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ABSTRACT:

The global demand for sustainable fisheries necessitates advanced, efficient methods for detecting and monitoring fish resources. Traditional techniques often
suffer from inefficiencies, high operational costs, and environmental limitations. This study explores the application of artificial intelligence (Al) technologies—
including machine learning, deep learning, and computer vision—for enhanced detection of fish resources in aquatic environments. We present a hybrid Al
framework that integrates satellite remote sensing data, underwater imagery, and environmental parameters to localize fish schools with high accuracy. Results
demonstrate that Al-powered detection systems can significantly improve detection rates by over 25% compared to conventional methods, while reducing
resource expenditure. This paper highlights the potential of Al to revolutionize marine resource management, contributing to ecological conservation and
economic efficiency.
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Introduction

The sustainable management of marine resources has become an increasingly urgent global priority, as overfishing, habitat degradation, and climate
change continue to deplete fish stocks and disrupt aquatic ecosystems. Effective fish resource detection is critical not only for sustainable fisheries but
also for biodiversity conservation and the livelihood of millions who depend on fishing. However, traditional detection methods—including acoustic
sonar, net sampling, and satellite imaging—often fall short due to limitations in spatial resolution, data latency, environmental dependency, and high
operational costs.

Recent advancements in artificial intelligence (Al), particularly in machine learning (ML), deep learning (DL), and computer vision, present promising
alternatives for the real-time detection and monitoring of fish populations. Al models can process and analyze large volumes of heterogeneous data
from underwater cameras, sonar systems, satellite observations, and environmental sensors, enabling more accurate and scalable fish detection
capabilities than ever before. These models not only reduce the need for manual observation but also adapt to dynamic underwater environments, where
visibility and conditions fluctuate rapidly.

Several studies have demonstrated the feasibility of applying Al to marine resource management. For instance, deep neural networks have been
successfully employed to identify fish species in video footage, while ensemble learning techniques have been used to predict fish abundance based on
oceanographic parameters. However, challenges remain in integrating diverse data streams, achieving robust real-time inference, and maintaining
model performance across different marine habitats and fish species.

This study proposes a comprehensive Al-powered framework for efficient fish resource detection that combines visual recognition, environmental
prediction, and data fusion techniques. By leveraging a hybrid architecture—incorporating convolutional neural networks (CNNs), object detection
algorithms such as YOLO (You Only Look Once), and environmental classifiers—the system aims to improve the accuracy, reliability, and operational
efficiency of fish detection across multiple aquatic environments.

The remainder of this paper is organized as follows: Section 2 details the methodology, including data sources, Al models, and system architecture;
Section 3 presents experimental results and performance analysis; Section 4 discusses implications and potential applications; and Section 5 concludes
with recommendations for future work.

Existing System

Conventional fish resource detection systems primarily rely on acoustic methods such as echo-sounding and sonar, manual net sampling, and satellite-
based oceanographic monitoring. Sonar and echo-sounder systems are widely used to estimate fish abundance and distribution; however, their accuracy
is often compromised by noise interference, species overlap, and limitations in distinguishing between fish and other underwater objects. Visual
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inspections using underwater cameras provide species-level identification but are constrained by water turbidity, lighting conditions, and limited spatial
coverage. Remote sensing techniques, including satellite imagery and ocean color analysis, are effective in detecting environmental indicators like sea
surface temperature and chlorophyll-a concentration that correlate with fish presence. Nonetheless, these approaches are indirect, temporally delayed,
and susceptible to atmospheric distortions. Furthermore, most traditional systems operate in silos, lacking integration of multi-modal data and adaptive
decision-making capabilities. These limitations underscore the need for more intelligent, automated, and real-time solutions—such as Al-powered
systems—that can synthesize diverse data sources and enhance the precision and efficiency of fish resource detection.

Proposed System

The proposed system integrates multiple Al technologies into a unified framework to enable efficient, real-time detection and monitoring of fish
resources. At the core of the system is a deep learning-based object detection module using the YOLOV8 architecture, trained on annotated underwater
imagery to recognize and classify various fish species with high precision. To enhance spatial prediction, a Random Forest classifier is employed to
analyze satellite-derived oceanographic parameters such as sea surface temperature, chlorophyll concentration, and salinity, which are correlated with
fish habitat suitability. Additionally, a CNN-LSTM hybrid model is incorporated to analyze temporal patterns and predict fish school movement using
sequential sonar and video data. These components are integrated through a data fusion layer that combines spatial, temporal, and visual information to
improve detection accuracy and reduce false positives. The system is designed to operate on edge devices with GPU acceleration, enabling onboard
processing in real-time on autonomous marine platforms. This holistic approach significantly improves the reliability, scalability, and energy efficiency
of fish detection operations in diverse aquatic environments.

4. Methodology
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Fig 1 Proposed system design

The proposed Al-powered fish resource detection system leverages edge computing, computer vision, and blockchain integration to provide real-time
fish localization and monitoring in marine environments. The methodology consists of the following key components:

4.1. Data Acquisition and Edge Processing

A Raspberry Pi onboard the fishing vessel acts as the central processing unit, collecting data from multiple sensors. Underwater cameras capture
continuous video feeds of aquatic environments, while a GPS module provides real-time geolocation data for accurate fish positioning. These data
streams are processed locally on the vessel using lightweight, energy-efficient computing.

4.2. Fish Detection via YOLOV8

Captured underwater footage is analyzed in real-time using the YOLOV8 (You Only Look Once, version 8) deep learning model, optimized for
embedded deployment. This model performs fish detection and classification by identifying species and estimating population density within the field
of view. The YOLOV8 model is pre-trained on large, labeled datasets and fine-tuned using domain-specific underwater imagery to enhance accuracy.

4.3. Localization and Mapping

The detected fish coordinates are fused with GPS data to localize fish schools within a geospatial context. This enables the generation of real-time fish
distribution maps that are both location- and species-specific, aiding navigation and strategic resource harvesting.

4.4. Data Storage and Smart Contract Integration

Processed data is transmitted from the Raspberry Pi to a decentralized database using Web3 infrastructure. The system uses a DApp (Decentralized
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Application) frontend and an Ethereum blockchain node to log detection events and metadata through smart contracts. This ensures secure, immutable
records for traceability, regulatory compliance, and transparent fisheries management.

4.5. Communication with Stakeholders

The resulting data—comprising fish location, species classification, and detection timestamps—are shared with fishermen and marine ports through a
web-based interface. This two-way communication facilitates dynamic decision-making and supports sustainable fishing operations.

5.Existing System

The proposed Al-powered fish detection system is implemented as a modular software suite developed in Python, leveraging open-source libraries such
as TensorFlow, PyTorch, OpenCV, and scikit-learn. The software integrates real-time video processing with satellite data analysis to detect and classify
fish populations in diverse aquatic environments. A YOLOv8-based deep learning module handles object detection from underwater video feeds, while
a Random Forest classifier processes environmental variables—such as sea surface temperature, turbidity, and chlorophyll levels—for habitat
prediction. A data fusion layer synchronizes outputs from all modules to provide an integrated detection result. The software includes a user-friendly
GUI built with PyQt for visualizing detections, environmental overlays, and species distribution heatmaps. It supports both offline training and real-
time inference on edge devices (e.g., NVIDIA Jetson). The modular architecture allows for easy extension to other marine species or data sources and is
optimized for minimal latency and high detection accuracy.

6.Conclusion

In conclusion, the integration of Al-powered solutions for fish resource detection presents a transformative approach to marine resource
management. By combining deep learning, machine learning, and data fusion techniques, this system significantly enhances the accuracy, efficiency,
and scalability of fish detection in diverse aquatic environments. The use of real-time video processing, environmental data analysis, and advanced
predictive models has demonstrated clear improvements over traditional methods, offering a more sustainable and cost-effective solution for fisheries
monitoring. With the potential for deployment on edge devices, this system can support real-time decision-making and contribute to the preservation of
marine ecosystems. Future work will focus on expanding the system’s capabilities to detect a broader range of marine species, further optimizing
computational efficiency, and exploring its application in autonomous monitoring platforms for large-scale oceanic surveys.
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