National Journal of
mart "
Fisheries ===

and
Aquaculture
Innovation

RESEARCH ARTICLE

National Journal of Smart Fisheries and Aquaculture Innovation
ISSN: 3108-303X (0), Vol. 4, No. 2, Jul - Dec 2026 (pp.1-14)

Deep Learning-Based Underwater Vision System
for Real-Time Fish Behavior Analysis and Health

Assessment

Taha Fish

Amhara National Regional State Bureau of Agriculture, Bahir Dar, Ethiopia

KEYWORDS:

Underwater Vision System;
Smart Aquaculture;

Deep Learning;

YOLOVS;

Underwater Image Enhancement;
Fish Behavior Analysis;

Fish Health Assessment;
Real-Time Fish Detection.

ARTICLE HISTORY:

Submitted : 11.07.2026
Revised : 07.08.2026
Accepted : 13.09.2026

DOI:
https://doi.org/10.17051/NJSFAI/04.02.01

1. INTRODUCTION

ABSTRACT

Monitoring of aquaculture underwater has gained more significance in the context of a
sustainable fish production in order to prevent diseases and to provide the smart
management of farms in the context of modern smart fisheries. Nonetheless, the
traditional monitoring methods are greatly impaired by the fact that the image is
compromised underwater due to light absorption, scattering, color distortion, low
contrast, and motion blur reducing the accuracy of fish detection and behavioural
interpretation. Moreover, the absence of automated real-time surveillance systems
prevents the early detection of abnormal fish behaviour and health related problems in
the aquaculture setting. To overcome these challenges, this study will introduce a deep
learning-based underwater vision system to analyze underwater fish behavior and
health in real-time projects in smart aquaculture. The architecture proposed combines
the underwater image enhancement and intelligent fish detection in a single real-time
analytical framework. Firstly, CLAHE and deep enhancement technique is used to
improve contrast and visibility of underwater images to enhance the quality of
underwater images under harsh conditions. After that, the optimized YOLOv8-based
object detection model is utilized to locate and detect fish in real-time and with
accuracy. The framework also includes behavioral analysis mechanisms to observe
swimming patterns, movement abnormalities and stress related activities related to
fish health status. Experimental analysis was performed with common underwater fish
datasets and performance metrics such as mean Average Precision (mAP), Precision,
Recall, Interaction over Union (loU) and Frames Per Second (FPS). The suggested system
had high detection rates with increased real-time processing capacity and better
underwater visual observation than those that were in use. The results received
indicate the usefulness of the suggested framework to obtain credible fish capture,
intelligent behavioral, and automatic health measurement in dynamic underwater
conditions. The proposed research will lead to the creation of Al-based smart
aquaculture systems, as it will offer a scalable, real-time, and smart underwater
surveillance system to the next-gen fisheries control.
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manual  inspection and human  observation,

The use of smart fisheries and aquaculture systems has
gained critical relevance in providing sustainability in
fish production systems, effective management of
aquatic resources, and smart environmental
surveillance in contemporary aquaculture systems.
High rate of increasing fish consumption globally has
placed high demand on sophisticated technologies that
can enhance productivity, disease prevention and
automated management of fish. Due to the use of

conventional fish monitoring techniques have been
mostly found to be inefficient, time-consuming and
ineffective in large-scale aquaculture settings.
Consequently, they are increasingly adopting artificial
intelligence (Al), deep learning, and computer vision
technologies to automate underwater surveillance and
increase the efficiency of operations in smart fisheries
[1], [2]. Underwater vision systems are the right
solution to tracking fish in real-time, observing the
number of fish, analyzing their behavior, and
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evaluating their health through smart image-
processing systems. The latest innovations in deep
learning-based object detection algorithms have also
greatly enhanced the functionality of automated fish
monitoring systems in the ocean [3], [5]. Specifically
the YOLO framework of object detectors has shown to
offer greater real time detection speed and high
processing speed and a higher detection rate [13],
[16]. The most recent version of the YOLOv8 series,
provides better feature extraction, lightweight design,
and better performance of detecting small objects,
which is why it is especially appropriate in the context
of underwater fish detection [15], [17].

With these technological innovations, conditions of
underwater imaging are very difficult due to the
inherent  light  absorption, scattering, color
attenuation, suspended particles, low illumination,
and motion blur [2], [4]. Under these environmental
conditions, image quality of underwater sensors is
greatly compromised and the performance of
traditional fish detection mechanisms is diminished.
The low visibility and image distortion usually leads to
incorrect fish localization, missed detections as well as
low capability to interpret behavior [10]. Moreover,
fish occlusion, high fish concentrations, and dynamic
motions are common features of underwater
environments that make implementing real-time
object detection and tracking tasks more challenging
[5], [9]. Underwater image enhancement has,
therefore, emerged as a crucial preprocessing step to
enhance visual quality and improve the performance
of the deep learning-based detection systems [17],
[18].

The current underwater fish surveillance mechanisms
are also limited by lack of automation, low computing
power, and low level of intelligent analysis. Most of
the conventional systems are mainly involved in
detecting fish with little attention given to behavioral
analysis and health evaluation system. Moreover, some
of the traditional deep learning methods are of high
computational complexity, low speed of processing,
which do not fit in to real-time implementation in
smart aquaculture systems [3], [8]. That is why the
necessity to develop an integrated framework of vision
under water that would be able to improve
underwater pictures, correctly identify fish in real-
time, and analyze their behavior and health in adverse
water conditions is high.

The trend towards the introduction of Al-based smart
aquaculture technologies has encouraged the creation
of intelligent underwater monitoring systems with the
ability to work autonomously and in real-time. To
determine abnormal swimming behaviors, stress
conditions, symptoms of diseases, and feeding
behaviors, automated fish behavior analysis may aid in
the study of fish behavior without human intervention.
Live monitoring of behavior and smart health

evaluation can greatly decrease fish death, enhance
food utilization and aid in the administration of
aquaculture sustainably [12], [15]. Further, a deep
learning-based detection and tracking system can be
used to enhance the accuracy of monitoring and
decrease the operational expenses and expand the
scalability of commercial aquaculture use.

This study introduces a deep learning-based
underwater vision that can be used to monitor the
behavior and health of fish in smart aquaculture in
real-time. The proposed framework combines
underwater image enhancement methods with a fish
detection model built with the use of the YOLOvV8 to
enhance the performance of the underwater visual
perception and detection of the object. The system
also encompasses a smart system of tracking and
behavioral analysis to track the movement pattern of
the fish and detect abnormalities related to their
health. The proposed framework would run in real
time and also have high detection accuracy in that of
the low visibility underwater environment.

The main aim of this research is to come up with an
effective underwater image enhancement system that
would help in enhancing the quality of underwater
images before detection of fish. The other significant
aim is to use a YOLOv8 based fish detection to enable
proper fish localization and tracking in dynamic
underwater conditions. Moreover, the proposed system
would examine fish behavior via smart movement
analysis methods and assess system performance via
conventional detection metrics like mean Average
Precision (mAP), Precision, Recall, Intersection over
Union (loU), and Frames Per Second (FPS). These
objectives will help the study make a contribution
towards the development of scalable and intelligent
smart aquaculture monitoring systems.

The key contribution of the study is the creation of a
integrated Al-powered underwater vision system that
integrates underwater image processing, real-time fish
detection on the basis of the YOLOv8 model,
intelligent tracking, and health evaluation of
behavioral patterns under one roof. Compared to
traditional monitoring systems, which are all about
detecting objects, the proposed system has both
enhancements and behavioral analytics to enhance the
reliability of underwater monitoring and the ability to
make intelligent decisions. The suggested system
exhibit enhanced underwater visibility, accuracy of
fish detection, optimized real time performance, and
better ability of behavior monitoring of complex
aquatic settings. Thus, the proposed research is
related to the «creation of the next-generation
intelligent aquaculture systems that will be able to
accommodate automated underwater monitoring,
accurate fisheries management, and sustainable smart
aquaculture uses.
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2. RELATED WORK

The underwater vision systems are system which have
gotten much attention in recent years due to their
relevance in marine surveillance, smart aquaculture,
underwater robots and in fishery management. The
classical fish monitoring methods were largely based
on manual inspections and the classical image-
processing methods, which were mostly not very
robust and had low real-time analysis. The fast growth
of deep learning and computer vision systems has
greatly enhanced the detection of objects under
water, tracking of fish and intelligent monitoring of
their activities within complex aquatic systems [1],
[2]. Nevertheless, imaging of underwater is a difficult
exercise because of light scattering, absorption,
turbidity, low-contrast situations diminish the visibility
and quality of images of underwater [2], [4].

Some researchers have come up with techniques of
enhancing underwater images to help improve the
image quality after which they will use object
detection algorithms to locate the objects in the
image. Fu et al. [4] proposed a Retinex-based
augmenting method to underwater images to enhance
contrast and perception of images in a degraded
underwater environment. Likewise, Li et al. [10]
suggested a dehazing and histogram distribution prior
based underwater image enhancement framework,
which considerably increased the underwater image
quality and minimized the loss of information. A
review by Anwar and Li [2] on techniques of
underwater image enhancement covers traditional and
deep learning-based methods of image enhancement
and issues related to visual restoration underwater.
The above studies revealed that image enhancement
in underwater is a critical feature when it comes to
enhancing the accuracy of underwater computer
vision. The object detection models developed using
deep learning have also demonstrated impressive
performance in the underwater fish detection. The
initial object detection algorithms like Faster R-CNN,
SSD, and YOLO enhanced the object localization and
classification abilities in real-time by a considerable
margin [11], [14]. The original YOLO framework of
unified real-time object detection was presented by
Redmon et al. [14] and the architecture was improved
by Redmon and Farhadi [13] with the additions of
multi-scale feature extraction. Bochkovskiy et al. [3]
introduced YOLOv4 that can be trained with high
speed and high precision of detection, and Wang et al.
[16] presented YOLOv7 with improved trainable bag-
of-freebies to detect objects in real time. The models
laid the groundwork to modern underwater detection
systems based on deep learning.

There is a growing amount of research on the
implementation of YOLO-based architectures to
underwater fish detection and tracking. Ouis and
Akhloufi [12] come up with a YOLO based framework
to detect underwater fish that can enhance the

localization performance of the fish in the underwater
environment. Zhang et al. [17] have suggested that a
better YOLOv8n can be used to detect fish within a
natural body of water, with better performance in
detection in harsh aquatic environments. A
transformer-enhanced YOLOv8 model that provides a
better approach to handle class imbalance issues in
underwater fish species recognition was presented by
Shah et al. [15]. Garg and Phadke [5] have also
investigated the wuse of YOLOv8 in real-time
underwater fish monitoring, detection, tracking, and
counting. These experiments made sure that YOLOvS-
based structures are effective in performing
underwater fish monitoring tasks. Besides object
detection, a number of researchers have also
examined underwater tracking and behavioural
analysis systems in intelligent aquaculture. The
tracking mechanisms have been enhanced by deep
learning methods to track the movement patterns,
schooling behavior and abnormal activities of fish, in
real-time. Nevertheless, current methods primarily
concentrate on how to count and where to find fish
but do not address intelligent health evaluation and
behavioral analysis. In addition, underwater occlusion,
fish overlap, as well as environmental distortions
remain to hamper tracking accuracy and real-time
performance [1], [8].

Despite the recent progress attained in underwater
vision systems, there are a number of research gaps
existing. Most of the current underwater monitoring
systems use disjointed enhancement and detection
systems, and not yet fully bring preprocessing and
real-time analytics into the same architecture.
Moreover, the traditional strategies tend to have a low
visibility, fish obstructing, and dynamic underwater
performance. Many of the currently existing
underwater monitoring frameworks also lack enough
exploration in behavioral analysis and automated fish
health assessment. Consequently, a comprehensive yet
integrated deep learning-driven underwater vision
system is in high demand to fuse image enhancement,
real-time fish detecting, intelligent tracking,
behavioral study, along with health monitoring into a
scalable intelligent aquaculture system.

3. RECOMMENDED VISION FRAMEWORK UNDERWATER

The proposed underwater vision model would offer
intelligent real-time observations of fish, analyze their
behavior and conduct automated health evaluation in
intelligent aquaculture systems. The architecture
combines the use of deep learning to detect fish,
underwater image improvement, object tracking,
behavioral analysis, and health measurements in a
single Al-powered system. The overall system is
designed to address the shortcomings of degradation
of underwater Vvisibility, low contrast imaging
conditions, fish occlusion and real time monitoring
issues that are very prevalent in underwater
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aquaculture systems. The proposed framework
architecture comprises of six large modules: an
underwater camera, an image enhancement, a fish
detector based on the YOLOV8 neural network, a
tracking, a behavioral analysis, and an engine, and a
health assessment module. Firstly, underwater videos
are recorded with high-resolution underwater cameras
placed in aquaculture tanks or open-water fish farming
facilities. The resulting underwater frames are then
sent to the enhancement pipeline where image
preprocessing tasks include contrast enhancement,
color correction, noise removal and restoration of
visibility tasks are done. The enhancement step is
critical in the sense that the underwater images are
highly influenced by the scattering, absorption and
turbidity effects which deteriorate the quality of the
image and decrease the visibility of the objects.

Upon preprocessing, the improved images are then
passed to the fish localization and classification
module (YOLOv8) to detect and identify fish in real-
time. YOLOvV8 is chosen due to its better ability to
detect objects in real time, lightweight design, and
the ability to detect small objects better than
traditional object detection models. The detection
module utilizes the frame underwater features by
applying the optimized convolutional feature
extraction and anchor-free detection to detect the
presence of fish objects in different underwater
conditions. The suggested model is trained with an
input image size of 640 x 640 pixels and a batch size of
16 and an initial learning rate of 0.001.
Experimentally, the detection confidence threshold is
set fixed, at 0.5, to trade off between detection
sensitivity and false-positive rate. As shown through
experimental optimization, the proposed YOLOv8
model had a mean Average Precision (mAP at 0.5) that
was 96.4%, Precision was 95.1, Recall was 94.3, and
real time processing throughput of 42 FPS in dynamic
underwater conditions. After fish detection, the
identified fish objects are sent to the tracking module
where they are analyzed in terms of constant motion
and time tracking. The tracking system uses an object
association process to track fish identities over
successive video frames. It is the step in which the
system is able to analyze fish movement paths,
swimming velocity and schooling. The tracking scheme
enhances the reliability of monitoring when there is an
overlap of fish and partial occlusion, which are typical
in the dense aquaculture setting.

The behavioral analysis engine goes further and
processes the tracking outputs so as to determine
normal and abnormal fish activities. The direction of
swimming, irregularity of motion, density of
movement and length of time inactivity are some
behavioral features, which are extracted and analyzed
through intelligent pattern recognition methods. Such
abnormal swimming could be a cause of stress, a
symptom of disease, insufficient oxygen availability, or
other disturbances in the aquaculture environment.

Consequently, behavior analysis is a valuable element
in smart health monitoring and preventing early
diseases in fish. The last component of the suggested
structure is the health assessment module that
examines the conditions of fish through the behavioral
pattern analysis and visual analysis. The abnormalities
detected in the health of an individual in the module
include lower-level movement activity, abnormal
swimming patterns, discoloration of the body and
surface deformity. The suggested system allows
extracting fish health outcomes automatically by
integrating behavioral analytics and visual detection
outcomes without the need of a constant control by a
human operator.

The proposed underwater vision system workflow
starts with the acquisition of underwater images by
means of submerged camera devices. The images
captured are then improved through preprocessing to
enhance contrast, visibility and clarity of the image.
The improved frames are further fed by the YOLOvS
detection module to detect fish objects in real time.
The tracking component, in turn, ensures continuity in
fish identities across video streams to analyze them
over time. The behavioral analysis engine filters the
motion-related features and classifies fish behavior as
normal or abnormal. Lastly, the health assessment
module is used to monitor fish health based on
combined behavioral and visual signals to enable
intelligent monitoring of aquaculture and automated
decision making, as shown in Fig 1.

4. UNDERWATER IMAGE ENHANCEMENT MODULE

The image enhancement of underwater is a critical
phase of preprocessing in the specified underwater
vision system since the raw underwater images are
normally characterized by low visibility, low contrast,
and colour distortion, as well as noise. These
degradations in smart aquaculture settings lower the
detection performance of the YOLOv8 model and
hinder the accuracy of fish behavior and health
evaluation. So, the enhancement module is proposed
to the image prior to fish detection, to enhance their
clarity, recover visual information and increase the
visibility of fish boundaries as demonstrated in Fig 2.
Degradation Underwater images are largely degraded
because of the absorption of light, color attenuation,
scattering and motion blur, noise. The darkening of
images with depth due to light absorption, and fading
red and yellow colors due to color attenuation, occur
more quickly than blue and green ones. Due to
scattering by suspended particles, contrast is lowered
and hazy areas in the image are created. Motion blur
because of movement of fish, flow of water and
camera instability. Water turbidity and high-light
imager sensors also contribute to noise. It is due to
these factors that fish detection is challenging
particularly in small, partially covered, or fast moving
fish.
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Fig 1. Proposed Underwater Vision Framework.

The suggested improvement algorithm is the
combination of CLAHE and FUnIE-GAN to enhance the
quality of underwater images. CLAHE is applied to
local contrast enhancement whereby the image is
broken down into tiny areas and the contrast is
amplified, without excessive amplification of noise.
Having enhanced the contrast, FUnIE-GAN is used to
engage the deep learning-based underwater image
restoration. This hybrid methodology can enhance
visibility, sharpen the shapes of fish, fix color
imbalance, and decrease underwater haze. This
improved image is then sent to the YOLOv8 detection

module that accurately locates fish. Preprocessing
pipeline starts with noise removal to restrain the
undesirability of visual shocks of raw underwater
frames. This is followed by contrast enhancement to
enhance the distinction between fish objects and
background. Color correction is done so as to minimize
the distortion of colors under water and to restore the
natural image look. Lastly, we use image
normalization to bring pixel values to an appropriate
range of values to be used in the deep learning
inference process. This preprocessing pipeline
enhances stability and accuracy of the detection
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system.The contrast enhancement operation can be
represented as:

Ierane 6 Y) = Tipea U106, ¥)) (1)
Wherel(x,y) is the input underwater image and T,y

represents the local adaptive histogram
transformation. Pixel normalization is expressed as:
I - Imin
Lypyym = ———— 2
norm Imax _ Iml‘n ( )

Wherel,,;, and I,, represent the minimum and
maximum pixel intensity values. For GAN-based
enhancement, the total loss function can be written
as:

3

Ltotal = Ladv +>‘1 Lcontent +>‘2 Lperceptual

WhereL,,, is the adversarial loss, L.onen: Preserves
image structure, Ly ceprua iMproves visual quality,
and x;, %, are weighting parameters. PSNR, SSIM,
UlQM, and UCIQE are wused to measure the
performance of the enhancement module. PSNR is
used to measure image reconstruction quality, and
SSIM to measure structural similarity between the
enhanced and reference images. UIQM quantifies
image quality in underwater images in terms of
colorfulness, sharpness and contrast. UCIQE considers
the quality of chroma, saturation and contrast in
underwater images. The improvement in PSNR, SSIM,
UlQM, and UCIQE values in comparison to baseline
means that the enhancement performance is higher,
and it is more suitable to use in real-time fish
detection.

UNDERWATER IMAGE ENHANCEMENT RESULTS

[ (a) Original Underwater Image ] [

(b) CLAHE Result ] [

(c) Proposed Enhanced Output ]

Fig 2. Underwater Imag Enhancement Process.

5. YOLOV8-BASED FISH DETECTION SYSTEM

The suggested underwater vision model consists of a
fish detection system based on YOLOv8 to enable
effective and real-time localization of fish in
intelligent aquaculture systems. YOLOv8 is chosen due
to its light architecture, high processing speed, better
feature extraction ability, and high performance in
detecting small objects in hostile underwater
conditions. Optimization of the model is performed to
identify fish objects with a better underwater frame
and still ensure high inference speed with low
computational complexity. The general workflow of
the detection comprises four key steps: design of the
YOLOvV8 architecture, fish detection pipeline, transfer
learning strategy, DeepSORT-based fish tracking and
behavioral feature extraction. The YOLOv8 model has
three key components: the backbone, neck, and
detection head. The backbone is in charge of feature
extraction, both in low and high levels of visual

features on underwater images by use of convolutional
feature extraction layers. The framework suggested is
based on a CSP-based feature extraction mechanism
that promotes the gradient flow and increases the
feature representation capacity. The neck component
combines multi-scale features based on feature
pyramid operation to enhance detection of small to
medium-sized fish objects in different underwater
scenarios. Object classification, localization and
confidence estimation steps are done simultaneously
by the detection head. YOLOv8, in contrast to
traditional anchor-based detection methods, uses an
anchor-free  detection mechanism with fewer
computational requirements that provides enhanced
localization as well as reduced computational costs.
This architecture can improve the detection
robustness in underwater conditions of fish overlap,
occlusion, and low-visibility conditions.

Fish detection pipeline will start with the preparation
and labeling of the dataset. The manual annotation of
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underwater fish data is done with bounding boxes to
find fish objects in each frame of the image. The
labeled dataset has several types of fish sampled in
various lighting conditions, fish orientations, and in
various levels of visibility in the underwater
environment. The dataset during the training is
separated into the training, validation and test subsets
to enhance the ability of the models to generalize. In
the case of the YOLOvS, the input image size is set to
640640 pixels and the batch size is set to 16 with
learning rate being 0.001. Localization and
classification errors are minimized and the detection
accuracy is maximised by using stochastic gradient
optimization as part of the training process. In order
to enhance model strength and decrease overfitting, a
number of data augmentation methods are used when
training a model. They comprise horizontal flipping,
random cropping, rotation of the image, brightness,
scaling and color jitter. Data augmentation enhances
the model to identify fish when they are in different
underwater conditions, lighting, and camera points of
view. Having been optimized using training, the
optimized YOLOv8 model is used to real-time infer fish
objects in the improved underwater video streams.
The framework proposed obtained an average
Precision of 95.1, Recall of 94.3 and a mean Average
Precision (mAP at 0.5) of 96.4 on the process of
experimental evaluation at 42 frames/second.

Another strategy adopted in the proposed system is a
transfer learning strategy to enhance the rate of
convergence and detection accuracy. The first model
parameters are pretrained YOLOv8 weights that are
trained on massive object detection datasets. The
underwater fish datasets are then fine-tuned to ensure
that the model is more acclimatized to aquatic
conditions and fish-related visual attributes.
Hyperparameter tuning is involved to apply
optimization of learning rate, confidence threshold,
batch size, and optimizer settings to achieve a better
detection stability and performance. The
experimentally determined confidence threshold is set
to 0.5 to trade between finding true positives and
suppressing false-positives. In order to further monitor
fish, the framework proposed combines DeepSORT
tracking with YOLOv8 detection results. DeepSORT is a
multi-object tracking method that retains fish
identities across video frames by prediction of their
motion and association of appearances with their
identities. The tracking framework is capable of
generating the fish trajectory correctly, maintaining
identities and dealing with occlusion in a dense
underwater environment. This combination enhances
stability of long-term fish surveillance, and allows
analyzing behavior by tracking time-dependent fish
movement.

The tracking outputs of DeepSORT are extracted to
determine their behavioral features. The system
measures fish swimming patterns, speed of movement,
the density of activity and school behavior to detect

the normal and abnormal behavior modes. The analysis
of swimming trajectory aids in the monitoring of fish
movement patterns in terms of consistency and spatial
interaction. Speed analysis assesses the level of
activity in fish and identifies the stress inactivity or
hyperactivity situation. Schooling analysis behavior
determines coordinated patterns of movement of
groups of fish. Detection of abnormal movement is
applied to define atypical swimming paths, abnormal
motion patterns, or isolated fish behavior which can
reflect a disease symptom, stress or environmental
disturbances within the aquaculture system. The fish
detection/tracking system proposed based on YOLOv8
greatly enhances the performance of underwater fish
surveillance by integrating real-time object detection,
smart tracking, with analytics at a single Al-enabled
framework in smart aquaculture systems.

6. FHA MODULE

The fish health assessment system aims to offer smart
and automated analysis of fish health in real-time
underwater aquaculture set-ups. The monitoring of
fish health should be continuous to help curb mortality
rates, outbreaks of diseases, feeding efficiency, as
well as to sustain the production of aquaculture. The
traditional methods of health monitoring largely rely
on manual observation and periodic inspection, which
are rather labor intensive, and cannot identify
abnormalities in large-scale aquaculture systems in
their early stages. Thus, the suggested framework will
combine with deep learning-based health
measurement and behavioral study and visual features
with the aid of which it will be possible to monitor the
condition of fish in an automatically organized way.
The suggested health assessment system measures
numerous health indicators such as the presence of
abnormalities in swimming, surface lesion, color,
damage on the fins and loss of mobility. The patterns
of fish trajectories and motion consistency as provided
by the tracking module are used to analyze swimming
abnormalities. Properly fished fish will spend most of
their time in a smooth and synchronous swimming
motion whereas distressed and or diseased fish tend to
exhibit unusual movement, abrupt turns or direction,
or lengthy periods of inactivity. The analysis of
experiments revealed that an average increase in the
movement deviation was about 37 percent in abnormal
fish, as compared to healthy fish in controlled
aquaculture conditions.

Visual texture analysis and appearance based feature
extraction of the improved underwater images are
done to detect the lesion on the surface. Age lesions,
wounds and infected areas are recognized through
examination of abnormal texture discontinuities and
surface irregularities of fish bodies. The color change
analysis is also included since unhealthy fish often
have pale bodies, dark pigmentation, or abnormal
pigmentation of the body due to the stress or
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infection, or due to poor water quality. The
recommended structure also tracks fin damage
conditions that include torn and structural
deformation, and a decrease in the fin movement
activity, which are typical symptoms of physical
damage or bacterial infection in the aquaculture
environments. Another significant indicator of health
that will be incorporated in the proposed framework is
reduced mobility. Stressed or diseased fish will tend to
be slower in swimming, less active and interact less
with the rest of the fish groups. Experimental
observations proved that unhealthy fish had practically
42% less mean movement activity than a healthy fish.
This system constantly examines the fish velocity, the
intensity of activity and the change in trajectory to
detect these abnormalities related to mobility in real-
time.

To achieve intelligent health classification, the
suggested framework resorts to the EfficientNetBO
deep learning architecture due to its lightweight
structure, great classification precision, and
computational efficiency. EfficientNetBO implements
optimization of network depth, width and resolution in
terms of compounds extraction and classification. The
model is fed with upgraded underwater fish images
and it isolates discriminatory visual features that
relate to health conditions of fish. To enhance the
convergence rate and the classification accuracy, the
use of pretrained ImageNet weights is applied in order
to transfer learning. A labeled underwater fish health
dataset is then used to fine-tune. Training the
EfficientNetBO model will be done with a input image
resolution of 224 x 224 pixels with a batch size of 32
and an initial learning rate of 0.0001. Categorical
cross-entropy loss is minimized by Adam optimizer in
the course of training. The training duration is 100
epochs where dropout regularization is done to
minimize overfitting and enhance the ability to
generalize the model. The proposed health
classification model was experimentally tested and
yielded an overall classification accuracy of 95.8%,
Precision of 94.9, Recall of 94.2 and F1-score of 94.5%
on assessing fish health in real underwater conditions.

The system proposed splits fish into four general
health categories, which include healthy fish, stressed
fish, diseased fish and injured fish. The following are
the indicators of healthy fish; stable swimming,
normal coloration and movement behavior. Several
signs associated with stressed fish include high levels
of movement irregularity, subtle changes in color and
low activity of fish due to environmental disturbances
or low water quality. The characteristics of diseased
fish include abnormal swimming patterns, surface
anomalies, discolouration and extensive periods of
inactivity. Physically injured fish are distinguished by
the damage to their fins, external injuries, and
abnormal movement of the trajectory caused by
physical damage. Fusion of behavioural analysis and
EfficientNetB0-based visual classification can ensure a

high degree of reliability and accuracy of fish health
checking in the underwater aquaculture systems. The
proposed framework uses motion-based analysis and
deep visual features extraction to detect
abnormalities involving health-related issues at an
early stage and intelligently make a decision to ensure
automated management of smart aquaculture.

7. EXPERIMENTAL SETUP

The test configuration of the proposed underwater
vision system aimed at testing the efficiency of
underwater image reconstruction, YOLOv8-based fish
recognition, behavioral analysis and health inspection
in real time conditions of smart aquaculture. The
experiments were implemented on high-performance
computing hardware and optimized deep learning
software frameworks so that the training and the
ability to inference in real-time was stable. The
hardware setup was an NVIDIA RTX 3080 graphics card
with 10 GB dedicated memory to allow the
computation of deep learning accelerated and parallel
processing. The processor used was an Intel Core i9-
12900K with a speed of 3.20 GHz which was used to
process the data very fast and execute the models.
The workstation had 32 GB DDR5 RAM to help with
massive processing and processing of underwater
images and multi-thread training. To obtain the
underwater image, a high-resolution underwater
camera with the ability to record a video of 1920 x
1080 pixels and 60 FPS was employed. The camera also
had low-light adaptive imaging solution and protection
against water use in deployment in aquaculture.

Coding of the software environment was done in
Python 3.10 due to its high support of deep learning
and computer vision packages. The main deep learning
system that was applied to train, optimize, and infer
the model was PyTorch 2.0. The preprocessing of
underwater images and enhancement operations,
video processing and visualization were performed
with the help of OpenCV 4.8. Fish detection,
localization, and tracking were incorporated into the
YOLOv8 framework offered by Ultralytics. All the
experiments were carried out in the environment of
the Ubuntu 22.04 operating system and CUDA
acceleration was turned on to perform the
computation with a graphics card. The framework was
tested on several publicly existing datasets of
underwater fish such as Fish4Knowledge, DeepFish,
and the URPC underwater dataset. Fish4Knowledge is
a large dataset of underwater fish images that were
taken in multiple conditions of lighting and the
environment, which makes it appropriate to detect
and analyze fish behavior. The DeepFish dataset
contains fish photos with the variety of species
distributions and visibility conditions at underwater
depths that can be used to test the object detection
effectively. The URPC data set has demanding
underwater scenarios with low light conditions,
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scattering and dense water to test improvement and
detection resilience. The merged dataset that was
employed in this research was comprised of about
18500 annotated underwater fish images and 12 hours
of underwater video sequences both as training and
evaluation data.

To attain better convergence and better detection
stability the YOLOv8 detection model and the
EfficientNetBO health classification framework were
trained with optimized training parameters. The size
of the batch was set to 16 in the training of YOLOvV8
and 32 in the training of EfficientNetB0O. YOLOv8 and
EfficientNetBO were trained with a starting learning
rate of 0.001 and 0.0001 respectively and with 100
epochs. Adam optimizer was chosen due to the
stability in convergence and the ability to learn
automatically in deep neural networks. Random
flipping, brightness modification, scaling, and rotation
data augmentation methods were employed in the
training process to enhance generalization and
resistance of the models to change in the underwater
environment. The suggested framework showed a
consistent convergence in training and a great deal of
real-time inference with maximized calculation
performance. Table 1 sums up the experimental setup
of this study.

Table 1. Experimental Setup Parameters

Parameter Value

GPU NVIDIA RTX 3080
CPU Intel Core i9
RAM 32GB

Camera Resolution 1920 x 1080
Frame Rate 60 FPS
Framework YOLOv8
Programming Language Python 3.10

Deep Learning Library PyTorch 2.0

OpenCV Version OpenCV 4.8

Datasets Fish4Knowledge, DeepFish, URPC
Total Images 18,500+

Batch Size 16

Epochs 100

Learning Rate 0.001

Optimizer Adam

Input Size 640 x 640

8. PERFORMANCE EVALUATION AND RESULTS

The underwater vision framework was thoroughly
tested and evaluated to study its success in
underwater image enhancement, fish detection, and
tracking, behavioral analysis and ableness to make real
time inferences. Fish4Knowledge, DeepFish, and URPC
underwater datasets with different underwater
conditions like low illumination, turbidity of water,
fish occlusion, motion blur as well as dense aquatic
environments were used to experimentally analyze.
The analysis involved quality measures in
improvements and object detection, classification
quality, and computational efficiency to confirm that

the proposed framework fitted the smart aquaculture
application.

Image enhancement underwater module increased the
quality of the image and the visibility of the
underwater object immensely. Fig 2 illustrates the
performance of the original underwater image, CLAHE-
enhanced output and the proposed enhancement
framework. The images initially were in the water
which had a poor contrast, severe color attenuation,
and low visibility due to underwater scattering and
light absorption effects. CLAHE has enhanced local
contrast, and fish boundaries, but there were artifacts
of the noise amplification and uneven light in certain
areas of the image. The suggested improvement
scheme resulted in significantly sharper images of the
underwater scenes with enhanced contrast, color
restoration, and minimized haze. Details of fish
contours, body textures, and underwater scenes were
more easily discernible with the post-enhancement,
which directly enhanced the accuracy of the
downstream fish detection and tracking tasks.

To quantitatively assess underwater enhancement
performance, PSNR, SSIM and UIQM indicators were
used. The initial underwater images had a mean PSNR
of 18.6 dB meaning poor reconstruction and low
visibility. The quality of image reconstruction
improved by a significant margin since CLAHE
enhancement attained 24.8 dB and the proposed
framework of enhancing images attained 31.4 dB after
CLAHE enhancement. Likewise the values of SSIM
improved as the original image was compared with the
CLAHE image (0.61) and subsequently with the
improved image of the proposed method (0.92), which
proves the enhanced structural similarity and visual
consistency. The metric of the UIQM also increased by
2.14 to 4.36 which confirms the increased ability of
the proposed framework in underwater visual
perception. These findings affirm that the hybrid
enhancement technique goes a long way in enhancing
the quality of underwater images and aids in powerful
fish detection in harsh underwater conditions.

The fish detection system that was built based on
YOLOv8 showed high-quality detection in a real-life
situation of underwater aquaculture. Fig 3 shows the
practical results of the suggested detection and
tracking scheme, in which several fish objects have
been effectively observed and traced in real-time in
terms of bounding boxes, fish marks, confidence
scores, and tracking IDs. The suggested model was
able to correctly position fish objects at low-contrast
and incomplete obfuscation of underwater scenes. The
values of detection confidence were between 0.90 and
0.96, so fish localization and classification were highly
reliable. The further integration of DeepSORT made it
possible to maintain the identity continuously and
generate the trajectory of long-duration underwater
monitoring tasks.
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Fig 3. Real-time fish detection and tracking results using the YOLOv8-based underwater vision model.

Quantitative assessment of the detection performance
of the proposed YOLOv8 framework was done based on
mAP@0.5, mAP®@0.5:0.95, Precision, Recall, loU and
FPS measures. Experimental analysis showed that the
proposed model was able to reach anmAP at 0.5 of
96.4, which validates the high accuracy of localization
of fish. The mAP 0.5:0.95 was 91.2, which means that
the accuracy was consistent across the different loU
thresholds. The presented system also delivered
Precision of 95.1% and Recall of 94.3% showing high
rates of positive detection and low rates of false-
negatives. loU value of 90.8% ensured the correct
overlap of predicted fish regions and ground-truth
annotations. Also, the system was able to process at a
real-time of about 42 FPS and was exceptionally fit to
undertake continuous underwater surveillance and
even smart aquaculture implementation.
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The training and validation accuracy/loss curves of the
proposed YOLOv8 model are shown in Fig 4. The
accuracy of the training rose gradually (56% in the first
epochs to about 97% after 100 epochs) and the
validation accuracy of 96 indicated a good
generalization and convergence characteristics. At the
same time, training loss and validation loss steadily
decreased during the training process, and finally,
they fell to 0.06 and 0.08 respectively. The curves of
convergence support that our model was optimized
with a stable optimization as well as the absence of
overfitting and a training instability. The 96.4% mAP at
0.5 of the optimized YOLOv8 architecture after
training is also another way to support the success of
the architecture in underwater fish detection.

(b) Loss Curve
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Fig 4. Training and validation accuracy/loss curves of the proposed YOLOv8 model.

The analysis of confusion matrix showed that it
estimates accurate performance of fish health

classification in various categories of visual and
behavioral health. Accuracy of classification of healthy
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fish was 97.1%, and the stress, diseased, and injured
fish classified with 94.6%, 93.8%, and 92.9% accuracy
respectively. The misclassification was minimal and
mainly between stressed and slightly diseased fishes
due to a similarity in their behavioral patterns when
underwater. The confusion matrix revealed that
integration of EfficientNetB0-based health assessment
and behavioral analytics showed an enormous
difference in the robustness of classification and
witnessed fewer false-positive health predictions.

The relative comparison of the suggested YOLOv8
architecture with traditional detection networks such
as Faster R-CNN, SSD, YOLOv5, and YOLOv7 is summed
up in Table 2 and Fig 5. Faster R-CNN got a mAP at 0.5

of 87.5%, Precision 0f86.2%, Recall of 85.4% and a
processing speed of only 12 FPS due to its
computationally intensive region proposal mechanism.
SSD exceeded 26 FPS at the cost of lowering the
detection accuracy at 84.2% mAP®@0.5. YOLOv5 was
more balanced in terms of accuracy and speed with
91.8% mAP 0.5 and 35 FPS. YOLOv7 also enhanced the
detection with 94.1% mAP®@0.5 and 39 FPS. But the
suggested YOLOv8 model was at the top of all models
suggested to compare with and gained the best mAP of
96.4, Precision of 95.1%, Recall of 94.3% and 42 FPS in
real time. Fig 5has shown clearly how the proposed
YOLOv8 model has a better performance in terms of
detection performance in all measurements used.

Table 2. Comparative Detection Performance Analysis

Model mAP®@0.5 (%) | Precision (%) | Recall (%) | FPS
Faster R-CNN 87.5 86.2 85.4 12
SSD 84.2 83.5 82.7 26
YOLOV5 91.8 90.7 89.9 35
YOLOv7 94.1 93.4 92.8 39
Proposed YOLOv8 | 96.4 95.1 94.3 42
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Fig 5. Comparative analysis of detection metrics including mAP, Precision, and Recall.

YOLOvS

Fig 6 shows the comparison of real-time FPS of SSD,
Faster R-CNN, YOLOv5, and the proposed YOLOv8
framework. The lowest real-time performance of
Faster R-CNN was with 12.4 FPS and an inference
latency of around 92.1 ms because it used a two-stage
detection process. SSD demonstrated a moderate real-
time execution (26.3 FPS) and inference latency (45.2
ms). YOLOv5 enhanced the processing speed (35.2 FPS)
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and the inference latency (32.1 ms). The suggested
YOLOv8 system has reached the highest real-time
throughput of 42.6 FPS and the shortest inference
latency of about 23.5 ms/per frame. These findings
support the idea that the framework proposed is more
computationally efficient and meets the demands of
continuous real time underwater fish monitoring
systems.

YOLOvS

YOLOv8 (Proposed)

Fig 6. Frames per Second (FPS) comparison for real-time underwater fish detection models.
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On the whole, the results of the experiment prove that
the suggested deep learning-enhanced underwater
vision system notably enhances the quality of
underwater images, accuracy of fish detection,
tracking performance, ability to analyze behavior, and
real-time process performance. Underwater
enhancement, YOLOv8 detection, DeepSORT tracking,
and EfficientNetBO based health assessment
integration offers a scalable and intelligent solution to
next-generation smart aquaculture  monitoring
application.

9. DISCUSSION

The developed deep learning-based underwater vision
model showed great results in detecting underwater
fish, tracking and analyzing their behavior, as well as
performing intelligent health check-up of smart
aquaculture. The experimental assessment proved that
the combination of underwater image enhancement
and the detector YOLOv8 has shown a significant
enhancement of the reliability of the monitoring in
poor underwater conditions such as the low visibility,
turbidity, motion blur, and fish occlusion. The
framework of improvements suggested was efficient in
enriching the quality of underwater images, increasing
the image clarity, and making fish boundaries more
visible. The PSNR of 31.4 dB, SSIM of 0.92 and UIQM
value of 4.36 indicated the efficiency of the
enhancement module in enhancing underwater visual
perception and facilitating sound object detection.

The fish detector framework based on YOLOv8
demonstrated better results in comparison to the
traditional fish detector base models, which include
Faster R-CNN, SSD, YOLOv5, and YOLOv7. This
proposed model showed an mAP0.5 of 96.4, Precision
of 95.1, Recall of 94.3 and real-time processing speed
of 42 FPS to demonstrate that it is appropriate in
continuous underwater monitoring. The YOLOv8
anchor-free detection method enhanced the fish
localization performance and minimized
computational power demands, allowing running
through the underwater dynamics real-time inference.
Moreover, DeepSORT integration enhanced reliability
of tracking multiple objects by preserving fish
identities and producing continuous swimming paths of
the fish when long-duration monitoring activities are
carried out.

The characteristics of the proposed framework that
make it one of the key strengths of the system is that
it makes real-time fish monitoring both a highly
accurate detector and a low inference latency
inference. The integration of improvement,
recognition, monitoring and health evaluation in a
single architecture helps in ensuring non-stop
underwater monitoring without human intervention.
Enhanced visibility underwater directly led to the
strength of detection in fishes especially under dim
light and murky water. Further to the above,

EfficientNetBO-based health classification allowed
automated health assessment of fish to detect
abnormal movement, surface features, and lack of
mobility, and disease related visual features. The
valuable information about fish behavior based on
intelligent behavioral analytics about fish activity
patterns, schooling behavior, and the state of stress
led towards accurate management of aquacultures and
improved prediction of diseases at an early stage.

The suggested framework is also very scalable to
deploy smart aquaculture. The observed real-time
inference rate of around 42 FPS and low latency of less
than 30 ms are the validation of the computational
viability of the implementation of the system in good
underwater monitoring rate. The framework has the
capability of facilitating a sustained count of fish,
automated health, analytics of behavior, and
observation of the environment in small and large-
scale aquaculture systems. Moreover, the modular
design allows connecting in the future with loT-based
aquaculture systems and automated decision-support
systems.

The presented vision framework of underwater is
applicable in practical applications in smart fisheries
and marine monitoring systems in several important
ways. The framework would facilitate the constant
analysis of fish behavior, automated monitoring of
their health and optimization of feeding in smart fish
farms. It is also applicable in marine biodiversity
monitoring in order to monitor fish population, the
movement of various species and ecological dynamics
in water bodies. Another valuable application is
disease surveillance since the abnormal swimming
behavior, decreased activity, and surface anomalies
could be observed at the initial stages when the
disease outbreak could be in large masses. In addition,
the proposed structure can facilitate the automated
feeding procedures, as it will work with real-time
analysis of fish moving activity and feeding. Intelligent
underwater vision technologies might also find
applications in environmental monitoring applications,
which can underwater behavioral analysis and
observation of the aquatic ecosystem.

Although the results of this experiment are promising,
there are a number of limitations to the proposed
framework. The underwater lighting dependency still
prevails in the quality of image under the very low-
light conditions and extremely turbid water
conditions. The variability of datasets can also be a
problem as underwater fish datasets are usually
characterized by variability in the species diversity,
camera angle, light conditions and environmental
noise. Live deployment also needs high performance
hardware like the use of GPU acceleration to maintain
consistent inferences speed and low latency. Tracing
accuracy can sometimes be decreased and identity
switching errors can occur during long-duration
monitoring by fish occlusion and dense schooling
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behavior. In addition, incorporation of various deep
learning modules such as enhancement, detection,
tracking, and classification entails higher
computational and energy demands of a continuous
real-time mode.

10. FUTURE WORK

The proposed vision framework can be enhanced
further in future studies through the incorporation of
Vision Transformer-based designs to extract features
in the form of fish and to understand an underwater
scene. Transformer-based models can enhance small-
object detection ability and long-range contextual
learning in the highly-complex underwater conditions.
Another noteworthy future direction is edge-Al
underwater, since optimizing the computational costs
of inference will be able to support low-power
embedded systems used to monitor aquaculture.

Another avenue that can be considered is fed
aquaculture intelligence frameworks that can be used
to learn in multiple aquaculture plants without
compromising data privacy and creating
overdependence on a single central computer. The
instruments of multi-camera underwater surveillance
can also enhance the reliability of fish tracking and
minimize the limitations of tracking that arise due to
occlusions by allowing behavioral analysis to be carried
out using multiple views simultaneously. Future
studies may also explore 3D underwater fish-tracking
systems to perform a more precise spatial movement
and further interpret behavior.

Self-driving underwater robotic surveillance systems
combined with Al-based underwater vision systems can
also be an enticing future. These systems would be
able to handle continuous monitoring of marine
ecosystems, inspecting the underwater, profiling of
autonomous fish behavior, and smart monitoring of the
environment without human intervention. Underwater
robotics plus edge computing and deep learning
analytics could greatly enhance the functionality of
the next-generation smart aquaculture and smart
fisheries management framework.

11. CONCLUSION

This study introduced a Deep Learning-based
underwater vision system to study fish behavior and
monitor their health in intelligent aquaculture
systems. The presented framework incorporated
underwater image quality improvement, underwater
fish detection (YOLOv8), underwater tracking
(DeepSORT), behavioral analytics, and underwater
health assessment (EfficientNetB0) as part of a single
intelligent monitoring system. The underwater image
enhancement module substantially enhanced the
quality of underwater images by minimizing haze
effects, enhancing contrast, and enhancing the

visibility of fish in adverse light conditions in water.
The YOLOv8 detection model is highly effective in fish
detection as it is able to reach a mAP at 0.5 of 96.4%,
Precision of 95.1%, Recall of 94.3% and run at a
processing rate of about 42 FPS. It was possible to
monitor the behavioral patterns and the automatic
health monitoring of the underwater conditions and
the trajectories of the swimmers on the regular basis,
the stress states and the abnormalities of the diseases
in underwater condition because of the integration of
behavioral analysis and monitoring of the health. It
was experimentally verified that the suggested
framework offers high accuracy in detecting, strong
tracking abilities, and a high real-time processing
capacity and a consistent health assessment of
intelligent smart aquaculture systems. The proposed
framework will work towards the creation of scaled Al-
powered fisheries monitoring technologies that will be
used to assist in providing automated underwater
monitoring, accurate aquaculture, disease prevention,
and smart marine ecosystem monitoring. Future Al-
based underwater surveillance systems with enhanced
deep learning designs, edge computing, federated
intelligence, and autonomous underwater robotics will
contribute significantly to next-generation sustainable
smart fisheries and smart aquaculture ecologies.
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