way.

Identification of Missed Detections

After refining the detections by suppressing the FP in the previous step, the
next step is identifying the detections that our detector missed. For this purpose,
the algorithm tracks each detection Bj e Fi to identify the missed detection. If
the detection is found in frame i + 1, the algorithm continues to track it till the
temporal window size W. If the current detection is not tracked in any frame,
the algorithm marks that as missed detection and stores it in the set indexSet.
The algorithm defines the Set_BoundingBox_Value( ) method to calculate the
missed detection value. The location of the missed detection is first computed
from the indexSet. Letting Bj be the current detection and indexSetj the missed
detection, the algorithm calculates the accumulative value of detection from the
current frame till the indexSet location and then calculates the average, called
bBValue_missing. As the work maintains the number of frames N between the
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current and missed detection, the algorithm calculates the missed detection
value by adding the N value to the bBValue_missing. The missed detection
information is then filled in and updated in the refined output FR.

5.3. Nephrops norvegicus Burrows Tracking and Counting

Object counting is also one of the biggest challenges in vision problems. One of the
major causes of these challenges is the nature of an object, like its shape, size and
movement in the underwater environment. The other major factor is the underwater
environment. The underwater environment has a complex background structure, poor
visibility, the turbulence of water, and the complex seabed, which causes the object
counting a complex and challenging problem. With the advancement of Al, many
automated tools and mechanisms are available to count objects in underwater and
ground objects. In underwater environments, the counting algorithm used a regression-
based [84] or detection-based [85] approach to count the objects. There are many
tracking techniques used in the literature which are based on the OpenCV KCF tracker
[86], Optical flow [87], SORT [88], or Kalman Filter [89].

The techniques proposed for tracking underwater objects perform well with the
objects in motion, like fishes and other underwater species. In the current problem, three
major challenges are faced while tracking the Nephrops burrow. The first challenge is
the camera’'s movement; our objects are not moving, but the camera is moving in the
forward direction, leaving the object behind. The second challenge is the characteristics
and size of burrows that are not fixed, and each new burrow can vary in size and other
characteristics. The third challenge is the angle/opening of the burrow. Each burrow
opening can vary in direction, and the angle of the burrow can also change. Due to these
challenges, the traditional object-tracking mechanism is not very effective.

This work proposes an efficient tracking technique based on the object's spatial and
temporal values. The proposed tracking and counting of Nephrops burrows used the
spatial-temporal values of each burrow. The proposed spatial-temporal technique tracks
each burrow based on its spatial and temporal values and counts the unique burrows.
The unique burrows are counted using the intersection values of detected burrows in
consecutive frames. The proposed methodology is a three-step process starting from
Data collection and processing, Detection and Counting of burrows.

5.3.1. Background and related work

Object detection and classification is a challenging computer vision problem.
Researchers have developed many methods for object detection and
classification tasks. The existing object detection approaches use handcrafted
feature-based models [90-93] and deep features models [94]. There are many
approaches presented for underwater object tracking that are very useful in
tracking and counting objects having concrete features and moving in the water.
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Object counting is also one of the biggest challenges in vision problems.
One of the major causes of these challenges is the nature of an object, like its
shape, size and movement in the underwater environment. The other major
factor is the underwater environment. The underwater environment has a
complex background structure, poor visibility, turbulence of water, and the
complex seabed, which causes the object counting a complex and challenging
problem. The counting algorithms used regression-based [95-100] or detection-
based [101-103] methods to count the underwater objects. The Regression-
based method generates a density map for images and later integrates it with the
image maps to count the objects. Most regression-based counting algorithms are
useful in counting objects from a single image. The detection-based methods
use two-stage detectors [104] or single-stage [105-106]. The two-stage detector,
also called a sparse detector, uses two steps for image detection. The first step
generates the boxes in the image using the region proposal network, while the
second step evaluates these proposals and generates the detections. Some of the
most popular two-stage detectors are RCNN [28], Fast RCNN [29], Faster
RCNN [28], SPPNet [107] and Pyramid Networks [108]. On the other hand, the
single-stage detectors used single-shot or dense-shot architectures. This type of
detector processes the image only once and uses the feature pyramid networks
to detect the objects. Some of the state-of-the-art single-stage detectors are
OverFeat [109], SSD [110], YOLO [102], Retina-Net [111] and Effiient-net
[112]. The YOLO detector was introduced in 2016 with its first version, YOLO
v1, by Redmon et al. [102], achieving 63.4 mAP on the Pascal VOC data set.
The second version, YOLOv2 and YOLO900, was introduced in 2017 by
Redmon et al. [47] and achieved 78.6 mAP on the same data set used in
YOLOv1. In 2018, Redmon et al. [34] introduced YOLOv3, which used a
complex data set of MS COCO, which had 80 classes and achieved 57.9 mAP.
In 2020, multiple versions of YOLO appeared from different authors that used
the same MS COOC data set and achieved a higher mAP as compared to
YOLOV3; they listed as YOLO v4 by Bochkovskiy et al. [113] achieved 65.7
mAP. Scaled YOLO v4 by Chein et al. [114] achieved 66.2 mAP, PP-YOLO
from Xiang et al. [115] achieved 65.2 mAP and YOLO v5 by Ultralytics
achieved 68.9 mAP. In 2021, YOLOX was introduced by Zheng et al. [116],
which achieved 69.6 mAP with the MS COCO dataset.

Object Counting in Images

In literature, people used many methods to automatically count marine
objects. In a recent survey by Li et al. [117], they present three ways based on
sensors, vision and acoustic technology for counting underwater objects. For
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computer vision methods, people proposed counting methods for still images
and videos.

In underwater images, object segmentation is one of the most used
techniques for object counting. It is an important method to differentiate the
object of interest from the background based on its intensity value. Solahdin et
al. [118] and Labuguen et al. [119] adopted threshold-based segmentation
methods to count the shrimps and fishes. Jing et al. [120] proposed an edge
detection-based Sobel Operator to detect fish's edges to obtain the fish count
estimation. The detection-based method is the other common method used in
detecting and counting underwater objects. The key point in this method is to
select the appropriate classifier to identify and detect the objects accurately.
Culverhouse and Pilgrim [121] used an Artificial Neural Network to count the
fish from the underwater images. Fan et al. [122] used Background Propagation
Neural Network (BPNN) to classify the number of fish for counting. Object
detection methods also used some hand-crafted features for object classification
and counting.

Object Counting in Videos

Counting the objects from underwater videos is more challenging due to
varying framerates and background changes. Lau et al. [123] presented
segmentation and SVM-based detection and tracking methods to count the
Norway lobster. Sharif et al. [124] used Kalman and Hungarian methods to
count the fish from underwater videos on Shutterstock. Chuang et al. [125]
presented a multi-object tracking algorithm based on the deformable multiple
kernel method to track and count fishes from multiple locations and habitats.
After the evolution of deep learning, the tracking and counting mechanism
became more efficient. Huang et al. [126] presented a combination of deep
learning and a 3D Kalman filter to count the fish from underwater stereo images
captured from stereo cameras. Spampinato et al. [127] combined the blob-shape
features and histogram matching to track the fish. They used the moving average
algorithm to achieve an accuracy of up to 85%.

Modasshir et al. [86] presented a mechanism to identify and count the
corals. They used Retina-Net [111] to identify and localize the coral samples
from the dataset. For tracking corals, they used the OpenCV KCF tracker [129].
Mohammed et al. [130] proposed a fish farm monitoring system to detect, track
and count the fish. They used YOLOvV3 to detect the fish in the farm and an
optical flow algorithm to track the fish movements in each frame using the fish
trajectories. Wageeh et al. [131] presented a method to detect the fish from the
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fish farm. They also count and make trajectories from fish detections. The
proposed method is used for monitoring fish farms using the combination of
fish counting and trajectories. They used distance to calculate the distance
measured between the fishes in consecutive frames and track them according to
the distance between them. Li et al. [132] proposed an adaptive multi-
appearance model and tracking strategy for real-time fish tracking. Tanaka et
al. [133] presented a fish tracking and counting method used to count the fish
on the deck. They trained Yolov3 with 13789 different images of fish for
detection. The fish counter proposed in their approach is based on the Simple
Online Real-time Tracking (SORT) [134], which uses the Kalman filter to
approximate the displacement of the fish in consecutive frames. Their approach
detects and tracks the fish. Later, they apply the post-processing algorithm to
suppress the false positives. Gaude et al. [89] proposed a method to track the
fish in a varying turbidity environment. Kalman filter is used to track fish.
Avsar et at. [137] proposed a deep learning-based detection and counting
mechanism for Nephrops norvegicus individuals. They used the SORT
algorithm for tracking and counting individual Nephrops. Table 5.1. Shows the
summary of some tracking algorithms that people apply to track objects in the
underwater environment.

Object Tracking Algorithms

OpenCV also provides multiple tracking algorithms that perform very well
in tracking the objects in the videos. These algorithms are very fast compared
to the detection algorithms. Here, the work presented all the OpenCV tracking
algorithms and found out the pros and cons of these algorithms. Also, the current
work will apply these algorithms to track the Nephrops burrows and will show
the results in detail.

e BOOSTING Tracker

The boosting tracker works on the HAAR cascade-based detector. This
tracker trained itself on the runtime based on the initial values of the bounding
box provided on the first frame. This very old algorithm works fine in tracking
objects, but the tracking usually fails with this tracker.

e MIL Tracker

MIL tracker also works on the same idea as the BOOSTING tracker, but
during the tracking, it also considers the neighbourhood location of the object
to get positive examples. It uses Multiple Instance Learning (MIL). The MIL
tracker performs very well compared to the BOOSTER tracker, but it also
leads to false positive tracking and not recovering from full occlusion.
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e KCF Tracker

Kernelised Correlation Filters (KCF) tracker is the most commonly used
tracker. It performs better in speed and accuracy than the previous two
trackers, but it also leads to the false positive tracking of the object.

e TLD Tracker

TLD tracker used detection and learning in the tracking. It follows the
object in every frame and localises it for tracking. This algorithm gives the
best video results but leads to many false positives, degrading this tracker's
efficiency.

e MEDIANFLOW Tracker

MEDIALFLOW tracker tracks the object in forward and backward
directions, which enables this tracker to track the object more accurately. This
tracker keeps track of the object and can identify when the tracking of the
object fails. It works well with the object motion but fails when the camera
moves and loses tracking.

e MOSSE tracker

MOSSE stands for Minimum Output Sum of Squared Error and uses
adaptive correlation between objects. This robust tracker can resume tracking
if the object is lost in some frames.

e CSRT tracker

CSRT tracker uses the spatial reliability map for adjusting the filter and
tracking the object by localising the selected region. This tracker uses HoGs
and Color names to find out the features of objects.

Some of the other famous tracking algorithms are.
o DeepSORT

DeepSORT is one of the most widely used tracking algorithms. The object
with the DeepSORT s trackable for a longer period because it integrates the
appearance information of the object within the tracking algorithm.

e Object Tracking MATLAB

A Computer Vision toolbox in MATLAB provides object tracking in the
videos. This toolbox uses CAMShift and Kanade-Lucas-Tomasi (KLT) for
tracking the object.
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MDNet

MDNet is a CNN-based tracking algorithm. It is mainly used for real-time

object tracking but is highly expensive regarding computational and speed.

The method proposed in this study is to track the burrows using a spatial-

temporal technique. The techniques presented in the literature cannot track the
burrows accurately and provide a lot of false positives due to variations in the
angle and burrows characteristics.

Table 5.1: Comparative analysis of a few Tracking techniques in an Underwater environment

Approach Year Date set Detection Algorithm Tracking Algorithm
Identification and
Counting of Coral 2018 - RetinaNet OpenCV KCF tracker
[86]

Detection and Fish 400 goldfish .

Tracking [130] 2020 images YOLOv3 Optical flow
Detection and fish 2000 images of :

Tracking [131] 2021 golden fish YOLOv3 Optical flow
Fish Tracking and 13789 images of

Counting [133] 2022 fishes YOLOV3 SORT
Fish Tracking [89] 2019 Custom dataset Hybrid Algorithm Kalman Filter
Ne"mp[hf‘;]rac"'”g 2023 DTU repository YOLOV4 SORT

5.3.2.  Burrows Tracking and Counting Methodology

The proposed methodology is presented in Figure. 5.3. The data is collected
through the annual WGNEPS survey. The collected data is passed through a
preprocessing stage to the trained model. The proposed spatial-temporal
algorithm is run with the trained model to track the detected burrows and count

the unique burrows.

Deep Learning
Model

UWTWV | N _
Survey 11 \}}*_, Data .
_ Preparation
Auntomatic g;utohn:iatlc
INephrops Burrows BZI:T;‘.;I):
unting Detection

Model Testing

Burrows Tracking JF*

Figure 5.3: Burrows Tracking and Counting Methodology
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5.3.3.

Tracking and Counting of Burrows

The proposed algorithm used the spatial and temporal values of the object for
tracking and counting. The proposed spatial-temporal technique tracks each
burrow based on its spatial and temporal values and counts the unique burrows.
The unique burrows are counted using the intersection values of detected
burrows in consecutive frames. The proposed methodology is a three-step
process starting from Data collection and processing, Detection and Counting
of burrows.

The proposed algorithm, presented in Algorithm 5.2, shows the tracking and
counting of burrows using the spatial-temporal value of each burrow. The
tracking algorithm runs in parallel with the detection algorithm. Here, the work
used the YOLOv3 model for the detection of burrows.

Tracking and Counting Algorithm

The algorithm receives two inputs: an input video V, and a threshold value
A (an overlap amount between predicted and ground truth detections). The
algorithm'’s output will be the unique count of burrows in the given video. The
first step is to detect the burrows in the video frames. The input video is passed
to the method Detect_Nephrops_Burrows (V). The method converts the video
into frames and uses a YOLO v3 detector to detect the burrows in each frame.
The method's output is an individual frame (I) having a set of detected
Nephrops burrows with spatial values. The spatial value of each detection is
the bounding box values {x, y, w, h}, where (x, y) are coordinates of an initial
pixel of the bounding box j and w, h are width and height. For each detection
in the current frame f € | at frame I;, the algorithm loops through each detection
of the current frame and gets the current spatial value using the method
Get_Spatial_Value(b). The current detection identified by the algorithm is
stored in Indexfb and added to the list of burrows count N. The current
detection is marked with a flag, and the algorithm continues to mark each
detection of the current frame. Once all the detections of the current frame are
marked, the algorithm saves the detections with their spatial values to Index-
1)b and moves to the next frame. In the next consecutive frame, the algorithm
again identifies the detection using Get Spatial Value(b). Now, each
detection of the current frame is tracked by comparing with the previous
frames detections stored in Indexg1p. The Compare_Overlapping (Indexib,
Index-1p) method compares the bounding box values of two detections. For
comparison, this method did not use the traditional overlapping metric loU
because of variation in the position of a detected burrow in each frame due to
the camera’'s movement. The overlapping method is modified in this
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algorithm, and instead of calculating the loU, the algorithm calculates the
Intersection value of each comparison. This compared value is stored in the
variable delta and is compared with the given threshold value A. If the delta is
greater or equal to the A value, the same burrow is detected again and is not
counted. Otherwise, the counter list of that frame is updated with a new burrow
count. The work processes the whole video V detections in the same way. In
the end, each counter value of frames is accumulated and returns the unique
number of burrows.
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Algorithm 5.2: Tracking and Counting

Input Data V, A where V is an input video, and / is a threshold value for object overlapping.
Results N = {N1, N, ..., Nn}, where N are the unique objects, Nc is the count of unique burrows.
Begin

I = Detect_Nephrops_Burrows(V) // 1 = {ly, Iz, ..., In} where | is the list of frames and
each one I; = {Bs, By, ..., Bn} has n bounding boxes and each box B; = {X;, yj, wj, hj},
where (x;, y;) are coordinates of an initial pixel of the bounding box j and wj, h; are width
and height.
count=0
Foreach frame f € 1 do

Foreach boundingbox b € fdo

Indexs, = Get_Spatial_Value(b)
if (flag)
delta = Compare_Overlapping (Indexsw, IndeX-1yb)
if delta < A then
Nfb++
endif
endif

endFor

N.add(Nw)

flag = true
endFor

return N
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Chapter 6: Experiments and Results

6.1. Introduction

This chapter summarizes all the experiments and results performed for detecting,
refining, tracking and counting Nephrops burrows. Many experiments were performed
on the dataset to evaluate the performance of the models and proposed work. This
chapter is divided into three main sections. The first section discusses the experiments
performed for burrows detections. The second part contains the detection refinement
experiments, and the last section discusses the experiments and results of tracking and
counting Nephrops burrows.

6.2. Experiments and Results of Nephrops Burrows Detection

6.2.1.

Experiments

This section presents the performance of different networks in qualitative and
quantitative ways. To detect the Nephrops burrows automatically, multiple
experiments are performed. In this work, the models are trained on three
datasets. The first dataset purely contains FU 30 images. The second dataset
contains the images from the FU 22 dataset, and the third is the hybrid dataset
containing images from both functional units. The dataset details and
combination of training and testing data are shown in Table 6.1.

Table 6.1: Combination of Dataset for Training and Testing

Dataset Training Testing

Dataset-I FU 30 FU 30

Dataset-11 FU 22 FU 22

Dataset-111 FU30+FU22 (Hybrid) FU30+FU 22 (Hybrid)
Dataset-1V FU 30 FU 22

Dataset-V FU 22 FU 30

Dataset-VI Hybrid FU30

Dataset-VI Hybrid FU22

Thirty different combinations of sets of experiments are performed with varying
models of training. Each set is iterated seven times. So, 210 experiments were
carried out. The details of the experiments are shown in Table. 6.2. The
YOLOvV3 is trained and tested only with the FU 30 and FU 22 datasets
separately.
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Table 6.2: Experiments details for Detection

Training Dataset Testing Dataset
Experiment Model
Station Images Station Images
Experiment-1 FU 30 200 FU 30 48
Experiment-2 FU 22 618 FU 22 359
Experiment-3 FU 30 200 FU 22 150
Experiment-4 MobileNet FU 22 618 FU 30 200
Experiment-5 Hybrid 818 Hybrid 407
Experiment-6 Hybrid 818 FU 30 200
Experiment-7 Hybrid 818 FU 22 359
Experiment-8 FU 30 200 FU 30 48
Experiment-9 FU 22 618 FU 22 359
Experiment-10 FU 30 200 FU 22 150
Experiment-11 Inception FU 22 618 FU 30 200
Experiment-12 Hybrid 818 Hybrid 407
Experiment-13 Hybrid 818 FU 30 200
Experiment-14 Hybrid 818 FU 22 359
Experiment-15 FU 30 200 FU 30 48
Experiment-16 FU 22 618 FU 22 359
Experiment-17 FU 30 200 FU 22 150
ResNet50
Experiment-18 FU 22 618 FU 30 200
Experiment-19 Hybrid 818 Hybrid 407
Experiment-20 Hybrid 818 FU 30 200
Experiment-21 Hybrid 818 FU 22 359
Experiment-22 FU 30 200 FU 30 48
Experiment-23 FU 22 618 FU 22 359
Experiment-24 FU 30 200 FU 22 150
Experiment-25 ResNet101 FU 22 618 FU 30 200
Experiment-26 Hybrid 818 Hybrid 407
Experiment-27 Hybrid 818 FU 30 200
Experiment-28 Hybrid 818 FU 22 359
Experiment-29 FU 30 200 FU 30 48
YOLOvV3
Experiment-30 FU 22 618 FU 22 359
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6.2.2.

The MobileNet, Inception, ResNet50, ResNet101, and YOLOv3 models

used 200 images from the FU 30 dataset for training the model, while 48 images
were used for testing the models. Similarly, these models used 618 images from
the FU 22 dataset for training and 359 for testing. Similarly, these models used
the hybrid data set for training and testing by using 818 images and 407 images
for testing the model.

Results and Analysis

Quantitative Analysis

The Mean Average Precision of all the models trained and tested by FU
22 and FU 30 stations are calculated during the quantitative analysis. The work
trained all the models over 70k iterations. The models' performance is reported
after every 10k iterations and achieves excellent precision on the trained
dataset, as shown in Figure. 6.1.

Performance Comparision of Models using mAP

0 —=#A— MobileNet CadizTrain CadizTest
~——6&— Inception CadizTrain CadizTest
—+&— ResNet50 CadizTrain CadizTest
ResNet101 CadizTrain CadizTest
MobileNet IrelandTrain IrelandTest
—&— Inception IrelandTrain IrelandTest
—#— ResNet50 IrelandTrain IrelandTest

—<— ResNet101 IrelandTrain IrelandTest

—O— MobileNet CacizTrain IrelandTest
—6— Inception CadizTrain IrelandTest
—%— ResNet50 CadizTrain IrelandTest
—6— ResNet101 CadizTrain IrelandTest
” |—— MobileNet IrelandTrain CadizTest
Inception IrelandTrain CadizTest
—+— ResNet50 IrelandTrain CadizTest
—+—— ResNet101 IrelandTrain CadizTest
MobileNet CadizTrain Cadiz+IrelandTest
—&— Inception CadizTrain Cadiz+IrelandTest

—— MobileNet IrelandTrain Cadiz+IrelandTest
—%— Inception IrelandTrain Cadiz+IrelandTest
MobileNet Cadiz+lrelandTrain CadizTest
—=%— Inception Cadiz+lrelandTrain CadizTest
>— MobileNet Cadiz+IrelandTrain IrelandTest
Inception Cadiz+lrelandTrain IrelandTest

*—— MobileNet Cadiz+IrelandTrain Cadiz+IrelandTest
—©— Inception Cadiz+IrelandTrain Cadiz+IrelandTest
—O— ResNet50 Cadiz+IrelandTrain Cadiz+IrelandTest

ResNet101 Cadiz+IrelandTrain Cadiz+IrelandTest

| L
30 40 50 60 70
No of Iterations

Figure 6.1: Mean Average Precision of models trained and tested by FU 22 and FU 30 stations.

The work evaluated the performance of mAP, a prevalent metric in
measuring object detection algorithms' accuracy like Faster R-CNN, SSD, etc.
Average precision calculates the average precision value for recall value over
0 to 1. Precision measures prediction accuracy, while Recall measures the
positive predictions. The mAP is computed with the dataset of Nephrops from
FU 22 and FU 30 stations over 70k iterations.

Tables. From 6.3 to 6.7 show the maximum mAP obtained by MobileNet,
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Inception, ResNet50, ResNetl01 and YOLOv3 models, respectively. Nine
different training and testing combinations are used in these tables. At first,
the models are trained by the FU 30 dataset and tested with the FU 30 dataset.
Secondly, the models are trained using the FU 22 dataset and tested by the FU
22 dataset. In the following combination, the models are trained using a
Hybrid dataset and tested by the Hybrid dataset. The fourth combination
applied to the models is to train them using the FU 30 dataset and test them
with the FU 22 dataset. The fifth combination is the opposite of the fourth,
where the models used the FU 22 dataset for training while the FU 30 dataset
for testing. Next, the sixth and seventh combinations are trained by FU 30 and
FU 22 datasets and tested using the Hybrid dataset. The eighth combination
used the Hybrid dataset for training and the FU 30 dataset for testing. The last
combination was trained by the Hybrid dataset and tested by the FU 22 dataset.

Table 6.3 shows the maximum mAP obtained using the above dataset
combination with the MobileNet model. The maximum mAP obtained using
the MobileNet model is 75.12 when trained using the FU 22 data set and tested
by the FU 22 data. The minimum mAP is 50.24 when the model is trained by
the FU 30 dataset and tested by the FU 22 dataset.

Table 6.3: Summaries of mAP obtained using MobileNet Training Model

Testing
FU 30 FU 22 Hybrid Dataset
- FU 30 65.69 50.24 66.14
:% FU 22 57.14 75.12 56.11
= Hybrid Dataset 68.99 56.45 58.97

Table 6.4 shows the maximum mAP obtained while using the defined
dataset combination with the Inception model. The maximum mAP obtained
by the Inception model is 80.18 when the model is trained using the hybrid
dataset and tested by the hybrid dataset. The mAP obtained was 80.18. The
minimum mAP is 47.86 when the model is trained by the FU 30 dataset and
tested by the FU 22 dataset.
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Table 6.4: Summaries of mAP obtained using the Inception Training Model

Testing
FU 30 FU 22 Hybrid Dataset
- FU 30 77.18 47.86 68.90
:% FU 22 48.49 78.56 77.66
= Hybrid Dataset 80.16 79.99 80.18

Table 6.5 is about the ResNet50 model. This model is trained and tested
by five different combinations of datasets. The maximum mAP achieved in
this model is 80.16 when the model is trained and tested using the FU 30
dataset. The minimum mAP is 39.06 when the model is trained by the FU 30
dataset and tested by the FU 22 dataset.

Table 6.5: Summaries of mAP obtained using the ResNet50 Training Model

Testing
FU 30 FU 22 Hybrid Dataset
FU 30 80.16 39.06 -
=4
= FU 22 41.08 77.30 -
(4]
= Hybrid Dataset - - 79.42

Table 6.6 summarizes the behaviour of the ResNetl01 model. The
maximum mAP achieved is 81.59 when the model is trained and tested by the
FU 30 dataset. The minimum mAP is 41.04 when the model is trained by the
FU 30 dataset and tested by the FU 22 dataset. The ResNet50 and ResNet101
models are not tested with Hybrid datasets when trained by FU 30 and FU 22
datasets.

Table 6.6: Summaries of mAP obtained using ResNet101 Training Model

Testing
FU 30 FU 22 Hybrid Dataset
FU 30 81.59 41.04 -
=4
i< FU 22 50.68 76.39 -
[4]
= Hybrid Dataset - - 77.87
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In Table 6.7, the model used is YOLOv3. This model is only trained
separately with the FU 30 and FU 22 datasets. The mAP achieved when
trained and tested by the FU 30 dataset is 86.64, while the mAP of 78.54 is
achieved when the model is trained and tested by the FU 22 dataset.

Table 6.7: Summaries of mAP obtained using YOLOv3 Training Model

Training

Testing
FU 30 FU 22 Hybrid Dataset
FU 30 86.64 - -
FU 22 - 78.54 -

Hybrid Dataset - - -

Precision and Recall

This section shows the precision and recall curves obtained with the
experiments performed for all the combinations shown in Table 6.1.

Figure 6.2 shows the results obtained with the models trained and tested
by the FU 30 dataset. The best mAP is 81.59 with the ResNet101 model.
The precision-recall results of all models with the FU 22 dataset are presented
in Figure 6.3. The models are trained and tested by the FU 22 dataset. The
maximum mAP obtained is 78.56 with the Inception model, and the minimum
mMAP obtained is 56.11 with the MobileNet model.

The next set of experiments is performed with the hybrid dataset. The
models are trained and tested using the hybrid dataset. Figure 6.4 shows the
maximum mAP obtained is 80.18 with the Inception model, and the minimum
mMAP obtained is 58.97 with the MobileNet model.

Figure 6.5 shows the results obtained by the models when trained by the
FU 30 dataset and tested by the FU 22 dataset. As expected, the models do not
perform well when trained by the FU 30 data set and tested by the FU 22 data
set. The minimum value of mAP is 39.06, and the maximum is 47.86.

The models are trained by FU 22 and tested by the FU 30 dataset in the
results shown in Figure 6.6. These models perform slightly better than those
trained by the FU 30 dataset. The maximum mAP achieved during these
experiments is 50.68, and the minimum is 38.14. The results show that the
models did not perform well when trained and tested with different FU
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datasets. The main reasons for low accuracy are the dataset environmental
difference, burrow size variation, dataset size, lightning, and image quality.

Figure. 6.7 shows the results obtained by the YOLOv3 model. The model
Is trained by the FU 30 and FU 22 datasets separately. The model performed
exceptionally well in both cases, as the maximum mAP achieved is 86.64 and
78.54, respectively.
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Figure 6.2: Precision-Recall curve obtained using FU 30 dataset (a) PR-curve of MobileNet, (b) PR-curve of Inception, (c) PR-
curve of ResNet50, (d) PR-curve of ResNet101.
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Figure 6.3: Precision-Recall curve obtained using FU 22 dataset (a) PR-curve of MobileNet, (b) PR-curve of Inception, (c) PR-
curve of ResNet50, (d) PR-curve of ResNet101.
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Figure 6.4: Precision-Recall curve obtained using Hybrid dataset (a) PR-curve of MobileNet, (b) PR-curve of Inception, (c) PR-
curve of ResNet50, (d) PR-curve of ResNet101.
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Figure 6.5: Precision-Recall curve obtained using FU 30 dataset [Train] and FU 22 dataset [Test] (a) PR-curve of MobileNet,
(b) PR-curve of Inception, (c) PR-curve of ResNet50, (d) PR-curve of ResNet101.
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Figure 6.7: Precision-Recall curve obtained using YOLOv3 model (a) Train and Test model using FU 30 dataset (b Train and
Test model using FU 22 dataset

Qualitative Analysis

This section analyses the performance of different models on different
datasets qualitatively. The visualization results are from the MobileNet,
Inception, ResNet50, ResNet101 and YOLOv3 models, trained and tested
using a different combination of the FU 30, FU 22 and hybrid datasets.

Figure. 6.8 - 6.12 shows the detections of Nephrops burrows using
MobileNet, Inception, ResNet50, ResNet101 and YOLOv3 models with a
different combination of FU 30 and FU 22 datasets. The green bounding boxes
on the images shown in this section are the TP detections by the trained model.
The blue bounding boxes show the correct ground annotations. The red
bounding boxes are the FP detections of trained models.

Figure. 6.8 (a-e) shows the detections of all the models. These models are
trained and tested using the FU 30 dataset. In this example, the MobileNet
model detects one TP Nephrops burrows while the inception and all other
models correctly detect two.

Figure. 6.9 (a-e) shows the detections on the FU 22 dataset. These models
are trained and tested by the FU 22 dataset. The MobileNet missed two TP
detections. The inception model also missed one detection. However, the
ResNet50 and ResNet101 can detect all four TP detections. Figure 6.9(e)
shows the detections from the YOLOv3 model. Figures 6.8 and 6.9 show more
TP detections with the Inception, ResNet50, and ResNet101 than with the
MobileNet model.
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(a) MobileNet (b) Inception v2

(c) ResNet50 (d) ResNet101

(e) YOLOvV3

Figure 6.8: Nephrops burrows detections with FU30 dataset (a) Detections with MobileNet model, (b) Detections with Inception
model, (c) Detections with ResNet50 model, (d) Detections with ResNet101 model, (e) Detections with YOLOv3 model
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(a) MobileNet

(c) ResNet50 (d) ResNet101

(e) YOLOV3

Figure 6.9: Nephrops burrows detections with FU22 dataset (a) Detections with MobileNet model, (b) Detections with Inception
model, (c) Detections with ResNet50 model, (d) Detections with ResNet101 model, (e) Detections with YOLOv3 model

Figure. 6.10 shows the results obtained by MobileNet, Inception,
ResNet50 and ResNet101 models when trained and tested by the hybrid
dataset. Figure. 6.10 (a) and (b) shows only one TP detection of the FU 30 and
FU 22 dataset with the MobileNet model. Figure 6.10 (c) and (d) show the
results obtained from the Inception model: two TP and two FP detections on
the FU 30 image while three TP detections of burrows on the FU 22 image.
The ResNet50 results are shown in Figure 6.10 (e) and (f). The results show
an improvement in FU 30 detections where there is no FP, and an extra TP is
detected in FU 22 data. The ResNet101 model did not perform very well in

82



Chapter 6: Experiments and Results

the hybrid dataset as it detected two FP and missed two TP in the FU 30 and
FU 22 datasets, respectively.

(a) Inception

(b) Inception

(c) Inception (d) Inception

(e) ResNet50 (f) ResNet50

(g) ResNet101 (h) ResNet101

Figure 6.10: Nephrops burrows detections with Hybrid dataset (a) Detections of FU30 with MobileNet model, (b)
Detections of FU22 with MobileNet model, (c) Detections of FU30 with Inception model, (d) Detections of FU22 with
Inception model, (e) Detections of FU30 with ResNet50 model, (f) Detections of FU22 with ResNet50 model, (g)
Detections of FU30 with ResNet101 model, (h) Detections of FU22 with ResNet101 model,
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Figure. 6.11 shows the results obtained by MobileNet, Inception,
ResNet50 and ResNet101 models when the models are trained by the FU 30
dataset and tested by the FU 22 dataset. Figure. 6.11 (a) and (b) could not
detect any TP from the FU 22 dataset. However, Figure. 6.11 (c), the ResNet50
model can detect one TP with one FP. These models do not perform well as
they are trained on different station datasets. This insight helps us to identify
the differences between datasets and their characteristics, which usually
impact the performance of the models.

(a) MobileNet (b) Inception

(c) ResNet50 (d) ResNet101

Figure 6.11: Nephrops burrows detections trained with FU30 dataset and Tested with FU22 (a) Detections with MobileNet
model, (b) Detections with Inception model, (c) Detections with ResNet50 model, (d) Detections with ResNet101 model

Similarly, Figure. 6.12 shows the results obtained by MobileNet,
Inception, ResNet50 and ResNet101 models when the models are trained by
the FU 22 dataset and tested by the FU 30 dataset. These models performed
well compared to the previous experiments when trained by the FU 30 dataset.
The models can detect the TP in the FU 30 dataset. Figure. 6.12 (a) only
detects one TP with no FP, but the Inception and ResNet50 models in Figure.
6.12 (b) and (c) can detect three TP with one FP. Figure 6.12 (d) detects only
two TP with no FP.
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(a) MobileNet

(b) Inception

(c) ResNet50

(d) ResNet101

Figure 6.12: Nephrops burrows detections trained with FU22 dataset and Tested with FU30 (a)
Detections with MobileNet model, (b) Detections with Inception model, (c) Detections with
ResNet50 model, (d) Detections with ResNet101 model
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6.3. Experiments and Results of Nephrops Burrows Detection Refinement

This section evaluates the results of different experiments performed using the
proposed detection refinement algorithm. The work applies the detection refinement
on the detections from three other models, Inception, ResNet50, and ResNet101, for
training with the Gulf of Cadiz dataset. Each model is trained up to 100k iterations,
and a log is maintained for each 10k iteration for evaluation.

6.3.1. Quantitative Analysis

The quantitative analysis uses an annotated video with a frame rate of 25 fps to
test the Inception, ResNet50, and ResNet101 models. The video is divided into
five temporal segments, each of one minute. Each temporal segment has 1500
frames.

The work records several detections from each temporal segment by all
three models. The detection is then processed through the proposed refinement
algorithm to identify the TP, FP, and missed detections. Table 6.8 shows each
model's results obtained in the 1st temporal segment and their corresponding
improvement by the proposed detection refinement algorithm. The algorithm is
run with W = 8, 12, and 16. In each temporal window, the algorithm is tested
with A = 0.3 and 0.4 and finds out the number of TP, FP, missed detection, and
F1-score (geometric mean of precision and recall metrics) in each minute of the
video. Table 6.18-6.12 shows the ground truth (GT), TP, FP, and missed (Miss)
detections along with the mean values of precision, recall, and F1-score of each
temporal segment. The %Before is the result obtained before applying the STF,
while the %After shows the results obtained using the refinement algorithm.
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Table 6.8: Detections and refinement results of 1st temporal segment

1st Temporal Segment

GT =255 Recall Precision F1-Score
. %Age %Age %Age %Age %Age %Age
W | Lie FP Miss Before After Before After Before After
8 0.3 166 9 13 65.1 70.2 949 952 77.2 80.8
8 0.4 149 26 12 58.4 63.1 85.1 86.1 69.3 72.9
12 0.3 165 10 15 64.7 70.6 943 947 76.7 80.9
Inception
12 0.4 68 107 9 26.7 30.2 38.9 418 316 35.1
16 0.3 163 12 41 63.9 80.0 93.1 944 75.8 86.6
16 0.4 66 109 19 25.9 333 37.7 43.8 30.7 37.9
8 0.3 188 20 31 73.7 859 904 916 81.2 88.7
8 0.4 177 31 20 69.4 77.3 85.1 86.4 76.5 81.6
12 0.3 186 22 43 72.9 89.8 894 91.2 80.3 90.5
ResNet50
12 0.4 110 98 19 43.1 50.6 52.9 56.8 475 53.5
16 0.3 175 33 41 68.6 84.7 84.1 86.7 75.6 85.7
16 0.4 93 115 12 36.5 412 447 477 40.2 442
8 0.3 217 26 24 85.1 945 89.3 90.3 87.1 92.3
8 0.4 164 79 20 64.3 722 675 70.0 65.9 71.0
12 0.3 188 55 28 73.7 847 774 79.7 755 82.1
ResNet101
12 0.4 100 143 18 39.2 46.3 41.2 452 40.2 457
16 0.3 181 62 21 71.0 79.2 745 765 727 77.8
16 0.4 96 147 13 37.6 427 395 426 38.6 42.7
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Table 6.9 shows each model's results obtained in the 2nd temporal
segment and their corresponding improvement by the proposed detection
refinement algorithm. The algorithm is run with W = 8, 12, and 16.

Table 6.9: Detections and refinement results of 2" temporal segment

2nd Temporal Segment

GT =585 Recall Precision F1-Score

%Age %Age %Age %Age %Age %Age

W I Lis FP Miss Before After Before After Before After
8 0.3 398 33 61 68.0 785 923 93.3 783 85.2
8 0.4 324 107 46 55.4 63.2 75.2 776 63.8 69.7

12 0.3 393 38 73 67.2 79.7 912 925 774 85.6

Inception
12 0.4 271 160 41 46.3 53.3 629 66.1 53.3 59.0
16 0.3 393 38 115 67.2 86.8 91.2 930 774 89.8
16 0.4 269 162 68 46.0 576 624 675 53.0 62.2
8 0.3 420 45 105 71.8 89.7 90.3 92.1 80.0 90.9
8 0.4 306 159 85 52.3 66.8 65.8 71.1 583 68.9
12 0.3 404 61 114 69.1 885 86.9 895 770 89.0

ResNet50
12 0.4 241 224 78 41.2 545 518 58.7 459 56.6
16 0.3 363 102 168 62.1 90.8 78.1 839 69.1 87.2
16 0.4 232 233 104 39.7 57.4 499 59.1 442 58.2
8 0.3 441 31 103 75.4 93.0 934 946 834 93.8
8 0.4 433 139 89 74.0 89.2 757 79.0 748 83.8
12 0.3 468 49 103 80.0 97.6 905 92.1 849 94.8

ResNet101

12 0.4 309 263 68 52.8 64.4 54.0 589 534 61.6

16 0.3 415 57 145  70.9 95.7 879 90.8 785 93.2

16 0.4 300 272 89 51.3 66.5 524 58.9 519 62.4
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Table. 6.10 shows each model's results obtained by the 3rd temporal
segment and their corresponding improvement by the proposed detection
refinement algorithm. The algorithm is run with W = 8, 12, and 16.

Table 6.10: Detections and refinement results of 3™ temporal segment

3rd Temporal Segment

GT =480 Recall Precision F1-Score

%Age %Age %Age %Age %Age %Age

W I Lis FP Miss Before After Before After Before After
8 0.3 163 23 45 34.0 433 876 90.0 48.9 58.5
8 0.4 132 54 37 275 352 710 75.8 39.6 48.1

12 0.3 160 26 47 33.3 43.1 86.0 88.8 48.0 58.1

Inception
12 0.4 106 80 30 22.1 283 57.0 63.0 31.8 39.1
16 0.3 159 27 46 33.1 427 855 88.4 47.7 57.6
16 0.4 64 122 28 13.3 19.2 344 430 192 26.5
8 0.3 291 43 87 60.6 788 87.1 89.8 715 83.9
8 0.4 269 65 69 56.0 704 805 839 66.1 76.6
12 0.3 280 54 106 58.3 80.4 83.8 87.7 68.8 83.9

ResNet50
12 0.4 203 131 59 42.3 546 60.8 66.7 49.9 60.0
16 0.3 274 60 114 57.1 80.8 82.0 86.6 67.3 83.6
16 0.4 181 153 55 37.7 49.2 542 60.7 445 54.3
8 0.3 354 40 105 73.8 95.6 89.8 92.0 81.0 93.8
8 0.4 335 59 88 69.8 88.1 85.0 87.8 76.7 87.9
12 0.3 368 46 111 76.7 99.8 88.9 91.2 823 95.3

ResNet101

12 0.4 302 92 64 62.9 76.3 76.6 79.9 691 78.0

16 0.3 325 45 136 67.7 96.0 878 91.1 765 93.5

16 0.4 268 126 79 55.8 723  68.0 734 613 72.8
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Table. 6.11 shows each model's results obtained in the 4th temporal segment
and their corresponding improvement by the proposed detection refinement algorithm.
The algorithm is run with W = 8, 12, and 16.

Table 6.11: Detections and refinement results of 4" temporal segment

4th Temporal Segment

GT =468 Recall Precision F1-Score

%Age %Age %Age %Age %Age %Age

W I Lis FP Miss Before After Before After Before After
8 0.3 304 24 64 65.0 786  92.7 939 764 85.6
8 0.4 280 48 51 59.8 70.7 854 873 704 78.2

12 0.3 296 32 67 63.2 776 90.2 919 744 84.1

Inception
12 0.4 235 93 48 50.2 605 71.6 75.3 59.0 67.1
16 0.3 293 35 72 62.6 78.0 89.3 91.3 736 84.1
16 0.4 206 122 43 44,0 53.2 62.8 67.1 51.8 59.4
8 0.3 330 28 66 70.5 846 922 934 79.9 88.8
8 0.4 284 74 50 60.7 714 793 819 68.8 76.3
12 0.3 327 31 81 69.9 87.2 913 929 79.2 90.0

ResNet50
12 0.4 247 111 50 52.8 63.5 69.0 728 59.8 67.8
16 0.3 325 33 98 69.4 90.4 90.8 928 787 91.6
16 0.4 232 126 49 49.6 60.0 64.8 69.0 56.2 64.2
8 0.3 388 42 50 82.9 93.6 90.2 91.3 86.4 92.4
8 0.4 352 78 37 75.2 83.1 819 83.3 784 83.2
12 0.3 387 43 57 82.7 949  90.0 91.2 86.2 93.0

ResNet101

12 0.4 247 183 38 52.8 609 574 609 55.0 60.9

16 0.3 380 50 61 81.2 942 884 89.8 84.6 92.0

16 0.4 232 198 31 49.6 56.2 54.0 57.0 517 56.6
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Table. 6.12 shows each model's results obtained in the 5th temporal segment
and their corresponding improvement by the proposed detection refinement algorithm.
The algorithm is run with W = 8, 12, and 16.

Table 6.12: Detections and refinement results of 5" temporal segment

5th Temporal Segment

GT =571 Recall Precision F1-Score

%Age %Age %Age %Age %Age %Age

W I Lis FP Miss Before After Before After Before After
8 0.3 349 26 73 61.1 739 931 942 73.8 82.8
8 0.4 265 110 58 46.4 56.6  70.7 746  56.0 64.3
12 0.3 302 73 75 52.9 66.0 805 83.8 63.8 73.8
Inception
12 0.4 219 156 42 38.4 457 58.4 62.6 46.3 52.8
16 0.3 300 75 100 52.5 70.1 80.0 84.2 63.4 76.5
16 0.4 199 176 51 34.9 438 53.1 58.7 421 50.2
8 0.3 390 27 67 68.3 80.0 935 944  78.9 86.6
8 0.4 353 64 50 61.8 706  84.7 86.3 715 77.6
12 0.3 360 57 56 63.0 729 86.3 87.9 729 79.7
ResNet50
12 0.4 268 149 33 46.9 52.7 64.3 66.9 54.3 59.0
16 0.3 358 59 85 62.7 776 859 88.2 725 82.6
16 0.4 224 193 40 39.2 46.2  53.7 57.8 453 51.4
8 0.3 494 41 54 86.5 96.0 923 93.0 89.3 94.5
8 0.4 436 99 28 76.4 81.3 815 824 78.8 81.8
12 0.3 463 72 41 81.1 88.3 86.5 875 837 87.9
ResNet101
12 0.4 309 226 21 54.1 578 57.8 59.4 559 58.6
16 0.3 453 82 58 79.3 89.5 847 86.2 819 87.8
16 0.4 258 277 16 45.2 48.0 48.2 49.7  46.7 48.8
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Table 6.13 shows the accumulative ground truth (GT), TP, FP, and missed (Miss)
detections along with the mean values of precision, recall, and F1-score of each temporal
segment. The %Before is the result obtained before applying the STF, while the %After
shows the results obtained using the refinement algorithm. Table 6.13 shows that
ResNet101 gives the best F1-score in the five temporal segments, followed by ResNet50
and Inception. A small loU value of 0.3 was better than 0.4 in terms of precision, recall,
and F1-score values because the area surrounding burrows is sometimes not well defined
for all three models. The effect of window size W shows a trend of better results for
smaller values (mostly, W = 8 is better than W =12 and W = 16).

Table 6.13: Detections of all temporal segments with refinements. Detections are refined using W =8, 12, and 16 with 1 =

0.3 and 0.4. The refined detection shows total number of TP, FP, and missed detections and F1-score.

GT =2359 Recall Precision F1-Score
. %Age %Age %Age %Age %Age  %Age
W L A Miss Before After Before After Before  After
8 0.3 1380 115 256 585 69.4 92.3 93.4 71.6 79.6
8 0.4 1150 345 204  48.7 57.4 76.9 79.7 59.7 66.7
12 0.3 1316 179 277 55.8 67.5 88.0 89.9 68.3 77.1
Inception
12 04 899 596 170 38.1 45.3 60.1 64.2 46.7 53.1
16 0.3 1308 187 374 554 71.3 87.5 90.0 67.9 79.6
16 04 804 691 209 34.1 42.9 53.8 59.4 41.7 49.9
8 0.3 1619 163 356 68.6 90.6 90.9 92.9 78.2 91.8
8 0.4 1389 393 274  58.9 87.2 77.9 84.0 67.1 85.5
12 0.3 1557 225 400 66.0 92.5 87.4 90.7 75.2 91.6
ResNet50
12 04 1069 713 239 453 85.7 60.0 73.9 51.6 79.4
16 0.3 1495 287 506 63.4 97.0 83.9 88.9 72.2 92.7
16 04 962 820 260 40.8 86.6 54.0 71.3 46.5 78.2
8 0.3 1894 180 336 80.3 94.5 91.3 92.5 85.5 93.5
8 0.4 1720 454 262 729 84.0 79.1 81.4 75.9 82.7
12 0.3 1874 265 340 794 93.9 87.6 89.3 83.3 91.5
ResNet101
12 04 1267 907 209 537 62.6 58.3 61.9 55.9 62.3
16 0.3 1754 296 421 744 92.2 85.6 88.0 79.6 90.1
16 04 1154 1020 228 48.9 58.6 53.1 57.5 50.9 58.1
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After applying the detection refinement algorithm, the work performed
experiments to determine the accuracy using mean average precision (mAP). Two
different image sets are selected from the third (image set 1) and fifth (image set 2)
temporal segments. Each set consists of almost 200 images. Table 6.14 shows the
definition of experiments performed.

Table 6.14: Experiments definition for detection refinement.

Experiment Model Testing Set
Experiment 1 Inception Image set 1
Experiment 2 ResNet50 Image set 1
Experiment 3 ResNet101 Image set 1
Experiment 4 Inception Image set 2
Experiment 5 ResNet50 Image set 2
Experiment 6 ResNet101 Image set 2

Figures 6.13 — 6.18. shows the results of the first three experiments performed
on image set 1. The graphs show the results of detections with and without applying
the detection refinement algorithm. Results clearly show that the mAP increases after
using the refinement algorithm. Figure 6.13 shows the detections from the Inception
model and their refinement. Figure. 6.14. shows the detections from the ResNet50
model and their refinement, while Figure. 6.15 shows the detections from the
ResNet101 model and their refinement.
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Figure 6.13: Experiment performed with image set 1 show mean average precision (mAP) of detection
refinement with Inception model.
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Figure 6.14: Experiment performed with image set 1 show mean average precision (mAP) of detection
refinement with ResNet50 model.
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Figure 6. 15: Experiment performed with image set 1 show mean average precision (mAP) of detection
refinement with ResNet101 model.

Figures 6.16-6.18. are the results of experiments 4, 5 and 6 performed on image
set 2. The graphs show the results of detections with and without applying the detection
refinement algorithm. Results clearly show that the mAP increases after using the
refinement algorithm. Figure 6.16 shows the detections from the Inception model and
their refinement. Figure 6.17 shows the detections from the ResNet50 model and their
refinement. In contrast, Figure 6.18 shows the detections from the ResNet101 model
and their refinement.
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Figure 6. 16: Experiment performed with image set 2 shows mean average precision (mAP) of detection
refinement with Inception model.
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Figure 6.17: Experiment performed with image set 2 shows mean average precision (mAP) of detection
refinement with ResNet50 model.
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Figure 6.18: Experiment performed with image set 2 show mean average precision (mAP) of detection
refinement with ResNet101 model.

Image set 1 result shows a higher improvement in mAP after applying the

proposed refinement algorithm compared to Image set 2 results, where some
improvement is also achieved, partly because Image set 1 obtained a lower mAP before
the refinement. Image set 2 is better quality than the images in Image set 1 because of
the better appearance of burrows and fewer camera movement artefacts. This suggests
that mAP is quite sensitive to video quality and that the proposed refinement algorithm
somewhat compensates for this.

6.3.2. Qualitative Analysis

In this section, the performance of the proposed detection refinement
algorithm is analyzed qualitatively by applying it to the results obtained
from the Inception, ResNet50, and ResNet1l01 models. The red
bounding boxes on the images shown in this section are the original
detections obtained from the models; green bounding boxes are the
recovered missed detections after applying the refinement algorithm,
and ground truth data are marked with blue bounding boxes.

Figure. 6.19 shows a typical example of suppression of FP from
the detections obtained from the Inception model. Figure 6.19 (a—)
shows three frames where all burrows’ entrances are detected correctly.
However, some FP detections are also obtained yet are suppressed by
our proposed algorithm, resulting in a correct detection, shown in Figure
6.19 (d-f).
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Figure 6.19: False positive suppression using detection refinement algorithm (a—c) are the ground truth (blue color bounding
boxes), and original detections from the Inception model (red color bounding boxes) (d—f) are the refined detections.

A second rectification performed by the proposed detection refinement
algorithm is the identification of missed detections. Figure 6.20 shows an
example of six consecutive frames before (a—f) and after (g-1) the application
of this algorithm. Figure 6.20 (a) shows two Nephrops burrows detections but
missed one detection in (b), (c), (d), and (e), which is correctly rectified by the
algorithm, as it is shown in the corresponding images (h), (i), (j), and (k). It can
also be shown that ground truth annotations contain a third object in Figure 6.20
(d, ), which is correctly detected by the models but is not shown in Figure 6.20
(a—c, e), possibly due to the viewing angle of some frames. However, the
identification of missed detections has a good impact on improving the accuracy
and precision of the results. A similar approach is followed to rectify the
detections from the ResNet50 and ResNet101 models.
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Figure 6. 20: Identification of true positive missed detections. Panels (a—f) are the original detections from the Inception model,
and (g-1) are the identification of missed detections in the consecutive frames.
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6.4.Experiments and Results of Nephrops Burrows Tracking and Counting

This section evaluated the results of different experiments performed with tracking and
counting Nephrops burrows. The burrows tracking and counting algorithm is applied
to the FU30 dataset. The YOLOv3 model is used and trained with the FU 30 dataset for
object detection. The model is trained up to 100k iterations, and a log is maintained for
each 10k iteration for evaluation.

Before applying the proposed tracking algorithm, the work applies multiple
OpenCV tracking algorithms to track and count the burrows. The OpenCV tracking
algorithms are Boostig tracker, MIL, KCF, TLD, MedianFLow, MOSSE and CSRT.
For experimentation. a nine-minute video from the FU 30 station is used. The video is
divided into nine temporal segments of one minute each. Each minute is evaluated
separately and experimented with the tracker mentioned above and later with the
proposed tracking and counting algorithm. The results are presented quantitatively and
qualitatively.

6.4.1. Quantitative Analysis

The quantitative analysis divides an annotated video with a frame rate of 25 fps
into nine temporal segments. Each segment is used for the detection and
counting of burrows. The detection and tracking algorithms run together to find
the unique number of burrows in each temporal segment separately. The work
recorded several detections from each temporal segment by YOLOv3. The
detection is then processed through the proposed tracking and counting
algorithm to identify unique burrows. The algorithm will count the number of
burrows after each temporal segment. Table 6.15 shows the complete results of
each temporal segment. The results show the tracking and counting with the
frame number of each burrow detected. Here, the work does not consider FP
detections. The aim is to test the proposed algorithm on the TP tracking and
counting of Nephrops burrows.
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Table 6.15: Details of each burrow count framewise distribution in the proposed temporal segments.

Temporal Burrow Count Proposed Tracking and Counting C':I' ol
Segments (Ground truth) ount

_ Frame No 161 | 362 | 464 | 624 | 676 | 1040 | 1050 | 1440 | - - - 0
RF09_Minl 10 Burrow Count 1 2 2 1 1 1 1 1 - - -

_ Frame No 92 | 114 | 210 | 230 | 290 | 309 | 360 | 393 | 502 | 1020 | 1070 "
RF09_Min2 16 Burrow Count 1 1 3 2 2 2 1 1 1 1

_ Frame No 180 | 350 | 421 | 576 | 675 | 1154 | 1450 | - - - 1
RFO9_Min3 1 Burrow Count 1 1 1 1 2 3 1 - -

_ Frame No 160 | 410 | 810 | 996 | 1102 | 1165 | 1349 | 1390 | - - - ;
RF09_Min4 ° Burrow Count 1 1 1 2 1 1 1 1 - - -

_ Frame No 224 | 290 | 776 | 870 | 940 | 1130 | 1230 | 1250 | 1270 | 1315 | - "
RFO9_Min5 14 Burrow Count 1 2 2 1 1 1 2 1 1 2 -

_ Frame No 320 | 510 | 630 | 665 | 718 | 730 | 1097 | 1111 | 1460 | - - 0
RF09_Min6 10 Burrow Count 1 1 1 2 1 1 1 1 1 - -

_ Frame No 460 | 539 | 775 | 805 | 825 | 856 | 900 | 920 | 1035 | 1225 | 1400 1
RF09_Min7 13 Burrow Count 1 1 2 1 1 1 1 2 1 1 1

_ Frame No 76 | 274 | 320 | 657 | 885 | 1360 | - - - - - 5
RF09_Ming 6 Burrow Count 1 1 1 1 1 1 - - - - -

_ Frame No 49 | 66 | 454 | 466 | 484 | 516 | 760 | 780 | 793 | 830 | 1335 "
RF09_Min9 18 Burrow Count 1 2 1 1 3 2 1 2 3 1 1
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6.4.2. Qualitative Analysis

This section measures the performance of the proposed tracking and counting
algorithm qualitatively. The blue bounding boxes on the images in this section
are the original detections obtained from the models with the tracking in
consecutive frames.

Figure 6.21 shows the identification, tracking and counting of a
Nephrops burrow in some consecutive frames. These frames are extracted from
the ‘RF09 Minl’ temporal segment. The figure shows the detection in frame
one, and the proposed tracking algorithm also starts tracking the burrow. The
burrow is detected in subsequent consecutive frames, and the tracking module
tracks the burrow based on spatial and temporal analysis. The figure shows eight
different frames from the first fifty frames to show how the tracking algorithm
works and counting the burrow. The burrow counts are not increasing as the
same burrow is identified and tracked in each frame. Hence, the proposed work
can count the number of unique Nephrops burrows in a video frame.

Frame=1 Count=1 Frame=7 Count=1 Frame=14 Count=1 Frame=21 Count=1
Frame=28 Count=1 Frame=35 Count=1 Frame=42 Count=1 Frame=49 Count=1

Figure 6.21: Nephrops burrows count in temporal segment 1 on the consecutive’s frames.
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Figure 6.22 also shows a similar result as discussed in the previous
example. These frames are extracted from the ‘RF09 Min3’ temporal segment.
The figure shows eight consecutive frames from the input video. The burrow is
detected and tracked in each frame until it disappears from the visibility
window. Each frame detects the burrow with a different confidence value and
size. This is the main reason for the failure of a known tracking algorithm. The
proposed spatial-temporal tracking algorithm tracks the burrow based on their
spatial intersection values. As the figure shows, the detected burrows bounding
boxes are different in size in each frame, but the algorithm can track them and
count them as one burrow.

Frame=175 Count=1 Frame=179 Count=1 Frame=183 Count=1 Frame=191 Count=1

|

Frame=196 Count=1 Frame=202 Count=1 Frame=208 Count=1 Frame=214 Count=1

Figure 6.22: Nephrops burrows count in temporal segment 3 on the consecutive’s frames.

Figure 6.23 shows the tracking results from the Boosting tracking
algorithm. The results clearly show that the algorithm is tracking well in the
first few frames, but as the camera starts moving, the algorithm loses the
tracking and tracks some other parts of the frame. This leads to an inaccurate
count of burrows.

Figure 6.23: Nephrops burrows count in temporal segment 3 on the consecutive’s frames.
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Similarly, Figure 6.24 shows the results from the CSRT tracking
algorithm. The burrows are tracking fine in the initial few frames. After that,
the tracking algorithm lost its position and coordinates. The last four frames in
the figure show the burrow's wrong tracking. CSRT is less effective than the
boosting algorithm.

Figure 6.24: Nephrops burrows count using CSRT tracking algorithm.

Figure 6.25 shows the KCF tracking algorithm results. KCF lost the
burrow information and his tracking, leading to the wrong count of burrows. In
the later frames, the algorithm continuously tracked the burrow at the bottom of
the window.

Figure 6.25: Nephrops burrows count using KCF tracking algorithm.
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The median flow tracking algorithm shows promising results but loses
the information in the later frames as other OpenCV tracking algorithms do.
Figure 6.26 shows the tracking results obtained by the median flow tracking
algorithm.

Figure 6.26: Nephrops burrows count using Median flow tracking algorithm.

The MIL tracking algorithm runs perfectly fine until the Nephrops
burrow is visually present on the frames, but it loses the information and maps
the tracking to the wrong place. Figure 6.27 shows the MIL tracking algorithm
results.

Figure 6.27: Nephrops burrows count using MIL tracking algorithm.
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The Mosse tracking algorithm lost the information of the Nephrops
burrow at the initial and lost the tracking. The figure below shows the results of
the Mosse tracking algorithm.

Figure 6.28: Nephrops burrows count using Mosse tracking algorithm.

Finally, the TLD tracking algorithm is applied to the same data. This
algorithm cannot track the burrows properly from the initial frames, leading to
an inaccurate count. Figure 6.29 shows the results of the TLD tracking
algorithm

/ /
. [ / -

Figure 6.29: Nephrops burrows count using TLD tracking algorithm.
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Chapter 7: Conclusion and Future
Work

‘Our imagination is the only limit to what we can hope to have in the future’

Charles F. Kettering

7.1. Conclusions

Problems faced by marine scientists during the assessment of Nephrops norvegicus
species during underwater TV surveys have been addressed in this thesis. One of the
main contributions of the work has been the study of the behavior of deep learning
algorithms on the complex underwater dataset of different FUs.

Currently, the Nephrops data are collected through the UWTYV surveys and are
reviewed manually by trained experts. Many of the data were difficult to process due
to complex environmental conditions. Burrows systems are quantified following the
protocol established by ICES. The image data (which refers to video or still data) for
each station is reviewed independently by at least two experts, and the counts are
recorded for each minute onto the log sheet records. Each row of the log sheet records
the minute, the number of burrows system count, and the time stamp. Count data are
screened to check for any unusual discrepancies using Lin’s Concordance Correlation
Coefficient (CCC) with a threshold of 0.5. Lin’s CCC measures the ability of counters
to precisely reproduce each other’s counts on a scale of 0.5 to 1, where 1 is perfect
concordance. Only stations with a threshold lower than 0.5 were reviewed again by the
experts.

Our first contribution is to develop the dataset for the deep learning models. No
such dataset exists that someone can use to validate the results. The data is collected
from their yearly underwater surveys from FU 30 and FU 22 stations. After many
revisions, the current work selected a few videos for annotation (the videos are selected
with Marine experts based on the Nephrops burrows densities). The annotation process
for Nephrops burrows is quite complex and one of the most time-consuming and
sensitive jobs finished in many months. The work started with initial training about
burrows from Marine experts before annotating. For annotation, the Microsoft VOTT
image annotation tool is used. The Marine expert validates each annotation before
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adding it to the dataset. This process took a long time as confirming every annotation
is time-consuming and sensitive. After validating each annotation, a curated dataset is
used for training and testing the model.

Different types of deep learning-based models have been finetuned and applied to
the created dataset of FU 22 and FU 30. The work proposed five different neural
networks, including MobileNet, Inception, ResNet50, ResNet101 and YOLOv3, for
detecting Nephrops burrows. The work used transfer learning and finetuned these
models for better accuracy. All the models are trained and tested with the different
combinations of datasets. A complete methodology is proposed for automatically
detecting Nephrops burrows using deep learning models. This work makes a significant
advancement for all the groups working on the Nephrops norvegicus counting for stock
assessment, where it is shown to detect and accurately count the Nephrops burrows
automatically. Our results prove that deep learning algorithms are a valuable and
effective strategy to help marine science experts assess the abundance of Nephrops
norvegicus species when underwater video/image surveys are carried out yearly,
following ICES recommendations. The automatic detection algorithms could replace
the tedious and sometimes tricky manual and human review of data, which is nowadays
the standard procedure, with the promise of better accuracy, coverage of more
significant areas in sampling and higher consistency in the assessment.

Deep learning algorithms performed very well on the FU 22 and FU 30 datasets in
identifying the burrows of Nephrops norvegicus. However, due to the complex nature
of the underwater environment, generic CNN-based object detectors still face
challenges in underwater object detection. These challenges include image blurring,
texture distortion, color shift, and scale variation, which result in low precision and
recall rates. To tackle this challenge, this thesis contributes by developing a Novel
Detection Refinement Technique for Accurate Identification of Nephrops norvegicus
burrows. The proposed technique is based on each detection's spatial-temporal value.
The work detected the burrows in each frame in a video sequence and then obtained the
spatial and temporal information across the multiple frames to refine the Nephrops
burrows detections. The proposed algorithm helped suppress the FP burrows. It allowed
us to find the missed TP detection, achieving better accuracy and tracking and counting
burrows in a video sequence. When integrated with any detector, the proposed method
consistently increased the performance. The performance was calculated using mAP.
This mechanism helps marine science experts in the assessment of the abundance of
this species.

Finally, another contribution lies in the tracking and counting of Nephrops burrows.
Multiple OpenCV tracking algorithms are applied to track and count the burrows, but
due to three significant challenges, these tracking algorithms fail to track the Nephrops
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burrow. The first challenge is the camera's movement; our objects are not moving, but
the camera is moving in the forward direction, leaving the object behind. The second
challenge is the characteristics and size of burrows that are not fixed, and each new
burrow can vary in size and other characteristics. The third challenge is the
angle/opening of the burrow. Each burrow opening can vary in direction, and the angle
of the burrow can also change due to these challenges. The traditional object-tracking
mechanism is not very effective. We proposed the tracking and counting of Nephrops
burrows using the spatial-temporal values of each burrow. The proposed spatial-
temporal technique tracks each burrow based on its spatial and temporal values and
counts the unique burrows. The unique burrows are counted using the intersection
values of detected burrows in consecutive frames.

From an experimental point of view, our contribution lies in comparing Nephrops
burrows detection with different models, the deep analytics and application of detection
refinement algorithm by calculating the precision, recall and F1 score, and the
comparison of the proposed tracking algorithm is also compared with the OpenCV
tracking algorithms. All these experiments were performed for the different
combinations of datasets and different levels of parameters. Results show that our
approach has better results regarding Nephrops burrows detections, refinements,
tracking and counting of Nephrops burrows.

7.2. Future work

Many adaptations, tests, and experiments have been left for the future due to lack
of time and data (i.e. the experiments with accurate data are usually very time-
consuming, and each data needs cross-validation from the Marine experts). Future work
concerns deeper analysis of data and Nephrops systems.

In future work, the plan is to use a more extensive curated dataset from FU 22 and
FU 30 areas with expert annotations to improve the training of the Deep Learning
network and validate the algorithm with data from other regions, which usually shows
different habitats and relation with other marine species, and in image processing point
of view, also differences in image quality, video acquisition procedures, and
background textures. At the same time, detection accuracy could be obtained using
more dense object detection models and novel architectures. Also, | will use diverse
datasets from UWTYV surveys conducted in other Nephrops stocks in other countries.

The following areas could be explored in this study:
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e Build a semi-auto annotation tool for Nephrops burrows that helps the Marine
scientists in the UWTYV survey to count and prepare the dataset for deep
learning analysis.

e Explore the mechanism to identify and measure the size of individual
Nephrops burrow entrances.

e Propose a solution to identify the Nephrops burrow systems from already
identified burrows.

e Correlate the Nephrops burrow systems with each other to identify the number
of complexes/systems.
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