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Abstract

The existence of whales and dolphins serves as a key sign of the well-being of the marine environment of that area. It is
imperative to undertake research and conservation initiatives to safeguard these marine mammals and their ecosystem.
This guarantees their persistence for the well-being of future generations. In recent years, marine surveys conducted in
Fujairah offshore waters have generated valuable data concerning the distribution of cetacean species. Notably, common
Bottlenose dolphins (Tursiops truncatus) and Risso's dolphins (Grampus griseus) have emerged as prevalent species in the
region. These data hold significant information that is useful in species identification and its habitat loss mitigation efforts.
Computer vision offers an efficient solution for analysing and interpreting vast visual data compared to of the manual
detection methods. Therefore, the primary objective of this study is to assess and contrast the efficacy of you only look once
version 7 (YOLOv7) and you only look once version 8 (YOLOV8) models in the identification of cetacean species. The
findings indicate that both models exhibit strong performance in identifying and categorizing the desired species.
Specifically, YOLOv8 demonstrates a slightly superior precision rate of 91.6% compared to YOLOv7. Additionally, YOLOv8
exhibits improved recall (92.5%) and mean average precision (mAP) of 95.9%. The improved performance of YOLOVS8 can
be attributed to its comprehensive feature map and optimised convolutional network, combined with a novel backbone
network.
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1.Introduction

The Fujairah offshore water, which is situated within
the Gulf of Oman in the United Arab Emirates, is well-
known for its rich and diverse marine ecosystem. This
area is home to more than 11 distinct species of
cetaceans, making it a significant hub of cetacean
biodiversity [1]. The presence of whales and dolphins
in this region is a significant indicator of a healthy
marine ecosystem [2]. Research and conservation
efforts are crucial to protect these magnificent
creatures and their habitats, ensuring their survival for
future generations to appreciate and thrive.

The species Tursiops truncatus, also known as
Bottlenose dolphins, is very prevalent in the offshore
waters of Fujairah [1].
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These dolphins play a crucial role in fostering the
richness of marine animals in this location. It has been
observed that common Bottlenose dolphins
occasionally form social groups that consist of many
species, including Risso's dolphins (Grampus griseus)
[3-7]. Moreover, this specie is known for its light grey
to black dorsally with a light belly [8]. Additionally,
their dorsal fins are characterized by a falcate shape
and a broad base [8]. The warm temperature and
abundant food sources in the waters of Fujairah make
it an ideal habitat for these dolphins. Risso's dolphins
(Grampus griseus) are frequently observed in the
waters of Fujairah, a region known for its rich marine
biodiversity. These dolphins are easily recognizable
due to their unique physical characteristics, including
a robust body shape, a large dorsal fin, and a prominent
melon on their forehead, these dolphins may have
white or pink patches on their undersides, which are
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attributed to their interactions with conspecifics [9].
They also exhibit specific behavioral patterns, such as
leaping out of the water and riding the bow waves
created by boats. The ecological significance of
Risso's dolphins lies in their role as top predators in the
marine ecosystem. They primarily feed on squid,
which helps to regulate the population of these
cephalopods and maintain a balanced food web.
Additionally, their presence in Fujairah's waters
indicates a healthy and thriving marine environment,
as these dolphins are known to prefer areas with
abundant [1]. Furthermore, their skin often bears
numerous scars and scratches, further attesting to their
engagement with other dolphins [9]. The exponential
increase in anthropogenic marine activities has
resulted in oceans becoming increasingly crowded
with vessels. This surge poses significant challenges
for the management, protection, and conservation of
marine mammal biodiversity. Accurate species
identification and consistent monitoring of marine life
and ecosystems are paramount to addressing these
challenges effectively. However, the diverse nature of
marine mammals complicates their classification,
presenting a formidable obstacle in our efforts to
safeguard their populations and habitats. In Fujairah,
various measures are being undertaken to monitor and
protect the well-being of marine animals. Manual
identification of dolphins is a tedious task that requires
expert vision and significant labour. Despite the effort,
there are still chances of errors or missed
identifications due to human limitations. Utilizing
computer vision can be an optimal solution, offering
robust and accurate identification of dolphins.

Computer vision is a new technology in the artificial
intelligence (Al) field that focuses on the identification
of objects and the extraction and evaluation of
quantitative data from digital images [10]. It has been
widely applied across several disciplines for various
purposes, including marine ecosystems [11].
Computer vision systems can process large volumes of
data quickly, consistently apply identification criteria
without fatigue, and learn to improve accuracy over
time with machine learning techniques. Marine
applications and studies pertaining to computer vision
encompass the utilization of visual data analysis
techniques for the purpose of animal detection,
classification, tracking, and segmentation. These
techniques are specifically applied to organisms found
in marine environments, including but not limited to
plankton, fish, prawns, oysters, marine mammals, and
pollution [11]. This technological approach not only
enhances efficiency but also minimizes the likelihood
of errors, leading to more reliable and scalable dolphin
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identification. In this research, our attention is directed
towards the utilization of computer vision techniques
in the classification of images depicting common
Bottlenose dolphins and Risso's dolphins. The study
focuses on the significance of species identification in
the context of mitigating habitat loss. To achieve this
objective, computer vision techniques, specifically
you only look once version 7 (YOLOvV7) and you only
look once version 8 (YOLOvV8) models, are employed
for the purpose of identifying common Bottlenose
dolphins and Risso's dolphins through image analysis.
Our focus is on how well several versions of you only
look once (YOLO) models (YOLOv7 and YOLOV8)
perform in terms of classification accuracy when
trained on a labelled photo set. Furthermore, in order
to evaluate the precision levels of these models and
make a comparison of their effectiveness in
identifying dolphin species.

Computer vision on dolphin image data introduces
many challenges which, if not considered, can affect
its application, the challenges include:

1. Many researchers train models using a large
number of labelled photo set [12-14] However,
training a large photo set is impractical for the
majority of smaller-scale research projects like
Fujairah dolphins’ project.

2. Environmental challenges include varying weather
conditions in the photographs, such as heavy rain or
harsh lighting/shadows. One possible solution to
alleviate these concerns is consider the photo taken
during optimal weather conditions to Obtain high-
quality datasets, that optimize the YOLOv7 and
YOLOvV8 modules for accurate classification and
addressing real-time processing constraints [15].

The YOLO algorithm is widely acknowledged in the
field of computer vision as a highly efficient object
detection model. It has garnered significant attention
and popularity due to its exceptional performance in
accurately identifying objects within an image. The
algorithm is particularly renowned for its remarkable
inference speed and impressive accuracy [16, 17].
YOLO is available in eight versions, with the most
recent being YOLOVS8. A new feature in YOLOV7,
spatially adaptive denormalization (SPADE) enables
the model to modify the normalisation parameters for
each feature map, thereby increasing the model's
robustness to varying lightening conditions [17, 18].
The YOLOv8 model was specifically developed to
incorporate the most efficient characteristics from
various real-time object detection algorithms. Its
purpose is to seamlessly work with and transition
between all iterations of the YOLO framework. This
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allows researchers engaged in YOLO projects to easily
assess and compare the performance of their models
[19]. For the following reasons, YOLOVS is the most
extensively used real-time object detector: (a) a
lightweight network architecture; (b) efficient feature
fusion techniques; and (c) more precise detection
outcomes [19].

Based on the importance of species identification in
habitat loss mitigation efforts, The study aims to utilise
computer vision techniques, specifically YOLOv7 and
YOLOV8 models, to identify common Bottlenose
dolphins and Risso's dolphins based on image
analysis. Moreover, to assess the accuracy levels of
these models and compare their performance in
dolphin species identification.

The contribution of this study lies in the assessment
and comparison of the YOLOv7 and YOLOv8 models
for identifying and categorizing common Bottlenose
dolphins and Risso's dolphins in the Fujairah offshore
waters. The findings demonstrate that both models
perform well, with YOLOvV8 showing slightly superior
precision, recall(R), and mean average precision
(mAP). The study highlights the importance of
utilizing advanced object detection models like
YOLOV8 in marine surveys, specifically for real-time
applications, due to its accelerated detection speed
without compromising accuracy. The emphasis on
practical implementation and the acknowledgment of
YOLOvV8's suitability for habitat loss mitigation
indicate a valuable step forward in leveraging
technology for marine species identification. Next,
section 2 provides a comprehensive literature review.
Then, section 3 explores into the dataset and research
methods adopted to carry out the study. Section 4
presents the results of this work, followed by a
discussion of the investigated contents in section 5.
Finally, the paper draws the main concluding remarks,
and future research possibilities.

2. Literature review

Marine mammals exhibit a global distribution,
inhabiting both coastal and offshore waters [20, 21].
This taxonomic group encompasses several species
such as whales, dolphins, seals, and sea lions [22]. The
substantial rise in human marine activities has led to
our oceans being densely populated with vessels.
These vessels can be detected from distances
extending up to 20 kilometres. Previous studies have
revealed that this intense presence of vessels has a
profound impact on the behaviour of marine animals,
with dolphins being especially affected. The constant
activity and movement of these ships create an
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environment where the natural behaviours of these
creatures are disrupted, leading to changes in their
communication, navigation, and social interactions.
The long-term consequences of this pervasive human
presence in marine habitats highlight the need for
further research and potential measures to mitigate
these effects on marine life [23]. In order to effectively
manage, protect, and mitigate the decrease in marine
mammal biodiversity, it is important to accurately
identify the species and consistently monitor the
marine life and ecosystem [24].

A recent study off the coast of Fujairah, in the Gulf of
Oman, has revealed a rich diversity of cetaceans with
11 or more species now known to occur in the emirate
[1]. The diversity of marine mammals makes their
classification a challenge [24].

Understanding the impact of environmental and
biological factors on species’ habitat use is crucial for
conservation efforts. In the context of dolphin
research, the utilization of machine learning
techniques has emerged as a valuable tool for
identification and detection tasks. A notable study
focusing on the common Bottlenose dolphins
(Tursiops truncatus) in the Western Ligurian Sea
exemplifies this trend [25]. Despite the frequent
presence of these dolphins in the region, their
distribution, habitat preferences, and social dynamics
remain inadequately understood. This investigation
aimed to address these knowledge gaps by examining
the spatial distribution and habitat partitioning across
different age classes of dolphins. To model the
distribution of each group type, researchers employed
an ensemble modelling approach known as BIOMOD.
This approach underscores the efficacy of machine
learning  methodologies, particularly  ensemble
modelling, in providing valuable insights into dolphin
behaviour and habitat utilization [25]. The availability
of vast image collections using camera traps and
crowdsourcing offers unique opportunities for the
monitoring and conservation of wildlife. This
development underscores the need for automated
methods to analyse these images, particularly for the
purpose of re-identifying individual animals. Current
techniques for re-identification typically rely on two
main approaches: manually crafted local features and
end-to-end learning of fur pattern similarities.
Manually crafted features do not require labelled
training data, making them useful in scenarios where
such data is scarce. On the other hand, end-to-end
learning methods, although requiring a substantial
amount of labelled data, tend to deliver superior
performance when enough training data is accessible.



Fawaghy Alhashmi et al.

The balance between these two approaches depends on
the availability of labelled data and the specific
requirements of the monitoring and conservation tasks
at hand. This highlights the importance of continued
research and development in automated image
analysis methods to enhance wildlife conservation
efforts [26].

Deep learning models are more suitable for image
detection and extraction in challenging environments,
as well as the ability to work with a larger amount of
data at the same time [16]. Researchers have recently
introduced a content-based image retrieval (CBIR)
inspired pipeline for identifying individual animals,
named aggregated local features for Re-Identification
(ALFRE-ID). This approach incorporates
interchangeable learned local features, feature
aggregation, and feature embeddings to overcome the
limitations of existing methods, particularly when
dealing with small, labelled datasets [26]. In the field
of computer vision, the YOLO model has garnered
considerable attention. Researchers have enhanced
and added new elements to the architecture, leading to
the creation of several traditional models. YOLOV7 is
an object detection algorithm, that achieved the
highest accuracy among all other real-time object
detection models. A study by Kuhlane and the team
shows that YOLOvV7 outperforms YOLOX, Scaled-
YOLOv7, YOLOv5, DeEtection TRansformer
(DETR), vision transformer adapter (ViT Adapter-B),
and many more object detection algorithms in speed
and accuracy by 2% higher accuracy at a dramatically
increased inference speed (509% faster). Released by
Ultralytics in 2023, YOLOv8 marks a significant
advancement in this evolution. Compared to earlier
versions like YOLOV5 and YOLOv7, YOLOVS8 sets
the benchmark for detection accuracy. The network
architecture of YOLOV8 comprises three main
components: the neck, backbone, and head [27].

YOLOv8 incorporates the most efficient
characteristics from many real-time object detectors. It
is specifically built to be compatible with and
seamlessly transition between all versions of YOLO.
This allows researchers working on YOLO projects to
simply compare their performance [19].

One of the studies introduced a new real-world
environmental dataset as a benchmark suit consisting
of two large-scale datasets, DeepFish and OzFish. To
address the shortcomings of YOLOV3, the paper offers
a strong fish detection model that was trained on the
combined dataset. However, the module is unable to
process the feature information of small objects in the
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dataset during training and is unable to distinguish fish
in the test from a complex sea background. In the
study, YOLOv1 and YOLOvV2 was able to detect fish
in unrestricted real-world marine environments with
an average precision of 76.56% and 75.70%,
respectively [28].

An underwater fish detection system utilizing deep
convolutional neural networks (CNNs) was presented
in one of the studies by a group of researchers [29].
YOLOv3 was one of the CNNs used in this system.
The study’s primary contribution was the proposal of
an automated underwater fish detection system for use
in underwater photos and videos. The system was
trained and assessed by the authors using a dataset of
photos and videos of fish. The study's method for
identifying fish in underwater photos and videos
demonstrated excellent real-time performance and
accuracy. Additionally, YOLOv3 was found to
outperform other cutting-edge object detection
techniques in terms of both accuracy and
computational efficiency in a comparison conducted
in the research.

Using underwater videos and the YOLOv2 object
detection algorithm, Wang and the team described a
real-time fish tracking and detection method [30].
YOLOv2 was pre-trained using a dataset of annotated
fish photos, and it was subsequently refined using a
dataset of underwater video frames. The model
demonstrated a high degree of accuracy in fish
detection and tracking when the authors assessed its
performance on a test dataset of underwater videos.
Because the model could operate in real-time on a
standard computer, it could be applied to a variety of
underwater tasks, including behaviour research and
fish population monitoring [30].

The overall literature review underscores the
disruptive impact of increased vessel activity on
marine mammals, particularly dolphins, highlighting
the need for effective mitigation strategies. Although
significant advancements in species identification and
ecosystem monitoring have been achieved using
machine learning techniques like CBIR, ALFRE-ID,
DETR, CNN, and earlier versions of YOLO, there
remain gaps in understanding the detailed habitat
preferences and social dynamics of dolphins. This
study aims to utilize the latest versions of YOLO,
specifically YOLOv7 and YOLOVS, to address these
gaps. By employing these advanced models, the
research seeks to enhance the accuracy and
comprehensiveness of dolphin identification, which
later may help in providing deeper insights into their
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behavior and habitat utilization. This approach is
expected to significantly improve the identification
and consequently monitoring and conservation of
dolphin populations, contributing to the broader effort
of marine biodiversity protection.

3. Materials and methods

Study area and field surveys

The study area includes whole of Fujairah waters
including offshore waters up to the midline of the Gulf
of Oman, the survey plan, involving transect lines
between inshore (in) start points and offshore (out)
endpoints (Figure 1). The focus of the survey was on
offshore waters, with the start points of transects
positioned approximately 20kms from shore in water
depths of 80-120m and end points reaching as far as

80kms from shore in water depths of well over
1,000m. During the period spanning from 2017 to
2023, a comprehensive set of 16 boat-based surveys
were undertaken to effectively cover the designated
systematic transect lines, as seen in Figure 1. These
transect lines included a combined area of 2219 square
kilometers. The duration of each survey varied
between four and five days, contingent upon
prevailing sea conditions. The survey served the
purpose of extensive study based on regional
objectives. Within the scope of our research, the task
of gathering dolphin photographs was carried out by a
team of skilled observers with diverse backgrounds.
These observers underwent training to ensure their
proficiency in systematically scanning the designated
area to locate cetaceans.

Figure 1 Study area location of Fujairah offshore water and illustrating transect lines followed during vessel surveys

from 2017 to 2023. The predetermined route is the route followed during vessel surveys, divided by inshore (“IN”)
and offshore (“OUT) locations at specific start and end points (track waypoint)

Data collection and annotation

A comprehensive collection of 354 images
documenting Risso’s dolphins (Grampus griseus) and
Common Bottlenose dolphins (Tursiops truncates)
was conducted using a Canon EOS 5D Mark IV
camera paired with a Canon Lens 70-200mm [13, 17].
All the observation and data collection has been done
by professional observers. Standardized protocols
were established for dolphin sighting and photograph
collection to ensure consistency and reproducibility
across survey efforts. These protocols outlined
specific procedures for locating dolphin groups,
approaching them without causing disturbance, and
capturing high-quality images while minimizing
potential biases. Emphasis was placed on maintaining
a safe distance from the animals to avoid disrupting
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natural behaviors and ensuring the ethical treatment of
marine wildlife. Each image was accurately named
according to the date, time, and photographer,
ensuring thorough documentation of the survey data.
These images were carefully stored following
standardized procedures on an external hard drive,
preserving their integrity and accessibility for future
analysis. For instance, images were stored in folders
organized by year, with each folder representing a
specific survey term. Within these folders, each photo
was named in a date-wise manner. This systematic
organization facilitated easy retrieval and analysis of
images, ensuring that researchers could quickly locate
certain record across different surveys and time
periods. Further these images are stored on our online
server and database. The metadata of each image
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contained maximum details about the survey, dates,
photographer and more. During the data curation
process, the image dataset underwent thorough
cleaning and manual filtering to ensure high quality.
Factors such as resolution and angle of the dorsal fin
were carefully examined, resulting in a refined dataset
comprising 224 images that met strict quality criteria.

To facilitate species annotation, robust image labeling
was conducted using the advanced Roboflow software
(https://roboflow.com/) [19]. This powerful tool
enabled manual labeling of dorsal fins, a crucial step
in species identification. The dorsal fins were
accurately categorized into two classes: Grampus
griseus and Tursiops truncates, ensuring precise
classification and annotation of each image [1].
Following annotation, the dataset underwent further
processing steps using the roboflow platform. This
included data augmentation techniques to enhance
model robustness and generalizability, such as
rotation, flipping, and scaling. Data augmentation is a
crucial step in enhancing the robustness and
generalizability of machine learning models for image
analysis tasks such as species identification. This
process involves generating new, altered versions of
the original images by applying a variety of
transformations and modifications. These
transformations can include rotation, flipping, scaling,
translation, shearing, and changes in brightness and
contrast. By introducing these variations, data
augmentation effectively increases the diversity of the
training dataset, allowing the model to learn from a
wider range of scenarios and conditions. For example,
rotation involves rotating the image by a certain angle,
which helps the model become invariant to the
orientation of the object being detected. Flipping
horizontally or vertically creates mirrored versions of
the images, further expanding the dataset without
changing the object's characteristics. Scaling alters the
size of the objects within the image, simulating
different distances or perspectives, while translation
shifts the object's position within the frame,
mimicking variations in camera angles or focal points.
Shearing distorts the shape of the object, simulating
different viewpoints or perspectives. Additionally,
changes in brightness and contrast simulate variations
in lighting conditions, ensuring that the model can
accurately detect objects under different lighting
environments. This process ultimately improves the
model's performance and reliability. Additionally,
advanced preprocessing methods were employed to
standardize image dimensions and optimize feature
extraction, further improving the accuracy of
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subsequent analysis. Table 1 shows a partial image of
the dataset for the most sighted dolphins in the
surveys. Sample images of the dataset are shown in
Figure 2.

Figure 2 Training batch sample with annotation (0)
presents the Risso's dolphins’ class and (1) present the
common Bottlenose dolphin

Data Enhancement

Training a deep learning model requires a significant
amount of data for training and validation. This is
crucial for the model to efficiently extract features and
gain knowledge. Using various techniques, efficient to
expand the dataset by applying producer enhancement,
pre-processing with Auto-Orient features, and
Augmentation to generate new training examples. This
method enables the model to gain knowledge from
enhanced versions of every image in the training set.
Modifying the images includes adjusting their
saturation, exposure, and introducing noise within a
range of -25% to +25%. Consequently, the size of the
dataset has tripled (Figure 3). After labelling 224
images, the augmentation method increased the
number of training set images to 468. The validation
set contained 23 images, and the testing set comprised
45 images. A split rate of 87%, 4%, and 8% is
employed for the purposes of training, validation, and
testing, correspondingly. Figure 2 illustrates enhanced
images accompanied by their corresponding transform
parameters. The annotation files were exported as text
files, following the precise format needed for the
YOLO algorithm.
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Table 1 shows the most sighted dolphins in the surveys from 2016- 2022
Type of dolphin Scientific name Dorsal fin Data set

categorization

Long, and thin 104

Heavily scarred

Sample from data

Risso's Dolphin Grampus griseus

Common Tursipos truncates.  Short and Broad 113
Bottlenose dolphin Falcate and board
at base

Pointed  pectoral

fins

Clean data ﬂ

Annotate data

224 Image

Data pre-processing
/" and Augmentation

Add Saturation, Add
Exposure, and Add noise
between -25% and +25%

354 Image /

Figure 3 The process of cleaning, annotating data and applying augmentation

Experimental environment and parameter
adjustment

The experimental operating system used in this study
is the Colab environment, with PyTorch serving as the
framework for the deep learning models created. The
impressive computing power of the Intel Xeon CPU
@2.20 GHz and NVIDIA® Tesla T4 have been
utilized. The model underwent training for 30 epochs
using a batch size of 16. It utilised an initial learning
rate of 0.01, amomentum factor of 0.973, and a weight
decay of 0.0005[11].

Model Evaluation Indicators This study utilized
precision (P), recall (R), and mAP as accuracy
evaluation indicators. Precision-Recall Curve (P-R
Curve) is a curve with recall as the x-axis and precision
as the y-axis Equation 1 and Equation 2 are used to
calculate the values of R and P. In these equations, true
positive (TP) represents a correctly predicted positive
class, false positive (FP) represents an incorrectly
predicted positive class, and false negative (FN)
represents an incorrectly predicted negative class, as
shown in Equations 1, 2, and 3.
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\ 536 Image
Recall = —2 1)
Tp+FN
Percision = —2 2
Tp+Fp

The F-score is acommonly used metric to evaluate the
model accuracy, providing a balanced measure of
performance, F1 calculated according to Equation 3

2XPercisionxRecall
Fl = Percision+Recall (3)
4. Result

Among 338 sightings of cetacean groups, 139
common Bottlenose dolphin groups were recorded.
Common Bottlenose dolphins were normally sighted
among groups in which group sizes ranged from 12 to
130 individuals. Most records were in the southeastern
part of the survey area in waters ranging from 92 to
1,218 m in depth and at distances of 24 to 38 nm
(numerical mile) offshore. The sightings records
occurred between February 2021 and May 2023.

Among the 338 observations of cetacean groups, a
total of 31 individuals belonging to the Risso's dolphin
species were documented. Risso's dolphins were often
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observed in aggregations characterised by group sizes
ranging from 2 to 50 individuals. Most records were in
the southeastern region of the survey area, namely in
seas with depths ranging from 142 to 1,173 metres.
These records were found at distances of 24 to 38
nautical miles offshore. The 31 instances of sightings
were documented over the time frame spanning from
April 2017 to June 2022.

Following the training part both models YOLOv7 and
YOLOvV8 shows excellent results numerically and
visualization, both models can classify the dolphin
species in both images and videos format. It can be

observed from Table 2 the performance of YOLOvV7
instances segmentation and yolov8 standard instances
segmentation. Its show that the average precision is the
standard YOLOv8 (91.6%) with impeccable
visualization results the best mAP of the models where
YOLOv7 with closely precision of (89.0%).
Comparing the precision of the two models, the results
from YOLOVS8 standard for segmentation show the
best precision on the P-R curve. Figure 4(a) displays
the results of YOLOvV7, which shows lower precision
across all classes at 89.2%. On the other hand, Figure
4(b) indicates that YOLOV8 achieves higher precision
of 95.8% across all classes.

Table 2 Result of segmentation models considering precision, recall and mAP

Model Precision Recall mAP_0.5 mAP_0.5:0.95
YOLOv7 0.89002 091111 0.89176 0.71819
OLOvVS8 0.916 0.925 0.95906 0.788

Precision-Recall Curve

1.0

—— Grampus griseus 0.950
Tursiops truncatus 0.833
Al classes 0.892 mPA@O.5

038

0.6

Precision

02

0.0

0.0 02 04 0.6

Recall

0.8 10

@

Precision
o o
B o

02

00

Precision-Recall Curve

—— Grampus griseus 0.950
—— Tursiops truncatus 0.833
= All classes 0.892 mPA@0.5

0.0 0.2 0.4 06 08 1.0

Recall

(b)

Figure 4 The precision-confidence curve of (a) YOLOv7 and (b) YOLOV8

In Figure 5, a sample prediction from the test set is
illustrated. Figure 5 depicts the visual detection and
segmentation outcomes of the model on the testing
dataset. The species type can be deduced from the
dorsal fin images by the model. Instances
segmentation has the capability to identify the type
based on the fin shape, which possesses various
distinguishing characteristics. The trained model
accurately identifies the Grampus griseus dolphin
based on its fluke shape and classify it as such, as
shown in Figure 5a. Figure 5b illustrates the process
of identifying Tursiops turncatus. Additionally,
Figure 6 illustrates the confusion matrix, which
provides insights into the trained model's classification
performance.
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Grampus griseus 0.94.

@ (b)
Figure 5 Testing examples of dolphin classification
(a) trained model accurately identifies the Grampus
griseus dolphin based on its fluke shape (b) identifying
Tursiops turncatus
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Confusion Matrix

Grampus griseus

Predicted
Tursiops truncatus

0.10

background

Grampus griseus Tursiops truncatus

True

Figure 6 Normalised confusion matrix

5. Discussion

The findings of this study provide valuable insights
into various important aspects of the distribution of
cetaceans and the effectiveness of machine learning
models in classifying dolphin species. The results
indicate a notable presence of common Bottlenose
dolphins, with group sizes varying from 12 to 130
individuals. These dolphins are mainly found in
around the Fujairah coast. This indicates a significant
persistence in occurrence of this species in particular
habitats throughout the Fujairah coastal waters over
the duration of the study. however, extended studies
are required to understand the residence behavior of
these dolphins. In the investigated region, Risso's
dolphins were often seen in groups, mostly in the
southeastern area although at slightly greater depths.
This suggests that these dolphins may have specific
habitat preferences or ecological niches within this
region.

The assessment of the effectiveness of YOLOv7 and
YOLOvV8 machine learning models in classifying
dolphin species showed promising results. Both
models had excellent precision rates, with YOLOv8
exhibiting slightly improved performance compared to
YOLOV7 across multiple evaluation criteria. YOLOv8
had superior performance in terms of average
precision and consistently outperformed other
methods in precision-recall curves. This highlights its
robustness and effectiveness in accurately identifying
dolphin species from photos and videos in the Fujairah
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coastal area. The results indicate the potential of
advanced machine learning approaches in improving
our capacity to precisely categories and monitor
marine animal populations, a vital aspect of successful
conservation endeavors.

The study's visual detection and segmentation results
provide further confirmation of the effectiveness of the
trained models in identifying dolphin species based on
specific morphological characteristics, such as the
form of the dorsal fin. The models' capacity to
effectively distinguish between Risso's dolphins and
common Bottlenose dolphins, based on fin traits,
highlights  their potential for species-specific
identification in field surveys and monitoring
programs throughout the Fujairah coast. Furthermore,
the confusion matrix offers valuable insights into the
categorization performance of the models, providing a
quantitative assessment of their accuracy and
identifying potential areas for development.

This study enhances our comprehension of the
distribution patterns of cetaceans along the Fujairah
coast and emphasizes the effectiveness of machine
learning methods in identifying species and promoting
conservation in this area. Future research ought to
focus on the improvement and streamlining of
machine learning models for the purpose of
monitoring and  surveilling marine  mammal
populations in the coastal waters of Fujairah. This will
ultimately assist in the implementation of specific
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conservation measures aimed at protecting these
important species and their habitats.

Limitation and suggestions

The study's limitation regarding the relatively small
sample size of cetacean sightings, particularly for
Risso's dolphins, could have impacted the accuracy
and representativeness of the findings. To mitigate
this, extending monitoring periods could increase the
sample size, providing a more comprehensive
understanding of cetacean distribution patterns along
the Fujairah coast. Additionally, while machine
learning models such as YOLOv7 and YOLOvS8
showed promising results in species classification,
there is room for improvement in accuracy and
efficiency. Fine-tuning these models, as suggested in
one of the studies, could enhance their performance,
especially in distinguishing between closely related
species or challenging environmental conditions [29].
Furthermore, incorporating additional environmental
variables like oceanographic parameters or prey
availability could enhance species distribution
predictions and deepen our understanding of
ecological drivers shaping cetacean habitat use in the
area. Moreover, the study's focus on visual detection
and segmentation based on dorsal fin characteristics
may overlook other indicators of species’ identity,
such as vocalizations or behavior patterns. Integrating
acoustic monitoring  techniques or behavioral
observations, as suggested in previous research, could
complement visual data and enrich our understanding
of cetacean communities in the Fujairah coast.
Combining various approaches, such as the CBIR-
motivated pipeline ALFRE-ID and ensemble
modeling approach BIOMOD, as demonstrated in
different studies, could address these limitations
stepwise, enhancing the study's methodology and
outcomes [23,25,26].

Since Fujairah is the fifth largest emirate in the United
Arab Emirates, boasts diverse terrains and marine
environments, making it a notable tourist destination
regionally and internationally. It is home to various
natural resources, among which coastal waters stand
out as particularly vital, contributing significantly to
Fujairah's sustenance while remaining highly
vulnerable to environmental impacts. As the second
largest bunkering port globally, Fujairah's strategically
advantageous location poses significant
environmental challenges, primarily due to increased
maritime traffic, elevating the risk of oil spill
incidents. Additionally, the coastal ecosystem faces
various threats, including the direct discharge of brines
from desalination facilities, the proliferation of
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harmful algae blooms, and industrial outfalls. These
environmental concerns make Fujairah's coast a
compelling area for research, as preserving these
coastal resources is crucial for Fujairah's ecological
health and economic growth. Without concerted
conservation efforts, Fujairah's status and future
aspirations may face jeopardy [31]. Considering the
dynamic nature of marine ecosystems and the potential
impacts of anthropogenic activities, longitudinal
studies and regular monitoring efforts are crucial.
These efforts would track changes in distribution
patterns and assess the effectiveness of conservation
measures over time, ensuring the continued protection
of cetacean populations along the Fujairah coast. By
carefully integrating these suggestions and
methodologies from relevant studies, future research
can overcome limitations and contribute to a more
comprehensive understanding of cetacean ecology and
conservation in the region. The result of all class is
shown in Appendix I. A complete list of abbreviations
is listed in Appendix I1.

6. Conclusion and future work

In this study, the YOLOvV7 and YOLOv8 models were
assessed for their effectiveness in classifying dolphin
species (common Bottlenose dolphins and Risso's
dolphins), with promising results. Both models
demonstrated excellent precision rates of 89.2%, with
YOLOvV7 and 95.8% with YOLOVS at all classes, with
YOLOV8 exhibiting superior performance across
multiple evaluation criteria.  This highlights
YOLOV8's robustness and effectiveness in accurately
identifying dolphin species from photos and videos in
the Fujairah coastal area. The study's visual detection
and segmentation results further confirmed the
models' effectiveness in identifying dolphin species
based on specific morphological characteristics, such
as the dorsal fin shape. The models' ability to
distinguish between Risso's dolphins and common
Bottlenose dolphins based on these traits underscores
their potential for species-specific identification in
field surveys and monitoring programs throughout the
Fujairah coast.

Moreover, the confusion matrix provided valuable
insights into the models' categorization performance,
offering a quantitative assessment of their accuracy
and highlighting potential areas for improvement. The
results indicate the significant potential of advanced
machine learning approaches, particularly YOLOvS,
in enhancing our capacity to precisely categorize and
monitor marine animal populations, a vital aspect of
successful conservation endeavors.
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While this study employed the basic version of
YOLOWS8, future investigations can explore alternative
frame sizes, such as YOLOv8n (nano) and larger
iterations of YOLOVS, to cater to a diverse range of
conservation needs. These developments underscore
the versatility of artificial intelligence (Al)-driven
models in ecological research and conservation,
opening doors for more sophisticated ecological
analysis, real-time applications, and the handling of
larger datasets. Future work could focus on increasing
the dataset size to further improve accuracy and
developing real-time applications for differentiating
closely related marine species. The ongoing surveys
and data collection efforts demonstrate the value of
continued model improvement, showing significant
potential for further enhancing the capabilities of these
models with new data.
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Appendix |
Class Precision  Recall mAP 0.5 mAP 0.5:0.95
All 0916 0.925 0.958 0.788
Grampus  0.94 1 0.995 0.825
griseus
Tursiops  0.891 0.85 0.921 0.891
truncatus
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Appendix 11

S. No. Abbreviation  Description

1 50ES Five  Oceans Environmental
Services

2 Al Artificial Intelligence

3 ALFRE-ID Aggregated Local Features for Re-
Identification

4 CBIR Content-Based Image Retrieval

5 CNNs Convolutional Neural Networks

6 DETR DEtection TRansformer

7 FP False Positive

8 FN False Negative

9 mAP Mean Average Precision

10 n nano

11 nm Numerical Mile

12 P Precision

13 P-R Curve Precision-Recall Curve

14 R Recall

15 SPADE Spatially Adaptive
Denormalization

16 TP True Positive

17 VIiT Adapter-  Vision Transformer Adapter

B

18 VOLOv3 You Only Look Once Version 3

19 YOLO You Only Look Once

20 YO2LOv1 You Only Look Once Version 1

21 YOLOv2 You Only Look Once Version 2

22 YOLOvV5 You Only Look Once Version 5

23 YOL40v7 You Only Look Once Version 7

24 YOLOvV8 You Only Look Once Version 8




