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Abstract—Continuous observation of underwater ecosystems
plays a critical role in sustainable fisheries management, marine
biodiversity assessment, and intelligent aquaculture operations.
However, reliable monitoring remains challenging due to adverse
imaging conditions such as light attenuation, turbidity, scattering,
and dynamic backgrounds caused by aquatic vegetation and
suspended particles. These factors significantly degrade visual
quality in underwater recordings, making manual analysis of
marine footage inefficient and prone to error. Consequently,
automated fish detection systems based on computer vision and
deep learning have emerged as a promising solution for large-
scale ecological monitoring and aquaculture surveillance.

Recent advances in object detection have been largely driven
by deep convolutional neural networks, particularly the You
Only Look Once (YOLO) family and Region-Based Convolutional
Neural Network (R-CNN) architectures. While modern YOLO
detectors provide high inference speed and enable real-time
analysis of video streams, their grid-based detection mechanism
often struggles with precise localization of small or overlapping
objects in cluttered underwater scenes. Conversely, region-based
models such as Faster R-CNN offer superior bounding-box
refinement and classification accuracy but suffer from higher
computational overhead, limiting their applicability in real-time
marine monitoring systems deployed on embedded platforms.

To address these limitations, this study proposes a hybrid
deep learning framework that integrates the rapid detection
capability of YOLOV9 with the localization refinement strength
of a Region-Based Convolutional Neural Network. In the pro-
posed architecture, YOLOVY functions as the primary detector
to generate candidate object regions in real time, while the
RCNN module performs secondary verification and bounding-
box optimization to improve detection reliability in complex
underwater environments. In addition, lightweight image en-
hancement techniques and attention-driven feature extraction are
incorporated to mitigate the effects of turbidity, low illumination,
and background interference commonly observed in marine
imagery.

The proposed framework is evaluated using publicly avail-
able underwater datasets including Fish4Knowledge and OB-
SEA, along with additional annotated underwater video samples
collected from marine monitoring platforms. Performance is
assessed using standard object detection metrics such as mean
Average Precision (mAP), precision, recall, and frames per
second (FPS) to measure both detection accuracy and real-time
processing capability. Experimental results demonstrate that the
hybrid YOLOV9-RCNN model achieves an improved detection
performance with a mean Average Precision exceeding 92%,
while maintaining real-time inference speeds above 35 FPS on
GPU-enabled systems. Compared with standalone YOLO and
Faster R-CNN baselines, the proposed approach significantly
enhances localization accuracy for small and partially occluded
fish while preserving computational efficiency.

The developed framework provides a practical and scalable so-
lution for automated underwater visual monitoring. Its capability
to perform accurate real-time fish detection makes it suitable for
deployment in aquaculture farms, marine biodiversity studies,
and intelligent ocean observation systems. Overall, this work
contributes a hybrid detection architecture that effectively bal-
ances speed and accuracy, advancing the development of robust
computer vision systems for underwater ecological monitoring.

Keywords—Underwater Fish Detection, YOLOVY, Faster R-
CNN, Deep Learning, Marine Monitoring, Object Detection,
Aquaculture Surveillance

I. INTRODUCTION
A. Background

Marine ecosystems represent one of the most complex and
biologically productive environments on Earth. Oceans support
a vast diversity of species, regulate global climate processes,
and provide an essential source of food and livelihood for
millions of people worldwide. According to global fisheries
statistics, aquatic food production has experienced continuous
growth during the past two decades, largely driven by the
rapid expansion of aquaculture industries [1]. This growth
has intensified the need for reliable and scalable monitoring
technologies capable of assessing fish populations, detect-
ing abnormal behavior, and ensuring sustainable resource
management. Traditional monitoring practices, such as diver-
based surveys, trawling operations, and manual annotation of
underwater footage, are labor-intensive, costly, and limited in
temporal coverage [2].

The proliferation of underwater cameras, autonomous un-
derwater vehicles (AUVs), and remotely operated vehicles
(ROVs) has generated large volumes of marine visual data that
require automated processing [3]. In this context, computer
vision and deep learning techniques have emerged as promis-
ing tools for analyzing underwater imagery and enabling real-
time ecological monitoring. Automated fish detection systems
can support aquaculture operations by monitoring feeding
behavior, estimating fish stock density, and identifying early
signs of disease [4]. In ecological research, these systems
facilitate large-scale biodiversity studies and allow continu-
ous observation of marine habitats without disturbing natural
ecosystems [5].

Recent progress in deep neural networks has significantly
improved object detection accuracy in complex visual en-
vironments. Convolutional neural network (CNN) architec-
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Fig. 1: Growth trend of global aquaculture production high-
lighting the increasing demand for automated marine monitor-
ing technologies.

tures have demonstrated strong performance in visual recog-
nition tasks across multiple domains, including autonomous
driving, medical imaging, and environmental monitoring [6].
Among modern detection frameworks, the You Only Look
Once (YOLO) family has gained considerable attention due
to its end-to-end architecture and real-time inference capa-
bility [7]. Successive iterations such as YOLOvS, YOLOv7,
and YOLOvS have demonstrated effective performance in
underwater fish detection tasks [8]. Meanwhile, region-based
detection frameworks, including Faster R-CNN and Mask R-
CNN, have shown superior localization accuracy and object
classification performance [9].

The increasing adoption of these techniques has contributed
to the development of intelligent marine monitoring systems.
Figure 1 illustrates the global growth trend of aquaculture
production during the last decade, highlighting the increasing
importance of automated monitoring technologies for sustain-
able fish farming.

B. Problem Statement

Despite the promising potential of deep learning-based de-
tection systems, underwater fish detection remains a challeng-
ing problem. The underwater environment introduces several
factors that significantly degrade image quality and complicate
object recognition tasks. Water turbidity caused by suspended
particles reduces visibility and attenuates light propagation,
leading to blurred or low-contrast images [10]. Additionally,
wavelength-dependent light absorption results in severe color
distortion, where red wavelengths are absorbed more rapidly
than blue or green wavelengths [11].

Another critical challenge is the frequent occurrence of
occlusion in underwater scenes. Fish often swim in dense
schools or remain partially hidden behind aquatic vegetation
and coral structures, making accurate detection difficult [12].
Furthermore, underwater monitoring cameras typically capture
wide-angle views of large marine habitats, causing many fish
to appear as very small objects occupying only a few pixels
within an image frame. Detecting such small targets reliably
remains a persistent challenge in modern object detection

models [13]. These environmental and visual constraints col-
lectively contribute to high false detection rates and missed
targets, limiting the reliability of automated fish monitoring
systems.

C. Limitations of Existing Approaches

Modern deep learning-based detectors generally fall into
two major categories: one-stage detectors and two-stage detec-
tors. One-stage detectors, particularly those belonging to the
YOLO family, perform object localization and classification
simultaneously within a single network architecture [7]. Their
simplified pipeline allows extremely fast inference speeds,
making them well suited for real-time applications such as
surveillance and robotics. However, YOLO-based detectors
often struggle with precise localization of small or overlapping
objects because predictions are generated directly from coarse
grid-based feature maps [14]. In underwater scenes containing
densely packed fish, this limitation can lead to inaccurate
bounding boxes or missed detections.

Two-stage detection frameworks such as Faster R-CNN
follow a different strategy by first generating region propos-
als and subsequently performing classification and bounding
box refinement [9]. This design enables higher localization
accuracy and improved handling of complex object structures.
Nevertheless, the additional processing stages significantly
increase computational overhead and inference latency. As
a result, two-stage detectors are often unsuitable for real-
time underwater monitoring systems deployed on resource-
constrained platforms such as underwater drones or embedded
aquaculture devices [15].

Table I summarizes the fundamental differences between
YOLO-based and R-CNN-based detection paradigms.

These limitations suggest that neither approach alone pro-
vides an ideal solution for underwater fish detection tasks that
require both high accuracy and real-time performance.

D. Research Objectives

To overcome the aforementioned challenges, this research
aims to design a hybrid object detection framework that
combines the complementary strengths of one-stage and two-
stage detectors. The primary objective is to develop a hybrid
YOLOvV9-RCNN architecture capable of achieving both real-
time detection speed and improved localization accuracy in
complex underwater environments. The proposed system seeks
to enhance detection robustness under conditions of turbidity,
low illumination, and occlusion while maintaining computa-
tional efficiency suitable for edge deployment.

E. Research Questions

The investigation presented in this work is guided by three
fundamental research questions. First, it seeks to examine
recent advancements in deep learning-based fish detection
techniques and identify emerging architectural trends in under-
water object detection models. Second, it evaluates the limita-
tions associated with current YOLO-based and RCNN-based
frameworks when applied to underwater visual monitoring.
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TABLE I: Comparison of YOLO and RCNN-based detection approaches

Model Type

Strengths

Limitations

YOLO-based Detectors

High speed, real-time inference

Weak small-object localization

RCNN-based Detectors

High detection accuracy

High computational cost

Third, it explores whether a hybrid architecture combining
YOLOV9 and RCNN components can effectively balance
detection speed and localization accuracy for real-time under-
water monitoring systems.

FE. Contributions of the Study

In response to these challenges, this study introduces a
hybrid deep learning framework that integrates the high-
speed detection capabilities of YOLOV9 with the localization
refinement strengths of a Region-Based Convolutional Neu-
ral Network. The proposed approach incorporates attention-
based feature enhancement mechanisms to improve detection
robustness in visually degraded underwater conditions. Addi-
tionally, the architecture is optimized for deployment on edge
computing platforms through lightweight inference techniques
and hardware acceleration strategies. The proposed system is
extensively evaluated using benchmark underwater datasets,
including Fish4Knowledge and OBSEA, demonstrating im-
proved detection accuracy and real-time processing capability.
Collectively, these contributions provide an effective com-
putational framework for intelligent underwater monitoring
systems and advance the development of automated marine
ecosystem analysis technologies.

II. LITERATURE REVIEW

The rapid progress of deep learning and computer vision
techniques has significantly influenced the development of
automated underwater monitoring systems. Numerous studies
have explored machine learning and deep neural networks
to address the problem of fish detection in underwater en-
vironments. However, despite notable advancements, several
technical limitations remain, particularly in scenarios charac-
terized by poor visibility, object occlusion, and constrained
computational resources. This section reviews the major de-
velopments in underwater fish detection research, focusing
on deep learning approaches, object detection architectures,
underwater image enhancement techniques, and lightweight
deployment strategies.

A. Deep Learning for Underwater Fish Detection

Early attempts at automated fish detection relied on hand-
crafted features and classical machine learning algorithms.
These methods typically employed feature descriptors such
as Histogram of Oriented Gradients (HOG), scale-invariant
feature transform (SIFT), or color histograms combined with
classifiers such as Support Vector Machines (SVMs) [16].
Although these techniques provided moderate detection accu-
racy under controlled conditions, they were highly sensitive to
variations in illumination, background clutter, and underwater
turbidity.
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Fig. 2: Growth trend of deep learning-based underwater fish
detection research.

The introduction of convolutional neural networks (CNNs)
revolutionized object detection and image classification tasks.
CNN architectures are capable of automatically learning hi-
erarchical feature representations directly from image data,
significantly improving detection robustness in complex en-
vironments [17]. In underwater fish detection, CNN-based
frameworks have been widely adopted to identify fish species,
estimate fish abundance, and monitor behavioral patterns [18].
For instance, Salman et al. proposed a deep CNN framework
for fish classification using underwater imagery collected
from the Fish4Knowledge dataset, demonstrating significant
improvements over traditional feature-based techniques [19].
Similarly, Villon et al. developed an automated fish detection
pipeline using deep neural networks to process large-scale
coral reef imagery datasets [20].

The increasing availability of underwater datasets and com-
putational resources has further accelerated research in this
domain. Figure 2 illustrates the growing number of deep
learning-based underwater fish detection studies reported in
recent years.

B. YOLO-Based Detection Models

Among modern object detection architectures, the YOLO
family of detectors has gained widespread popularity due to
its ability to perform object localization and classification si-
multaneously within a single network. YOLO-based detectors
are particularly suitable for real-time applications because they
process the entire image in a single forward pass [21].

Recent YOLO variants have been successfully applied to
underwater object detection tasks. YOLOVS, introduced by
Ultralytics, demonstrated improved accuracy and computa-
tional efficiency through enhanced backbone networks and
optimized anchor box mechanisms [22]. Researchers have
applied YOLOVS to detect marine organisms in underwater
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videos, achieving real-time performance on GPU-enabled sys-
tems.

Subsequent models such as YOLOvV7 introduced architec-
tural refinements including extended efficient layer aggrega-
tion networks (E-ELAN) and advanced training strategies that
improved detection accuracy without significantly increasing
computational complexity [23]. YOLOVS further enhanced the
architecture by adopting anchor-free detection mechanisms
and improved feature pyramid networks for multi-scale object
recognition [24].

More recently, YOLOV9 has been proposed with innovative
gradient flow optimization strategies and improved feature
representation capabilities. The architecture introduces pro-
grammable gradient information (PGI) and generalized effi-
cient layer aggregation networks (GELAN), which improve
feature propagation and detection accuracy in complex scenes
[25]. Despite these advancements, YOLO-based detectors still
encounter difficulties when detecting small or densely packed
objects, which frequently occur in underwater fish schools.

C. Region-Based CNN Methods

Region-based detection models represent another important
class of object detection architectures. Unlike single-stage
detectors, these models employ a two-stage detection pipeline
in which candidate object regions are first generated and then
classified using a convolutional network [26].

The original R-CNN architecture introduced region pro-
posal methods combined with deep CNN feature extraction to
achieve high detection accuracy [26]. However, its computa-
tional inefficiency limited practical applicability. Fast R-CNN
addressed this limitation by sharing convolutional computa-
tions across region proposals, thereby reducing training time
[27]. Later, Faster R-CNN introduced a Region Proposal Net-
work (RPN) that significantly improved detection efficiency
while maintaining high accuracy [28].

Mask R-CNN further extended the Faster R-CNN frame-
work by incorporating instance segmentation capabilities, en-
abling pixel-level object delineation [29]. Several underwater
detection studies have utilized Faster R-CNN and Mask R-
CNN for marine species recognition due to their superior local-
ization capabilities [30]. Nevertheless, the two-stage nature of
these models results in higher inference latency, which limits
their suitability for real-time underwater monitoring systems.

D. Image Enhancement for Underwater Vision

Underwater imaging systems are severely affected by light
attenuation, scattering, and wavelength absorption. These phe-
nomena lead to color distortion, low contrast, and blurred
visual structures [31]. To address these issues, several image
enhancement techniques have been proposed to improve the
visual quality of underwater images prior to object detection.

Traditional enhancement methods include histogram equal-
ization, white balance correction, and contrast stretching.
More recent approaches utilize deep learning-based models to
restore degraded underwater imagery. For example, generative
adversarial networks (GANSs) have been employed to perform

underwater image dehazing and color restoration [32]. Li et al.
proposed WaterGAN, a model capable of generating realistic
underwater image distortions and enhancing degraded images
[33].

Super-resolution techniques such as Enhanced Super-
Resolution Generative Adversarial Networks (ESRGAN) have
also been used to improve spatial detail in underwater images,
enabling better detection of small marine organisms [34].
While these methods significantly improve image clarity, they
often introduce additional computational overhead, which may
impact real-time processing performance.

E. Lightweight Models for Edge Deployment

The deployment of underwater monitoring systems on em-
bedded platforms such as underwater drones, sensor nodes,
and aquaculture monitoring devices requires lightweight neural
network architectures. To achieve efficient deployment, several
model optimization techniques have been explored.

Pruning techniques reduce the number of redundant network
parameters while preserving model performance [35]. Quan-
tization methods convert high-precision floating-point param-
eters into lower precision representations, reducing memory
consumption and inference latency [36]. Knowledge distil-
lation is another widely used approach in which a compact
student model learns to replicate the predictions of a larger
teacher network [37].

These optimization strategies enable deep learning models
to operate efficiently on low-power hardware platforms such
as NVIDIA Jetson Nano or Raspberry Pi-based embedded
systems, which are commonly used in underwater monitoring
applications.

F. Research Gap Analysis

Despite the substantial progress achieved in underwater
fish detection research, several important challenges remain
unresolved. A key limitation is the trade-off between detec-
tion speed and localization accuracy. YOLO-based detectors
provide fast inference but often struggle with small-object
detection and precise bounding box localization. In contrast,
region-based detectors such as Faster R-CNN offer improved
accuracy but suffer from higher computational complexity.

Another major challenge arises from the poor quality of
underwater images caused by turbidity, color attenuation,
and variable lighting conditions. Although enhancement tech-
niques improve image clarity, they may introduce additional
processing latency that affects real-time performance. Fur-
thermore, many existing models are evaluated in laboratory
environments using powerful GPUs, which limits their appli-
cability in resource-constrained marine monitoring systems.

Table II summarizes the major limitations identified in the
literature.

These challenges indicate that a unified detection framework
capable of combining the speed advantages of one-stage detec-
tors with the localization accuracy of two-stage architectures
is required. The present study addresses this gap by proposing
a hybrid YOLOv9-RCNN framework designed to achieve
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TABLE II: Major research gaps in underwater fish detection systems

Challenge

Impact on Detection Systems

Speed vs Accuracy Trade-off

Real-time systems sacrifice detection precision

Small Object Detection

Fish appearing at small scales remain undetected

Image Degradation

Turbidity and color distortion reduce detection accuracy

Deployment Constraints

High computational cost limits edge implementation

Underwater

L RCNN Refinement
Image Acquisition

Image Preprocessing Edge Optimization

Detection Output

YOLOV9 Detection . e
Visualization

Fig. 3: Architecture of the proposed Hybrid YOLOvV9—RCNN
detection framework.

real-time detection performance while improving localization
accuracy in low-visibility underwater environments.

III. PROPOSED HYBRID YOLOV9-RCNN FRAMEWORK

This section presents the proposed hybrid object detection
architecture designed for robust and real-time underwater fish
detection in challenging marine environments. The framework
integrates the rapid inference capability of the YOLOV9 de-
tector with the precise localization capability of region-based
convolutional neural networks. By combining the advantages
of both one-stage and two-stage detection paradigms, the
proposed architecture aims to achieve a balanced trade-off
between detection speed and spatial accuracy, particularly in
scenarios characterized by low visibility, object occlusion, and
complex backgrounds.

A. System Overview

The proposed detection pipeline follows a multi-stage archi-
tecture that processes underwater images from acquisition to
final visualization. The system begins with underwater data ac-
quisition, followed by a series of preprocessing operations that
enhance visual quality and improve feature representation. The
enhanced images are then processed by the YOLOV9 detector
to generate initial bounding box predictions. These preliminary
detections are subsequently refined using an RCNN-based
localization module that improves object boundary preci-
sion and classification confidence. Finally, model optimization
strategies enable deployment on embedded edge devices.

Figure 3 illustrates the architecture of the proposed hybrid
detection framework.

The hybrid architecture ensures that candidate fish objects
are detected quickly through YOLOV9 while maintaining im-
proved localization accuracy through RCNN refinement. This
sequential processing strategy significantly enhances detection
reliability in visually degraded underwater environments.

B. Data Collection

The effectiveness of any deep learning detection model
is strongly dependent on the diversity and quality of the
training data. For this study, multiple underwater datasets were
combined to construct a comprehensive fish detection dataset
containing a wide variety of marine species and environmental
conditions.

The first dataset used is the Fish4Knowledge dataset, which
contains thousands of annotated underwater images and video
sequences captured in coral reef environments. The dataset
provides labeled fish species and bounding box annotations
across multiple underwater conditions. In addition, the OB-
SEA underwater observatory dataset was used to incorporate
long-term marine monitoring data recorded in Mediterranean
coastal waters.

To further improve environmental diversity, a custom dataset
was created using underwater video recordings collected from
publicly available marine observation footage and small-scale
field experiments. The dataset contains fish images captured
under different illumination levels, turbidity conditions, and
camera viewing angles.

Table III summarizes the characteristics of the datasets used
in the study.

TABLE III: Summary of datasets used for training and evalu-
ation

Dataset Images Species Environment
Fish4Knowledge | 27,000+ 23 Coral Reef

OBSEA 8,500+ 15 Coastal Marine
Custom Dataset 6,000+ 18 Mixed Conditions

The combined dataset contains over 40,000 annotated im-
ages and represents a wide range of underwater imaging
scenarios, thereby improving the generalization capability of
the proposed detection framework.

C. Image Preprocessing

Underwater images often suffer from severe quality degra-
dation caused by light absorption, scattering, and suspended
particles. These phenomena reduce contrast and introduce
strong color distortions, which negatively affect object detec-
tion algorithms. Therefore, a preprocessing stage was intro-
duced to improve the visual quality of the input images prior
to detection.

@ nttps://jsiar.com
¥ editor@isiar.com

© 2026 JSIAR



Journal of Scientific Innovation and Advanced Research (JSIAR) 2026

First, an underwater color correction technique was applied
to compensate for wavelength-dependent light attenuation.
This process restores natural color balance and improves visual
contrast. Subsequently, a dehazing algorithm was used to
reduce the scattering effect caused by underwater particles,
thereby improving image clarity.

In addition, Enhanced Super-Resolution Generative Adver-
sarial Networks (ESRGAN) were used to enhance image
resolution. This step increases the spatial detail of the images
and improves the detectability of small fish that may otherwise
appear blurred or indistinguishable in low-resolution underwa-
ter imagery.

Figure 4 illustrates the impact of the preprocessing stage on
underwater images.

| |
1 1.5 2 2.5 3
Processing Stage

Average Image Quality Score
o
o
I
|

Fig. 4: Improvement in average image quality after prepro-
cessing steps.

The enhanced images provide richer visual features for
subsequent neural network processing, leading to improved
detection accuracy.

D. YOLOv9-Based Initial Detection

The first detection stage of the proposed framework utilizes
the YOLOV9 architecture. YOLOVY is a state-of-the-art one-
stage object detector that incorporates programmable gradient
information and generalized efficient layer aggregation net-
works. These mechanisms improve feature propagation and
network learning stability.

Within the proposed framework, YOLOV9 performs three
primary functions: feature extraction, bounding box prediction,
and object classification. The backbone network extracts multi-
scale feature maps from the input images. These features are
processed through a detection head that predicts candidate
bounding boxes along with class probability scores.

One of the main advantages of YOLOVY is its ability
to perform multi-scale object detection. This capability is
particularly useful for underwater environments where fish
may appear at different distances from the camera, resulting
in significant variation in object size. Additionally, YOLOV9
supports high inference speed, enabling real-time processing
of underwater video streams.

E. RCNN-Based Localization Refinement

Although YOLO-based detectors provide fast detection
performance, they sometimes produce imprecise bounding
box predictions, particularly when objects are small, partially
occluded, or densely clustered. To address this limitation, a
region-based CNN module is integrated into the second stage
of the framework.

The RCNN refinement module receives candidate bounding
boxes generated by YOLOvV9 and performs a more detailed
analysis of each detected region. Through region pooling and
deeper convolutional feature extraction, the RCNN module re-
calculates bounding box coordinates and updates classification
confidence scores.

This refinement process significantly improves localization
accuracy and enables better detection of small fish, over-
lapping individuals, and partially occluded objects that are
commonly observed in underwater ecosystems.

E. Attention Mechanisms

To further enhance detection performance, attention mech-
anisms were integrated into the detection pipeline. These
modules enable the neural network to selectively focus on
informative regions of the image while suppressing irrelevant
background features.

The proposed framework incorporates Efficient Channel
Attention (ECA) modules to improve channel-wise feature
representation. ECA enables the network to dynamically adjust
feature importance across different convolutional channels
without introducing significant computational overhead.

In addition, residual attention blocks were incorporated
into the feature extraction layers. These blocks enhance the
network’s ability to capture subtle fish features such as shape
contours and texture patterns, which are often difficult to
distinguish in noisy underwater environments.

G. Edge Optimization

Real-world underwater monitoring systems frequently op-
erate on embedded hardware platforms with limited compu-
tational resources. Therefore, model optimization techniques
were applied to enable efficient deployment of the proposed
detection framework.

Network pruning was used to remove redundant parameters
from the trained model while maintaining detection accuracy.
Quantization techniques were also applied to convert floating-
point network weights into lower precision representations,
reducing memory usage and inference latency.

Furthermore, TensorRT acceleration was used to optimize
inference performance on GPU-enabled edge devices such
as the NVIDIA Jetson Nano. The optimized model can also
be deployed on lightweight platforms such as Raspberry Pi
systems integrated with external accelerators.

Figure 5 illustrates the operational workflow of the proposed
detection system.

The proposed hybrid YOLOvV9-RCNN framework intro-
duces a unified detection architecture that combines the real-
time processing capability of single-stage detectors with the
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Fig. 5: Operational flowchart of the proposed underwater fish
detection system.

precise localization capability of region-based convolutional
networks. By integrating advanced preprocessing techniques,
attention mechanisms, and edge optimization strategies, the
framework is specifically designed to address the challenges
of underwater fish detection in low-visibility environments.
The proposed approach enables accurate detection of small
and occluded fish while maintaining real-time inference perfor-
mance suitable for deployment in practical marine monitoring
systems.

IV. EXPERIMENTAL SETUP

This section describes the experimental configuration used
to evaluate the performance of the proposed Hybrid YOLOv9-
RCNN framework for underwater fish detection. The objective
of the experimental setup is to ensure a fair and reproducible
evaluation of the proposed model under realistic underwater
monitoring conditions. The experiments were conducted using
a combination of high-performance computing infrastructure
and embedded edge devices in order to assess both training
efficiency and real-time deployment feasibility. The experi-
mental design focuses on hardware configuration, software en-
vironment, and training parameters that collectively influence
the performance of the deep learning model.

A. Hardware Configuration

Training deep learning models for object detection requires
substantial computational resources due to the large number
of parameters involved and the high resolution of underwater
imagery. In this study, the primary training experiments were
conducted on a workstation equipped with an NVIDIA RTX
3090 GPU featuring 24 GB of dedicated VRAM. The work-
station utilized an Intel Core i9 processor operating at 3.7 GHz
with 32 GB of DDR4 system memory. The GPU architecture

enabled accelerated tensor computations and efficient parallel
processing required for large-scale convolutional operations.

In addition to the training workstation, embedded edge
devices were used to evaluate the real-time inference capability
of the proposed framework. The NVIDIA Jetson Nano devel-
opment board was selected as a representative edge computing
platform due to its widespread use in robotics and underwater
monitoring systems. The Jetson Nano is equipped with a
128-core Maxwell GPU and 4 GB of LPDDR4 memory.
Furthermore, a Raspberry Pi 4 system with 8 GB RAM was
also used to evaluate lightweight inference performance in
resource-constrained environments.

Table IV summarizes the hardware configuration used in the
experiments.

TABLE IV: Hardware configuration used in the experiments

Component Specification
GPU NVIDIA RTX 3090 (24 GB VRAM)
CPU Intel Core 19 (3.7 GHz)

32 GB DDR4
NVIDIA Jetson Nano (4 GB RAM)
Raspberry Pi 4 (8 GB RAM)

System Memory
Edge Device 1
Edge Device 2

The use of both high-performance GPUs and embedded
devices allowed the study to evaluate not only model accuracy
but also inference latency and computational efficiency in
practical deployment environments.

To illustrate the relative computational capabilities of the
hardware platforms used in this study, Figure 6 presents a
comparative analysis of processing performance measured in
inference frames per second (FPS).

80

60 - o

40 - _

20

Inference Speed (FPS)

JetsonNano  RaspberryPi4

0 |
RTX3090

Hardware Platform

Fig. 6: Inference performance comparison across different
hardware platforms.

As illustrated in Figure 6, the RTX 3090 GPU provides the
highest computational throughput, while embedded platforms
demonstrate lower but still practical inference speeds suitable
for edge-based monitoring systems.

B. Software Environment

The experimental implementation was developed using the
Python programming language due to its extensive support
for deep learning libraries and computer vision frameworks.
All model development, training, and evaluation procedures
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were conducted using the PyTorch deep learning framework,
which provides efficient GPU acceleration and flexible neural
network construction.

CUDA version 12.0 was used to enable GPU-based parallel
computation, allowing efficient execution of convolutional
operations and tensor processing. Additionally, the cuDNN
library was utilized to further optimize neural network per-
formance through hardware-accelerated primitives.

For image processing and dataset preparation, the OpenCV
library was employed. OpenCV facilitated image resizing, aug-
mentation, and preprocessing operations required for under-
water image enhancement prior to detection. The integration
of these software tools enabled efficient experimentation and
reproducible results across different hardware configurations.

Table V presents the software environment used in this
study.

TABLE V: Software environment used for implementation

Software Component Version
Python 3.10
PyTorch 2.1
CUDA 12.0
OpenCV 4.8

Operating System Ubuntu 22.04

The chosen software ecosystem ensures compatibility with
both high-performance computing platforms and embedded
systems, enabling seamless transition from model development
to real-time deployment.

C. Training Configuration

The proposed Hybrid YOLOvV9-RCNN framework was
trained using supervised learning on the combined underwater
fish detection dataset described earlier. The dataset was divided
into training, validation, and testing subsets following a stan-
dard 70:15:15 ratio to ensure reliable performance evaluation.

During training, images were resized to a resolution of
640 x 640 pixels to balance computational efficiency and
detection accuracy. A batch size of 16 images was used for
training on the RTX 3090 GPU. The model was trained for
100 epochs, allowing sufficient iterations for convergence of
the detection network.

The Adam optimizer was selected due to its ability to
provide adaptive learning rates and stable convergence during
training. The initial learning rate was set to 1 x 1074, and a
cosine learning rate scheduler was used to gradually reduce
the learning rate as training progressed.

Table VI summarizes the key training parameters used in
the experiments.

TABLE VI: Training configuration parameters

Parameter Value
Batch Size 16
Image Resolution 640 x 640
Epochs 100
Optimizer Adam
Initial Learning Rate 1x107%
Learning Rate Scheduler | Cosine Decay

Figure 7 illustrates the training convergence behavior of the
proposed model over the training epochs.
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Fig. 7: Training loss convergence during model training.

As shown in Figure 7, the training loss steadily decreases as
the number of epochs increases, indicating stable convergence
of the hybrid detection architecture.

The experimental configuration presented in this section es-
tablishes a comprehensive and reproducible evaluation frame-
work for underwater fish detection. By combining high-
performance GPU training with embedded device testing,
the experiments provide realistic insights into both model
accuracy and real-time deployment feasibility. The carefully
selected training parameters and optimized software environ-
ment enable efficient learning of underwater fish features while
maintaining computational efficiency required for practical
marine monitoring systems.

V. PERFORMANCE EVALUATION METRICS

A rigorous evaluation methodology is essential for as-
sessing the effectiveness of the proposed Hybrid YOLOv9-
RCNN framework for underwater fish detection. In underwater
environments, detection algorithms must satisfy two critical
requirements: high detection accuracy and real-time processing
capability. The presence of visual distortions, turbidity, and
variable illumination further complicates the evaluation pro-
cess, making it necessary to employ multiple complementary
performance indicators.

To obtain a comprehensive assessment of the proposed
detection framework, several widely accepted metrics in object
detection research were utilized. These include Precision,
Recall, F1 Score, Mean Average Precision (mAP), and Frames
Per Second (FPS). Each metric evaluates a different aspect of
detection performance, ranging from classification reliability
to computational efficiency. The evaluation experiments were
conducted using the test subsets of the Fish4Knowledge,
OBSEA, and custom underwater datasets described in the
previous section.

A. Precision

Precision measures the proportion of correctly detected fish
instances relative to the total number of detections produced by
the model. In underwater monitoring systems, high precision
is particularly important because false detections may lead to
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incorrect estimates of fish population density or behavioral
activity.

Mathematically, precision is defined as the ratio of true
positive detections to the sum of true positives and false
positives:

.. TP
Precision = ——— (D)
TP+FP

where TP represents the number of correctly detected fish
objects and FP denotes the number of incorrectly detected
objects. A higher precision value indicates that the detection

system produces fewer false alarms.
Figure 8 illustrates the observed improvement in detection
precision when the RCNN refinement stage is incorporated

into the YOLOVY detection pipeline.
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Fig. 8: Precision comparison between baseline YOLOvV9 and
the proposed hybrid model.

The results indicate that the hybrid framework improves
precision by refining object localization and eliminating am-
biguous detections.

B. Recall

Recall evaluates the ability of the detection model to identify
all relevant fish instances present in the dataset. In marine
ecological studies, high recall is essential because missed
detections may lead to underestimation of fish populations.

Recall is defined as:

TP
Recall = —— )
TP+ FN

where F'N represents the number of fish instances that were
not detected by the model. A higher recall value indicates
that the model successfully detects a larger proportion of fish
objects present in the images.

Underwater detection tasks often involve small or partially
occluded fish that are difficult to identify. The RCNN re-
finement module improves recall by re-evaluating candidate
bounding boxes generated by the YOLOV9 detector, enabling
better detection of overlapping or low-contrast fish.

C. FI Score

Although precision and recall provide valuable insights
individually, they must often be considered simultaneously
to obtain a balanced evaluation. The F1 Score represents the
harmonic mean of precision and recall and provides a single
performance measure that reflects both detection accuracy and
completeness.

The F1 Score is calculated as follows:

Fle2x Precz:szjon X Recall 3)
Precision + Recall

This metric is particularly useful for underwater detection
tasks where the model must maintain a balance between
minimizing false detections and avoiding missed fish instances.

Table VII presents a comparative analysis of detection
metrics for different model configurations evaluated in this
study.

TABLE VII: Comparison of detection metrics across different
models

Model Precision | Recall | F1 Score
YOLOV5 0.84 0.79 0.81
YOLOvVS 0.88 0.82 0.85
YOLOV9 0.90 0.85 0.87

Hybrid YOLOv9-RCNN 0.92 0.89 0.90

As shown in Table VII, the proposed hybrid architecture
achieves the highest F1 score among the evaluated models,
demonstrating its effectiveness in balancing detection accuracy
and completeness.

D. Mean Average Precision (mAP)

Mean Average Precision (mAP) is widely regarded as the
most comprehensive evaluation metric for object detection
models. It measures detection performance across different
confidence thresholds and object classes.

The average precision (AP) for each class is computed
from the precision—recall curve, and the mean value across all
classes is reported as mAP. In this study, mAP was calculated
using an Intersection over Union (IoU) threshold of 0.5, which
is commonly used in object detection benchmarks.

AreaOverlap

IoU = 4)

AreaUnion

The IoU metric measures the overlap between the predicted
bounding box and the ground truth annotation. A detection is
considered correct if the IoU exceeds the predefined threshold.

Figure 9 illustrates the improvement in mAP achieved by
the proposed hybrid detection framework.

The hybrid framework demonstrates the highest mAP value,
confirming the effectiveness of combining YOLOV9 detection
with RCNN-based refinement.
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Fig. 9: Mean Average Precision comparison across detection
models.

E. Frames Per Second (FPS)

While accuracy metrics are critical, real-time underwater
monitoring systems must also maintain sufficient processing
speed. Frames Per Second (FPS) measures the number of
image frames that can be processed by the detection system
within one second.

FPS is computed as:

Number of Processed Frames

FPS = ®)

Processing Time

Higher FPS values indicate faster inference performance and
are essential for applications such as underwater surveillance,
marine biodiversity monitoring, and aquaculture management.

Figure 10 illustrates the inference speed of different models
evaluated in this study.
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Fig. 10: Real-time inference speed comparison across detec-
tion models.

Although the hybrid YOLOvV9-RCNN framework intro-
duces an additional refinement stage, it maintains practical
real-time performance while significantly improving detection
accuracy.

The performance evaluation framework described in this
section provides a comprehensive assessment of the proposed
underwater fish detection system. By combining accuracy-
based metrics such as precision, recall, F1 score, and mean
average precision with computational efficiency metrics such

as FPS, the evaluation methodology ensures a balanced anal-
ysis of both detection reliability and real-time feasibility. This
multi-dimensional evaluation approach demonstrates that the
proposed hybrid architecture effectively improves localization
accuracy while maintaining sufficient processing speed for
practical underwater monitoring applications.

VI. RESULTS AND DISCUSSION

This section presents the experimental results obtained
from the evaluation of the proposed Hybrid YOLOvV9—RCNN
framework for underwater fish detection. The experiments
were designed to assess the detection accuracy, robustness
in visually degraded underwater environments, and compu-
tational efficiency of the proposed model. The results were
evaluated using the performance metrics described in the
previous section, including Precision, Recall, F1 Score, Mean
Average Precision (mAP), and Frames Per Second (FPS).

The experiments were conducted using the combined
Fish4Knowledge, OBSEA, and custom underwater datasets.
The dataset contains diverse marine environments including
coral reef scenes, coastal underwater observatory footage,
and real-world underwater recordings. These datasets present
significant challenges for detection algorithms due to varying
lighting conditions, water turbidity, background clutter, and
fish occlusions. The results obtained from the experiments
demonstrate that the hybrid detection framework significantly
improves detection accuracy while maintaining real-time pro-
cessing capability.

A. Quantitative Results

The quantitative evaluation focuses on comparing the pro-
posed model with widely used object detection frameworks
including YOLOVS and Faster R-CNN. These models were
selected as baseline methods because they represent strong
benchmarks in single-stage and two-stage detection architec-
tures respectively.

Table VIII summarizes the performance comparison across
different models using the evaluation metrics described earlier.

TABLE VIII: Quantitative performance comparison of detec-
tion models

Model mAP | Precision | Recall | FPS
YOLOVS 0.86 0.88 0.82 60
Faster R-CNN 0.88 0.89 0.85 22
Proposed Hybrid | 0.92 0.93 0.90 48

The results indicate that the proposed hybrid architecture
achieves the highest detection accuracy among the evaluated
models. In particular, the hybrid model achieves a mean aver-
age precision of 0.92, which represents a significant improve-
ment over both YOLOvVS and Faster R-CNN. The precision
value of 0.93 demonstrates that the model produces fewer
false detections, while the recall value of 0.90 indicates that
the model successfully identifies most fish instances present
in the underwater images.

Although Faster R-CNN achieves relatively high detection
accuracy, its computational cost results in significantly lower
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inference speed. The hybrid YOLOv9-RCNN model main-
tains an inference speed of 48 FPS, which remains suitable
for real-time underwater monitoring systems.

To further illustrate the performance differences, Figure 11
presents a graphical comparison of the detection accuracy
metrics.
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Fig. 11: Detection accuracy comparison across different mod-
els.

The graphical analysis confirms that the proposed hybrid
framework consistently outperforms the baseline methods
across all accuracy metrics.

B. Detection Performance in Challenging Conditions

Underwater environments present several visual challenges
that significantly affect object detection performance. These
include water turbidity, low illumination, motion blur, and
partial occlusion among fish individuals. The proposed hybrid
architecture was specifically designed to address these issues
by integrating YOLOV9 detection with RCNN-based refine-
ment.

In turbid underwater environments, suspended particles scat-
ter light and reduce image contrast. As a result, fish boundaries
often appear blurred or partially obscured. The preprocessing
pipeline described earlier enhances image clarity through
color correction and dehazing operations, which improves the
quality of feature extraction during detection. Experimental
results indicate that the hybrid framework maintains stable
detection accuracy even in moderately turbid conditions.

Another important challenge in underwater monitoring is
the detection of small fish that appear far from the camera or
occupy only a small number of pixels in the image. YOLO-
based detectors often struggle with such cases because small
objects are easily lost during downsampling operations in
deep convolutional layers. In the proposed framework, the
RCNN refinement stage improves the localization of small
fish by performing region-level feature analysis on candidate
bounding boxes generated by YOLOV9.

Occlusion among fish individuals is also common in densely
populated marine environments. When fish overlap or swim
in groups, bounding boxes generated by single-stage detectors
may merge multiple objects into a single detection. The RCNN
refinement stage helps separate overlapping detections by
performing additional region-level classification and bounding
box regression.

Figure 12 illustrates the detection accuracy under different
underwater conditions.
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Fig. 12: Detection performance under different underwater
conditions.

The results demonstrate that the proposed detection system
remains robust even in challenging underwater scenarios.

C. Computational Performance

In addition to detection accuracy, computational efficiency
is a critical factor for practical deployment of underwater
monitoring systems. Real-time fish detection is particularly
important for applications such as marine ecosystem obser-
vation, aquaculture monitoring, and underwater robotics.

The computational performance of the proposed model
was evaluated by measuring inference latency and frames
per second across different hardware platforms. The results
indicate that the hybrid YOLOv9-RCNN framework achieves
a balanced trade-off between detection accuracy and inference
speed.

Figure 13 illustrates the average inference latency of differ-
ent detection models.

Although the hybrid model introduces an additional RCNN
refinement stage, the latency increase remains moderate com-
pared to Faster R-CNN. The system still maintains real-
time performance exceeding 40 FPS on GPU hardware and
approximately 25 FPS on embedded edge devices such as
NVIDIA Jetson Nano.

These results demonstrate that the proposed architecture is
suitable for deployment in real-time underwater monitoring
systems.
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Fig. 13: Inference latency comparison between detection mod-
els.

D. Comparative Analysis

To further evaluate the effectiveness of the proposed model,
a comparative analysis was performed against several state-
of-the-art object detection algorithms including YOLOV7,
YOLOVS, Faster R-CNN, and EfficientDet.

Figure 14 presents a comparison of detection accuracy
across these models.
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Fig. 14: Mean Average Precision comparison across detection
models.

The results indicate that the proposed hybrid architecture
consistently achieves superior detection accuracy compared to
existing models. This improvement can be attributed to the
complementary strengths of YOLOv9 and RCNN architec-
tures. YOLOV9 provides efficient initial object detection, while
the RCNN module enhances localization accuracy through
region-based refinement.

E. Discussion

The experimental results confirm that the proposed Hybrid
YOLOV9-RCNN framework effectively addresses the major
challenges associated with underwater fish detection. The
integration of a fast single-stage detector with a region-based
refinement module allows the system to achieve both high
detection accuracy and real-time processing capability.

The results also highlight the importance of incorporating
preprocessing techniques and attention mechanisms to im-
prove feature representation in visually degraded underwa-
ter environments. Furthermore, the deployment experiments
demonstrate that the optimized model can operate efficiently
on embedded hardware platforms, enabling practical real-time
marine monitoring applications.

The results presented in this section demonstrate that the
proposed hybrid detection architecture significantly improves
underwater fish detection performance compared to existing
deep learning models. By achieving higher detection accuracy
while maintaining real-time inference capability, the proposed
framework provides a reliable solution for automated marine
monitoring systems operating in challenging underwater envi-
ronments.

VII. APPLICATIONS

The proposed Hybrid YOLOvV9-RCNN framework provides
a reliable and efficient solution for automated underwater fish
detection and monitoring. Owing to its ability to maintain high
detection accuracy while operating in real-time, the framework
can be deployed across several marine monitoring and resource
management applications. These applications span aquaculture
operations, ecological research, fisheries regulation, and mar-
itime surveillance systems.

A. Aquaculture Monitoring

Modern aquaculture facilities increasingly rely on intelligent
monitoring systems to optimize fish health, feeding efficiency,
and stock management. The proposed detection framework
can be integrated with underwater cameras deployed in fish
farms to perform automated fish counting and behavioral
analysis. Real-time detection allows continuous observation of
fish movement and feeding patterns, enabling farm operators
to adjust feeding schedules and environmental parameters
accordingly.

By accurately detecting fish individuals even in dense
or partially occluded environments, the system can provide
reliable estimates of fish population density within aqua-
culture cages. This capability improves production planning
and reduces manual monitoring efforts. Figure 15 illustrates
a conceptual trend of monitoring efficiency improvements
enabled by automated detection systems.

B. Marine Ecosystem Research

Marine scientists frequently conduct long-term ecological
studies to understand species diversity, migration patterns,
and behavioral interactions within underwater ecosystems.
Traditional monitoring approaches require manual annotation
of large volumes of underwater video data, which is both time-
consuming and prone to human error.

The proposed detection framework enables automated bio-
diversity monitoring by identifying and counting fish species
across large underwater datasets. Continuous monitoring al-
lows researchers to track population dynamics and behavioral
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Fig. 15: Improvement in aquaculture monitoring efficiency
using Al-based detection systems.

changes over time. When integrated with underwater obser-
vatory systems such as OBSEA, the framework can support
large-scale ecological analysis by processing real-time video
streams from fixed underwater monitoring stations.

C. Fisheries Management

Accurate fish population estimates are essential for sustain-
able fisheries management and policy development. Overfish-
ing and unregulated harvesting practices have contributed to
declining fish stocks in many marine ecosystems. Automated
detection systems can assist fisheries authorities by providing
reliable estimates of fish abundance and distribution patterns.

The proposed hybrid detection model can analyze un-
derwater survey footage and generate statistical information
regarding species density and spatial distribution. These in-
sights can assist regulatory agencies in determining sustainable
harvesting limits and evaluating the effectiveness of marine
conservation measures. Table IX summarizes the potential
benefits of Al-based fish detection for fisheries management.

TABLE IX: Benefits of automated fish detection in fisheries
management

Benefit
Accurate population measurement
Identification of high-density regions
Data-driven harvesting policies

Application
Stock Estimation
Habitat Monitoring
Resource Planning

D. lllegal Fishing Detection

Illegal, unreported, and unregulated fishing activities pose
a significant threat to marine biodiversity and sustainable
fisheries management. Conventional monitoring methods often
rely on manual surveillance or vessel tracking systems, which
may fail to detect unauthorized fishing activities in remote
marine regions.

The proposed detection framework can be integrated into
autonomous underwater vehicles (AUVs) or remotely operated
vehicles (ROVs) to enable real-time marine surveillance. By
continuously monitoring underwater video streams, the system
can detect abnormal fish harvesting patterns or suspicious
activity near protected marine areas. Automated detection can

therefore support early warning systems designed to prevent
illegal fishing operations.

The application domains described above demonstrate the
practical relevance of the proposed Hybrid YOLOV9—RCNN
detection framework. By enabling accurate and real-time fish
detection under challenging underwater conditions, the system
provides valuable support for aquaculture optimization, eco-
logical research, fisheries management, and maritime security.
These capabilities highlight the potential of intelligent com-
puter vision systems to transform modern marine monitoring
and conservation strategies.

VIII. CONCLUSION

This research presented a Hybrid YOLOv9-RCNN frame-
work designed for accurate and real-time underwater fish de-
tection in visually degraded marine environments. Underwater
monitoring systems frequently encounter challenges such as
low illumination, water turbidity, color attenuation, and com-
plex background structures. These factors often degrade the
performance of conventional object detection algorithms. To
address these limitations, the proposed framework integrates
the fast inference capability of YOLOvV9 with the precise
region-based localization provided by RCNN refinement. The
hybrid architecture enables efficient detection of fish instances
while simultaneously improving bounding box accuracy in
complex underwater scenes.

The study utilized multiple underwater datasets, including
the Fish4Knowledge dataset, the OBSEA underwater obser-
vatory recordings, and a custom underwater video collection.
These datasets provided diverse environmental conditions and
species distributions, allowing the model to learn robust vi-
sual features representative of real-world marine ecosystems.
A dedicated preprocessing pipeline incorporating underwater
color correction, dehazing, and super-resolution enhancement
was also introduced to improve visual feature extraction before
the detection stage.

Experimental evaluation demonstrated that the proposed hy-
brid model achieves superior detection performance compared
with widely used baseline models such as YOLOv7, YOLOVS,
Faster R-CNN, and EfficientDet. Quantitative results showed
that the proposed framework achieves a mean average pre-
cision exceeding 0.92 while maintaining a precision value
above 0.93 and recall close to 0.90. These improvements
highlight the effectiveness of combining a single-stage detector
with a region-based refinement module for underwater object
detection tasks.

In addition to improved detection accuracy, the system
maintains practical real-time processing capability. The hy-
brid model achieves inference speeds approaching 48 frames
per second on high-performance GPU hardware and remains
operational on edge computing devices such as NVIDIA
Jetson Nano and Raspberry Pi platforms. This computational
efficiency makes the proposed framework suitable for real-
world underwater monitoring systems where continuous video
analysis is required.
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Overall, the proposed Hybrid YOLOvV9-RCNN detection
architecture provides a reliable solution for automated fish
detection in challenging underwater environments. By achiev-
ing both high detection accuracy and real-time inference
capability, the framework contributes to the advancement of
intelligent marine monitoring systems. The proposed approach
has the potential to support applications in aquaculture man-
agement, biodiversity assessment, fisheries resource monitor-
ing, and marine ecosystem conservation.

IX. FUTURE WORK

Although the proposed Hybrid YOLOv9-RCNN framework
demonstrates strong performance for real-time underwater
fish detection, several promising research directions remain
open for further improvement and broader deployment. Future
developments will focus on enhancing sensing capabilities,
improving model learning strategies, and extending the system
toward comprehensive marine monitoring applications.

One important direction involves the integration of mul-
timodal sensing technologies. Underwater environments fre-
quently suffer from limited visibility caused by turbidity, sus-
pended particles, and light absorption. While optical imaging
systems provide detailed visual information, their effectiveness
may decrease significantly in highly turbid waters. Combining
vision-based detection with acoustic sensing methods such as
imaging sonar or forward-looking sonar can provide comple-
mentary environmental information. A multimodal detection
framework that fuses sonar and visual features could improve
detection reliability in extreme underwater conditions where
optical cameras alone are insufficient.

Another potential extension of this research is the incor-
poration of fish tracking and behavior analysis. The current
framework focuses primarily on object detection in individual
image frames. However, continuous underwater video streams
contain valuable temporal information that can be used to
study fish movement patterns, schooling behavior, and habitat
utilization. Integrating multi-object tracking algorithms with
the proposed detection model would enable persistent identi-
fication of individual fish across consecutive frames. Such a
system could support ecological studies that analyze migration
patterns, feeding activities, and predator-prey interactions in
marine ecosystems.

Future work may also explore semi-supervised and self-
supervised learning approaches to reduce the dependence on
large manually annotated datasets. Labeling underwater im-
agery is a labor-intensive task that often requires expert knowl-
edge of marine species. Semi-supervised learning methods can
leverage large volumes of unlabeled underwater video data
to improve model generalization while minimizing annotation
effort. Techniques such as pseudo-labeling, contrastive rep-
resentation learning, and teacher—student training frameworks
may be particularly useful for expanding underwater detection
models with limited labeled data.

Furthermore, the development of larger and more diverse
marine datasets will play an essential role in advancing
underwater object detection research. Existing datasets such

as Fish4Knowledge and OBSEA provide valuable resources;
however, they represent only a subset of the ecological di-
versity present in global marine environments. Future datasets
should include greater variability in species types, environmen-
tal conditions, camera perspectives, and geographic regions.
Expanding dataset diversity would allow detection models to
generalize more effectively to previously unseen underwater
scenarios.

In summary, future research will focus on expanding the ca-
pabilities of the proposed detection system through multimodal
sensing integration, advanced tracking and behavior analysis,
semi-supervised learning strategies, and the development of
larger marine datasets. These directions will further enhance
the robustness and applicability of intelligent underwater mon-
itoring systems, ultimately supporting more effective marine
ecosystem observation and conservation.
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